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Introduction 
The low-volatility anomaly, also known as the volatility effect or the low-risk anomaly, is a 
phenomenon that consists in the fact that stocks having a low volatility consistently outperform 
high-volatility stocks. Overtime, several studies reveal indeed that stocks with low volatility 
have greater performance than high-volatility stocks. This anomaly is challenging the capital 
asset pricing model (CAPM), quoting that there is a positive relationship between risk and 
returns. This relationship is however hard to find empirically, as Black (1972) already found 
out that low risk (low beta) stocks have good performance in comparison with high risk stocks 
(high beta). 
This thesis has for goal to study the low-volatility anomaly in a sample of large US 
capitalization, for a period of 22 years (from 1994 to 2015). More precisely, I will first provide 
evidence of the low-volatility anomaly in this sample. Then, I will focus on several explanatory 
effects that could cause the low-volatility anomaly. Among those effects, those studied will be 
first the effects of co-moments on the volatility effect (coskewness and cokurtosis). After that, 
I will discuss different effects that could also explain the low-volatility anomaly such as a high 
dividend yield, high operating performance or low investments. 
Several studies verify empirically the low-volatility anomaly. Low-volatility stocks have 
empirically higher risk-adjusted returns than high-volatility stocks. In other words, the Sharpe 
ratio is greater for low-volatility firms. The study of Blitz and Van Vliet (2007) and Baker, 
Bradley and Wurgler (2011) for example, show that stock with a low-volatility (small variance) 
have a better performance than high-volatility stocks in the US stock market over extensive 
periods of time. Baker, Bradley and Wurgler proves the existence of the volatility effect over a 
period of 41 years. 
Ang et al (2009) also found that stocks with high idiosyncratic volatility, calculated as the 
variance of the residuals in a Fama-French regression, have bad performance whereas stocks 
with low idiosyncratic volatility perform well. 
It is also worth noticing that the low-volatility anomaly is also an effect that is not restricted to 
the US market. Indeed, this effect appears in lots of different markets. A study of Blitz, Pang 
and Van Vliet (2013) reveals that the outperformance of low-volatility stocks with regard to 
high-volatility stocks is present in developed countries as well as in emerging countries. 
Similarly, Dutt and Humphery-Jenner (2014) find a volatility effect outside North America, in 
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emerging market, such as in Europe, but also in emerging markets such as Asia or Latin 
America. 
It may be mentioned that the low-volatility anomaly is a distinct effect from the size, value or 
momentum effect. Although the volatility effect is not neutral to those effect (it has a correlation 
different from 0 with the 3 of them), one of those effect cannot explain all of the low-volatility 
anomaly. Hence, the outperformance of the low-volatility anomaly does not capture the 
premium of one individual effect (Blitz & Van Vliet, 2007). 
Several explanations are given to the low-volatility anomaly by the literature. Those 
explanations are linked to behavioural finance, some constraints on short-selling and leverage 
or some characteristic that are proper to a firm such as its operating performance or its dividend-
yield. 
Behavioural finance is one explanation that is considered by many authors to be a cause of the 
low-volatility anomaly. It seems indeed that the low-volatility anomaly is due to the fact that 
high-volatility stocks are overpriced in comparison to low-volatility stocks. There is due an 
excessive demand for high volatility stocks that can be explained by behavioural finance. For 
example, representativeness or overconfidence can trigger the volatility effect by causing a 
greater demand for high-volatility stocks. 
Representativeness can be seen as the fact to extrapolate the outcome of an event A to another 
event B having similarities. For example, high-technology stocks can be seen as successful 
because people associate stocks from those sector (that are volatile stocks), with Apple or 
Google. By doing so, they forget the high rate of failures of those stocks and can be attracted to 
stocks from the high-technology sectors by thinking that it will be the next Apple. 
Overconfidence can be defined as the fact for people to see themselves as better than average. 
An investor who is overconfident will describe himself as a better investor than the average and 
can be driven towards high-volatility stocks because of his willingness to prove that he is better 
at stock-picking than others. 
Other biases that can explain the low-volatility anomaly are mental accounting and realization 
utility. Mental accounting refers to the fact that investors think of an investment as a way to 
avoid poverty or a shot at becoming rich. Investors wanting to get a chance to richness will be 
attracted towards high-volatility stocks, as they could achieve extreme returns thanks to those 
stocks. Realization utility (Barberis & Xiong, 2012), refers to the fact that individuals derive 
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their utility from realized loss and gain. An extreme realized gain, will increase significantly 
their utility while an extreme loss will make their utility fall significantly. Investors could be 
attracted to high-volatility stocks because it would provide great realized returns. If a loss 
occurs, the investors will not sell the stock, which means that the loss will not be realized. This 
will prevent utility from diminishing, as the loss will not be realized and can be postponed to 
the future. 
Another important features for the low-volatility anomaly is the fact that investors might also 
care about higher moment than the variance.  Indeed, skewness and kurtosis can also play a role 
in the performance of stocks. More precisely, an investor could prefer high-volatility stock 
because it has a higher coskewness with the market portfolio or a lower cokurtosis than low-
volatility stocks. Investors might prefer those kind of stocks, as they are loss averse. A stock 
having a positive coskweness with a portfolio (increase of the portfolio’s skewness) should 
reduce its expected returns. Besides, a stock that reduces the portfolio skewness should 
command higher expected returns, as the risk taken will be higher when the skewness is low. 
Similarly, investors prefer stocks that lower the kurtosis of a portfolio (low cokurtosis) and 
higher expected returns should be required when a stock increase the portfolio’s kurtosis (high 
cokurtosis).  
As a result, high-volatility stocks might have a high coskewness while low-volatility stocks 
may also have a low coskewness, which would explain the difference in expected returns 
between stock with low and high volatility. Equivalently, high volatility stocks might as well 
have a low cokurtosis with the market portfolio and low-volatility stocks a higher cokurtosis. 
Higher moment can thus play a role on the low-volatility anomaly. In my study, I tested this 
hypothesis of a preference for higher coskewness and lower cokurtosis. I found little evidence 
that those higher moments played a role on the low-volatility anomaly.  
Other hypothesises of the low-volatility anomaly lie on some personal features of low and high-
volatility firms and on the fact that arbitrage for this anomaly is not feasible, nor desired, from 
institutional investors. 
Some characteristics of low-volatility firms can generate the volatility effect. Among those risk 
factors, three will be discussed: operating performance, investment and dividend yield. It is 
possible that firms with a high operating performance, low investment or providing a high 
dividend-yield are low-volatility firms whereas high-volatility firms are more linked to firms 
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having a low operating profitability, with lots of investment and granting a low dividend yield 
(or no dividend at all).  
Fama and French (2015) discussed a five-factor model comprising 2 additional risk factors to 
their three-factor model: an operating profitability factor and an investment factor. Those 
factors were thus added to the size and value factors (momentum is not taken into account in 
their five-factor model). Firms having a high operating profitability outperform companies with 
low operating profitability. In the same way, firms with high investment underperform firms 
following a conservative investment strategy. Hence the volatility effect can be driven by those 
two risk factors: low-volatility firms will be firms with robust operating performance and a 
conservative investment strategy. On the contrary, high-volatility firms could be linked to firms 
with weak operating profitability and having an aggressive investment strategy.  
Additionally, stocks with low-volatility can also be stocks with high-dividend yield while high-
volatility stocks provide a low-dividend yield. It is thus possible that characteristics of high-
dividend yield firms have an impact on their volatility and make them less volatile. One reason 
could be that high-dividend yield firms tend to be mature and stable firms that are thus less 
volatile while low-volatility could be connected with younger and growth-driven firms, that 
don’t offer any dividend. 
I tested those three risk factors in addition to the four-factor model (Carhart,1997) and found 
out that four factors can drive the low-volatility anomaly: size, momentum, operating 
profitability and dividend yield. I found out that a portfolio of stocks having a long position in 
low-volatility stocks and selling short high-volatility stocks has a negative exposure to the size 
factor and a positive exposure to the momentum, operating profitability and dividend-yield 
factors.  
Hence, low-volatility stocks can be associated with large capitalizations, winning stocks, strong 
operating profitability and high-dividend yield. High-volatility stocks are small capitalizations, 
loser stocks, with weak operating profitability and low-dividend yield. Low-volatility firms are 
thus mature and more stable, and has consistent returns while high-volatility firms are more 
oriented to fast growth have more unstable outcome in their stock returns.  
Other factors that can explain the persistency of the low-volatility anomaly and the fact that this 
effect is not arbitraged are: short-selling and leverage constraints, benchmarking and inefficient 
practices from the fund industry. 
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Constraint on short-selling and leverage influence the low-volatility anomaly. Indeed, as some 
constraints exists on short-selling, investors cannot beneficiate from the low-volatility anomaly 
by taking a short position on high-volatility stocks. Leverage also prevent investors that want 
high volatility from using portfolios on the capital market line as their portfolio. Those investors 
are thus driven towards high-volatility stocks in order to get more volatility. Baker, Bradley and 
Wurgler (2011) argue that benchmarking is also a reason for the low-volatility anomaly to 
subsist, as overweighting low-volatility stocks or underweighting high-volatility stocks would 
improve the tracking error and decrease the information ratio. 
Inefficient practices from the fund relate to fund managers’ compensation, stock allocation 
issues and the relation between a fund manager and his clients. First, a fund manager can be 
attracted to high-volatility stocks, as those stocks could enhance his performance so that he can 
get a higher bonus. Secondly, managers that want to advance their careers can also be attracted 
to high-volatility stocks in order to make a case and impress their colleagues and clients in case 
those stocks have extreme positive returns. Then, not taking high-volatility stocks can be seen 
as a professional mistake or a lack of skills from a fund’s clients. 
After this introduction, the next part is dedicated to the literature review of the low-volatility 
anomaly in details. The following part is analysing some explanations of the volatility effect. 
In this thesis, I focus on some explanations: the preference for higher moments and the own 
characteristics of the firms in order to explain the outperformance of low-volatility stocks 
compared to high-volatility stocks. To do so, I used a sample of US large capitalizations stocks 
for a period going from 1994 to 2015. By using this sample of 22 years, I first analyse whether 
low-volatility stocks have greater performance than high-volatility stocks. I then check some 
explanations that are linked to higher moments and firms features (operating profitability, 
investment, dividend yield). 
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Part I : Literature review 
1 - The low-volatility anomaly and the CAPM 
The CAPM estimates the expected return of a stock as a linear function of its market beta. This 
function was defined as positively linear, meaning that the higher the beta of a stock, the higher 
its expected return. This model was challenged by different research findings revealing that the 
CAPM had some flaws (Black, 1972). Empirically, it was found out that low beta stocks have 
higher returns than the expected returns given by the CAPM. The relationship between expected 
returns and beta was described by many studies as flat or even negative. 
According to the CAPM, there should be a positive relationship between the expected returns 
and the volatility of a stock. Indeed, the only way for an investor to improve the expected returns 
is by bearing more risks. However, several studies have shown that the relation between risk 
(measured by volatility) and returns is flat or even negative over the long term. In other words, 
low-volatility stocks seem to yield greater return than high-volatility stocks. This effect is 
known as the low-volatility anomaly, the volatility effect or the low-risk anomaly. 
Different studies were performed on several markets to prove the existence of the low-volatility 
anomaly. For example, Baker, Bradley and Wrugler (2011) examine the outperformance of low-
volatility stocks on the U.S. market compared to high-volatility stocks over a period of 41 years 
(from 1968 to 2008). In their study, they first construct quintile portfolios based on volatility: 
stocks are classified in different portfolios based on their volatility level. Those portfolios were 
rebalanced monthly.   
They observed that a portfolio composed of low-volatility stocks (quintile of stocks with the 
lowest volatility) outperformed consistently a portfolio of high-volatility stocks. Other studies 
made by Bitz and Van Vliet (2007) and Ang et al. (2009) confirm the fact that high-volatility 
stocks have low average returns. More specifically, Ang et al. find that high idiosyncratic 
volatility can be linked to lower returns. 
Hence, this anomaly is challenging the CAPM. On the basis of those results, it seems that the 
higher the volatility, the lower the expected returns. The literature explains this phenomenon 
based on behavioural finance, the fact that institutional investors don’t use arbitrage strategies 
and on some characteristic specific to companies with low volatility in their stock returns. 
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2-Behaviour of the Low Volatility Anomaly 
According to the low-volatility anomaly, low-volatility stocks seem to produce higher returns 
than more volatile stocks. Baker, Bradley and Wrugler (2011) notice that, over a period of 41 
years (January 1968 to December 2008), a portfolio composed of low-volatility stocks would 
have grown from $1 to $59.55 (disregarding inflation) while a portfolio composed of high-
volatility stocks would have decreased from $1 to $0.58. 
Moreover, after removing small firms from the analysis, they found that low-volatility stocks 
still outperform high-volatility stocks, thereby proving that the low-volatility effect was not 
only an anomaly due to small firms. However, they acknowledge that mispricings are stronger 
when smaller firms are taken into account. 
In addition, it seems that the low-volatility anomaly is consistent over time, and gets even 
stronger. Blitz and Van Vliet (2007) analyse the low-volatility effect over a period of twenty 
years (from 1986 to 2006) and observe that low-volatility stocks in the US, European and 
Japanese markets earn better risk-adjusted returns than high-volatility stocks.  
They observe that over two periods of ten years (1986 to 1995 and 1996 to 2005), the Sharpe 
ratio is the highest for portfolios containing low-volatility stocks. Furthermore, the estimated 
alpha from a regression on the returns of low-volatility stock against the excess market returns 
is also the highest for those two periods. The effect is not diminishing as time is passing by, as 
the alpha and the Sharpe ratios are higher in the second period of time. The volatility effect 
seems thus consistent through time. 
Blitz and Van Vliet (2007) found out that the volatility effect was also a global effect. They 
analysed the returns of the stocks constituting the FTSE World Developed Index over a 20-year 
period (December 1985 to January 2006). This index, used as a proxy of the stock universe, has 
a number of stocks varying between 1500 and 2400 over time. 
Based on their global results, the top decile portfolio, containing low-volatility stocks and which 
is rebalanced every month, yields above average returns while the portfolio of high-volatility 
stocks gets below average returns. In their studies, Blitz and Van Vliet reveal that some other 
decile portfolios, with stocks having a higher volatility have higher average returns. However, 
the Sharpe ratio, which measures the level of returns adjusted to risk is the highest for the low-
volatility portfolio. By doing a regression for each portfolio, they also observe that the low-
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volatility portfolio gets a higher alpha with a low beta. Hence, it is possible to say that the low-
volatility anomaly exists at a global level. 
It is possible however that the low-volatility anomaly at a global level is driven by one country. 
For example, the low-volatility portfolio could contain stocks from the United States only, 
which would indicate that the anomaly does not exist for other markets and thus not at a global 
level. Blitz and Van Vliet also study the low-volatility anomaly in three different markets: the 
U.S., the European and the Japanese market. As a result, they discover the same elements as in 
their global analysis: for each market, the low-volatility portfolio obtains the highest Sharpe 
ratios, better average returns than the highest volatility portfolio and a high alpha and low beta 
for a CAPM regression.  
Although the object of this study will be an analysis of the low-volatility anomaly on the U.S. 
stock market, it is thus worth noting that the low-volatility anomaly is also geographically 
consistent regardless of the locations of the stocks analysed. Indeed, the volatility effect is  
Blitz, Pang and Van Vliet (2013) also examine the low-volatility anomaly for stocks from the 
Investable Emerging Markets Index. They observe that a portfolio composed of stocks with the 
lowest volatility outperforms a high-volatility portfolio. The low-volatility anomaly is an 
anomaly appearing in several markets, and does not depend on a country or a market. The low 
volatility is thus robust among countries and cannot be attributed to one specific country, for 
emerging and developed markets. 

3-Consistency with other anomalies 
It is possible that the volatility effect is just the result of other anomalies. Indeed, low-volatility 
stocks could be small capitalizations (size effect), value stocks (value effect) or “winning” 
stocks (momentum effect). In this case, the low-volatility anomaly will be similar to another 
anomaly. The performances of the portfolio of low-volatility stocks would be due to another 
effect such as the size, volume or momentum effect and would simply capture their premiums.  
Blitz and Van Vliet (2007) test the consistency of the low-volatility effect in the U.S., the 
European and the Japanese market (altogether and then separately). By analysing decile 
portfolios created in function of value, momentum and size strategy, they observed that the top 
decile portfolios hadn’t the lowest volatility when the deciles were created with stocks sorted 
by size, value or momentum. 
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A double sorting was also done on the sample of stocks used by Blitz and Van Vliet. Stocks 
were first sorted in quintile (for value, size or momentum) and within those quintiles, decile 
portfolios were created based on volatility. Among those 50 parts, the 5 ones with the lowest 
volatility were put together to form the low-volatility portfolio. The high-volatility portfolio 
was created in the same way with 5 parts having the highest volatility. The low-volatility 
portfolio had the highest average returns as well as the higher Sharpe ratio, while the high-
volatility portfolio experienced a high negative average return.  
It is worth noting that those tests are consistent for the universe composed of U.S., Japanese 
and European stocks altogether as well as for each of these markets individually. Blitz, Juan 
Pang and Van Vliet (2013) obtain the same results for the volatility effect in emerging markets. 

4-Possible explanations for the low-volatility anomaly 
Among the different studies carried out on the low-volatility anomaly, it seems that high-
volatility stocks are overvalued while low-volatility stocks are undervalued. Moreover, we can 
observe that this anomaly is consistent over time and across regions. Indeed, according to some 
studies, the low-volatility anomaly is observed over long periods of time of about 40 years and 
in different markets. Yet, this anomaly does not seem to be used as an arbitrage strategy by 
institutional investors. In this chapter, the goal is to analyse the factors that might lead to this 
anomaly and also the reasons why it is not arbitraged by institutional investors such as mutual 
funds. 
The low-volatility anomaly can be explained by many different factors such as leverage and 
short-selling constraints, behavioural finance or inefficient industry practices. This part consists 
in a review of the existing literature about the different factors that could possibly explain the 
low-volatility anomaly. 

4-1 Behavioural finance 
Among the possible explanations for the low-volatility anomaly, behavioural finance is one of 
the most considered by practitioners and academics. Behavioural finance can be defined as “the 
analysis of various psychological traits of individuals and how those traits affect how they act 
as investors, analysts and portfolio managers” (Reilly & Brown, 2011). 
 Several biases and irrational behaviours from individuals and investors could explain the low-
volatility anomaly. As Baker, Bradley and Wurgler (2011) put it, it seems that the low-volatility 
anomaly is driven by an unreasonable desire for stocks with high volatility. Indeed, investors 
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appear to be attracted to high-volatility stocks for some irrational reasons and are thus ready to 
pay more for those stocks. This can lead to an overpricing of high-volatility stocks. 

4-1-1 Representativeness bias 
The CAPM is based on the assumptions that individuals have all the information available and 
are completely rational. However, it does not seem to be the case. Representativeness could be 
a reason of the discord between the CAPM theory and the low-volatility anomaly.  
Tversky and Kahneman (1983) define representativeness as “an assessment of the degree of 
correspondence between a sample and a population”. Information is usually mentally modelled 
on the basis of common beliefs, anecdotes or stereotypes. Consequently, the odds for an event 
to occur is assessed by those mental models. The concept of representativeness is that people 
tend to ignore statistics and give more trust in anecdotes or stereotypes. In other words, people 
compare the future outcome of a situation with the outcome of another situation that happened 
in the past. 
Blitz, Falkenstein and Van Vliet (2014) argue that favourable stories are often linked with highly 
volatile stocks. For example, individual investors could be attracted to highly volatile stocks, 
such as new stocks from the technology sectors, ignoring the fact that there is a high rate of 
failures for this kind of stocks. Baker, Bradley and Wurgler (2011) claim that investors are 
thinking that a great investment is a stock having the same characteristics as Google, Microsoft 
or Apple, which are representative of successful investment.  
They may be tempted to buy speculative stocks from the new technology sectors, as there are 
some examples of success with those stocks. Investors could overweight risky and highly 
volatile stocks based on the belief that more risk will yield more return. As they only hear stories 
about successes with this kind of stocks, which are highly volatile, they would be inclined to 
overpay for them while it would be rational to avoid this segment of stocks if it is not possible 
to distinguish high risk stocks with potential from future loser stocks. 

4-1-2 Overconfidence bias 
Overconfidence can first be described as the fact for individuals to evaluate themselves as better 
to the average regarding subjective and socially attractive qualities. The common investor could 
think of himself as a better stock picker than an average person. As Blitz, Falkenstein and Van 
Vliet (2014) mention, by thinking that he is smarter than the others, an investor will pick stocks 
with the greatest upside and thus with a huge potential of rising in value. Those are stocks with 
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high volatility, for which investors identify higher returns. Hence, overconfidence can lead to 
overpay for high-volatility stocks.  
An investor could also prefer stocks with high volatility in order to demonstrate his own skills 
to generate a positive alpha. Blitz, Falkenstein and Van Vliet (2014) claim that trades in more 
volatile assets are more informative about an investor’s skills and this could lead him towards 
high volatile stocks. The willingness of investors to discover alpha finds its origin in the 
overconfidence bias that makes investors think they could be better than others.  
The overconfidence bias is not just a behaviour one specific to common investors but it also 
influences the way fund managers allocate stocks. Indeed, it seems that professional investors 
are also prone to overconfidence. Gort et al. (2008) verify that fund managers give very narrow 
confidence interval for the future performance of their funds. It is possible that such funds 
managers will be attracted towards high-volatility stocks in order to achieve his overoptimistic 
performance. A fund manager who is overconfident about his own skills would be more 
attracted to high-volatility stocks because those are the stocks that bring the more rewards. By 
being overconfident about their own ability to generate above average returns, active managers 
would increase the demand for high-volatility stocks and then make them overpriced.  
Overconfidence can also lead people to put too much confidence in their own judgement. In 
this case, being overconfident for an investor means that no matter what is the analysis of other 
investors or no matter what new pieces of information appear, he will stick to his own estimate, 
even if it is false.  As a consequence, optimist and overconfident investors will trade more stocks 
with high volatility, as they will be convinced by the fact that the stock will move upward 
quickly.  
As Baker, Bradley and Wurgler (2011) declare: “Being overconfident, they (the investors) will 
also agree to disagree, each sticking with the false precision of his/her estimate”. As the level 
of disagreement among investors is higher for uncertain outcome, the range of opinion will be 
wider for volatile stocks. 
As Miller (1977) pointed out, the stock prices are set by optimistic investors because of the 
inability and unwillingness of rational investors to short stock. For those reasons, stocks with 
lots of different opinions (volatile stocks) will sell at higher prices, because those who are 
thinking the stock would go down will be unable or reluctant to short it. Indeed, volatile stocks 
are bought by overconfident and optimistic investors, which lead to lower returns. 
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4-1-3 Mental accounting 
Mental accounting refers to the way individuals separate mentally their money in different 
accounts based on some subjective criteria. Shefrin and Statman (2000) argue that most 
investors separate their money based on two aspirations (low aspiration and high aspiration). 
Based on those two goals, an individual’s investment can be seen as a two-layer pyramid. The 
bottom layer represents a low aspiration portfolio which aims at protecting the investor from 
poverty while the top layer refers to a high aspiration portfolio with an objective of trying to 
get more wealth, and more specifically extreme positive returns. Individuals divide thus their 
investments into two portfolios: a low aspiration portfolio and a high aspiration portfolio.  
Blitz and Van Vliet (2007) explain the low-volatility anomaly with this investors’ way of 
thinking in terms of a two-layer portfolio. The first layer is a low aspiration layer which aimed 
at avoiding poverty while the second layer is a high-aspiration layer which can be seen as a 
chance to become rich. For the first layer, investors take rational decisions, avoiding excessive 
variance and diversifying their portfolio. In the second layer however, investors can become 
more risk-seeking and buy risky stocks such as lottery-like stocks. Such investors buy only few 
stocks in order to get the full potential of lottery-like stocks. Hence, the second layer is related 
to lottery-like stocks and preference for skewness.  
Blitz, Falkenstein and Van Vliet (2014) explain that investors are rational when they decide on 
the asset allocation for the low aspiration layer. They are then making risk-averse decisions. 
They can however become risk-neutral or even risk-seeking when it comes to the high 
aspiration level in which they are looking for stocks with high potential of growth (high-
volatility stocks). 
Mental accounting also explains why so many private investors only hold about 1 to 5 stocks 
and then bear more risks than necessary by not diversifying their portfolio. Indeed, by having 
more diversification inside their portfolio, investors would lose the benefits from a positive 
skewness, that is to say higher chances of great positive returns. 

4-1-4 Realization utility 
Barberis and Xiong (2012) explain that an individual’s preference for high-volatility stocks 
might be due to the fact that “investors derive utility from realizing gains and losses on the asset 
they own”. In their “realization utility” model, an individual sees his utility changing when he 
sells his asset. For them, people create some investing episodes when they are purchasing and 
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then selling stocks. Those episodes are seen as positive episodes when a gain is realized and 
negative when a loss occurs.  
To guide their investing decisions, investors use as a mental rule the fact that successful 
investors realize a gain when selling a stock and unsuccessful investors undergo losses. Selling 
at a higher price than the purchasing price is a good thing, but selling at a lower price is a bad 
thing. Hence, an investor who realizes a gain will feel better because he will see this gain as a 
positive experience and will feel bad when a loss takes place because it will be seen as a 
negative investing episode.  
The utility change depends thus on the difference between the selling and the purchasing price 
and is greater than zero if this difference is positive (if the investor realizes a gain).  
According to these authors, an individual investor could be risk-seeking with “realization 
utility”. The utility can be a boosting function of the volatility of an asset. An investor can find 
volatile stock attractive because this high-volatility is a chance for an investor to get 
considerable gains that would increase significantly his utility.  
If the stock value falls, the investor can defer its sale. The decrease in utility would thus be 
postponed far away in the future, which means that any realized loss lies in the future and thus 
scares less the investor. So, investors might prefer more volatile stocks under the “realization 
utility” model. It is worth mentioning that this model only works for individual, unprofessional 
investors rather than for institutional investors who are less likely to reason in terms of realizing 
losses and gains. 

4-2 Higher moments and preference for lottery-like stocks 
One assumption of the CAPM is indeed that individuals are risk averse and only care about the 
first two moments of returns (mean and variance).  The CAPM does not take into account higher 
moment such as the skewness or kurtosis of the returns. This is due to the fact that the CAPM 
assume the normality of the stocks’ return distribution. However, normality is far from being 
an assumption that is verified empirically. As individuals are risk averse but also loss averse, 
they will also care about downside risk (Galagedera, 2007). Higher moments can thus play a 
role on the expected returns of a stock, as some risks can be associated with them.  
As a result, higher moments have their importance to evaluate how risky a stock is. More 
particularly, co-moments with regard to the market portfolio can also be taken into account. 
Lambert and Hübner (2013) consider that an asset reducing a portfolio’s skewness (negative 
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coskewness) should command higher expected returns. Similarly, an asset improving the 
portfolio’s kurtosis (positive cokurtosis) should compensate the higher risk taken by offering 
higher expected returns. Similarly, Post et al. (2008) suggest that a security reducing the 
skewness of the market portfolio realizes a positive “abnormal” returns. Friend and Westerfield 
(1980) already found that asset prices are also driven by their coskewness. Therefore, the 
volatility effect could be driven by the fact that low-volatility stocks have a lower coskewness 
and a higher cokurtosis with the market than high-volatility stocks. 
Preference for stock with lottery-like return distributions is also a reason for the low-volatility 
effect to appear. This effect comes from the fact that investors are risk averse but also loss 
averse. As a matter of fact, investors will prefer gambles with very limited odds to win but with 
very limited loss (like a lottery tickets).  
For example, a gamble with 99.99% of chance to lose 1$ and 0.01% of chance to win 10000 $ 
could be preferred to a gamble with 50% of chance to win 110$ and 50% of chance to lose 
100$, even though the second bet would have a superior expected payoff. This is due to the fact 
that the odds of losing 100$ are too important for people in order to consider this bet. This mode 
of reasoning explains why there are so many people buying lottery tickets while the expected 
payoff is negative.  
Some stocks can be seen as that kind of gambles. For example, cheap stocks with high volatility 
can be seen as stock with a lottery-like distribution: there is a high chance that those stocks will 
decrease in value and small chance that they will increase by 2 or 3 times their own value.  
Kumar (2009) defines a lottery-type stock as a low-priced stock with great volatility in its return 
distribution and with a positive skewness. A high kurtosis can also be linked to a lottery-like 
stock, as a high kurtosis enhance the probability of extreme returns. Lottery-like stock is linked 
to positive skewness. A positive skewness in the stock return distribution means that 
considerable positive payoffs have more probabilities than huge losses.  
Loss aversion is defined by Benartzi and Thaler (1995) as “the tendency for individuals to be 
more sensitive to reductions in their levels of well-being than to increases”. Barberis and Huang 
(2008) use the cumulative prospect theory to explain that risk is evaluated with a value function 
not depending on final wealth but on gains and losses and by using probabilities that weight the 
tails of a distribution of returns (such as in the cumulative prospect theory developed by 
Kahneman and Tversky in 1992).  
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According to them, the value function is concave under gain and convex for losses and thus not 
only concave such as the utility function for wealth. In other words, they are risk averse for 
gains (preference for a certain gain in comparison to a gamble with the same expected gain) but 
risk seeking when it comes to losses (preference for a gamble compared to a certain loss).  
The cumulative prospect theory does not use the objective probabilities but transformed 
probabilities, obtained by a weighting function. Under the cumulative prospect theory, people 
overweight tails when they evaluate an asset and thus the probabilities of extreme returns. In 
this case, there is a preference for positively skewed assets such as lottery-like stocks. Lottery-
like return distributions preference is thus linked with the preference for skewness. Moreover, 
they found that a skewed security introduced in the economy can be overpriced.  
Preferences for lottery-type stocks are also supported by the fact that investors buying such kind 
of stocks are mostly undiversified. Indeed, Goetzmann and Kumar (2008) found out that 
investors who overweight some stocks with high volatility and skewness are the least 
diversified investors. In their study, they also observed that less than 10% of investor portfolios 
they studied were above the capital market line, and about 5% to 10% of the portfolios held 
more than 10 stocks. 
Mitton and Vorkink (2007) argue that “investors may consciously choose to remain under-
diversified in order to increase the likelihood of extreme positive returns, or in other words, to 
capture higher levels of skewness in their portfolios”. Consequently, diversification can limit 
the potential of a lottery-like stock. 

4-3 Firms’ own characteristics 
The low-volatility anomaly can also be due to the fact that firms with low-volatility returns 
present some specific characteristics that influence the standard deviation of their stocks’ 
returns. In this section, two of those characteristics are presented: operating performance and 
dividend yield. More precisely, a firm with high operating performance and high dividend yield 
would be less volatile in its stock returns and can thus generate the low-volatility anomaly. 

4-3-1 Operating performances of the firms 
Another explanation of the low-volatility anomaly lies in the fact that low-volatility firms would 
perform better in their operations. Dutt and Humphery-Jenner (2013) demonstrate that low-
volatility stocks realize higher operating returns than higher volatile stocks. They argue that 
companies that have strong operating performance are more likely to be low-volatility stocks, 
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as they have more access to capital. There is a consequent relationship between low volatility 
and great operating performance that leads Dutt and Humphery-Jenner to claim that part of the 
low-volatility anomaly can be associated to operating performance. 
The first argument mentioned is that a company getting high unexpected operating returns will 
result in an increase in its stock returns, as the market will boost its price. Firms with high 
unexpected operating returns are more likely to be low-volatility company, as those companies 
get better access to capital and can thus invest in project or companies with high potential. 
Secondly, when strong operating performance is not a surprise but is still uncertain (low-
volatility companies are expected to perform well but it is not guaranteed), a high stock return 
is still possible. Indeed, when there is some risk of weak operating performance (due to 
uncertainty), the market will react by not bidding up the stock price, or only to a small extent. 
Once the predicted operating performance becomes more and more certain, and finally occurs, 
the firm will see its stock price increase, as the risk of not meeting its expected performance 
decreases. 
Moreover, with heavy operating performance, a firm is able to pursue expansion thanks to the 
cash flow at its disposal. This would increase a company’s operating risk without increasing 
the volatility of its stock price. Those opportunities for the development of a company should 
result in a growth of the company’s value, and thus of its stock price. 
Dutt and Humphery-Jenner test whether operating performance influence volatility. They sorted 
stocks by volatility quintile and found out that companies with significant performance are more 
likely to be in the low-volatility quintile and less in the high-volatility quintile. They argue that 
companies experiencing good operating performance tend to be large and stable companies that 
will have low volatility in their returns. This is consistent with their findings that large firms 
are more frequent in the low-volatility quintile.  
In summary, the main finding of the tests performed by Dutt and Humphery-Jenner is that the 
low-volatility anomaly can be partly explained by operating performance, as controlling for 
operating performance weakens the volatility effect.  
By examining the impact of both the operating performance and volatility on stock returns, they 
found out that volatility influences stock returns (volatility effect) and after controlling for 
operating performance, the volatility effect is getting weaker. This advocates the fact that 
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operating performance can be a cause of the inverse relationship between volatility and stock 
returns.  
Novy-Marx (2013) argue that there is a premium for gross profitability, as firms with high 
profitability (high gross profits-to-assets ratio), have higher returns than unprofitable firms (low 
gross profits-to-assets ratio).  
Fama and French (2015) identify two additional risk factors in their model: operating 
profitability and investment. They argue that firms with high operating profitability outperform 
firms with weak operating profitability. Moreover, firms with low investment have better 
performance than company doing massive investment. Investment is thus also a risk factor. It 
is thus possible that low-volatility firms are firms with higher operating performance than high-
volatility firms or firms with lower investment than high-volatiltiy firms. 

4-3-2 Dividend yield 
The volatility effect could also be due to the dividend yield of the stocks. More precisely, stocks 
with a high dividend yield could also be linked with stocks with low volatility in their returns.  
It could be argued that high dividend yields are offered by less risky (less volatile) firms. 
Companies with stable, high earnings and offering regularly a high dividend could thus be seen 
as less risky and thus less volatile. This can be linked to the argument of strong operating 
performance as an explanation of the low-volatility anomaly. Indeed, firms offering a high 
dividend can be firms with stable revenues, and it is clear that the better the performance of the 
company, the higher the dividend can be.  
Low volatility firms might be more mature firms that pay dividend whereas high-volatility firms 
are not paying dividend, as they are still growing and need more capital. Grullon et al. (2002) 
assert that the dividend payment depends on how mature the company actually is. A company 
in a growth phase or in a mature phase will not grant the same level of dividend. 
A company in a growth phase is a company that has many opportunities and thus many project 
in which it can invest in. This business is thus subjected to many expenses in order to grow and 
does not have many cash-flow available for the shareholders. As the firm become mature, it has 
more assets than a growth firm. Besides, the number of investment opportunities drops off, as 
well as profit growth, and the firm’s free cash flow increase. The free cash flow can then be 
transferred to shareholders by offering dividend. Grullon et al. (2002) argue thus that an increase 
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in dividend is linked with a decreasing number of investment possibilities, a decreasing return 
on asset and a reduction of profit growth.  
So, it is possible that low-volatility firms are more mature firms, that does not need to use a 
significant amount of resources and that can allow a high dividend to the shareholders. On the 
other hand, high-volatility firms are firms aiming at fast growth, and that need to undergo 
significant capital expenditures. 
Another argument is provided by Venkatesh (1989) who argues that firms according dividend 
experience less volatility in their stock returns after the dividend has been granted. He suggests 
that this effect could be due to the fact that after a dividend investors put gives less attention to 
other information, such as rumors or news. After a dividend, investors might not focus on other 
announcement and not be attracted towards those stocks, as new information is not given the 
same importance as if there was no dividend. The fact that a dividend is offered can be seen as 
a valuable piece of information by investors, who would give less importance to other 
information such as rumors or announcements. 

4-4 Leverage constraints, short-selling constraints and benchmarking 
Leverage, short-selling and benchmarking are three elements which can provide an explanation 
for the low-volatility anomaly linked with the CAPM. Although some behavioural biases can 
explain the low volatility for irrational individual investors, they don't explain why rational or 
institutional investors don’t use this anomaly to create an arbitrage strategy that would iron out 
this anomaly. Indeed, a strategy of short sale of high-volatility stocks and purchase of low-
volatility stocks could generate a profit and arbitrage away this anomaly. But literature provides 
some evidence that even rational and institutional investors can enhance the volatility effect.   

4-4-1 Leverage and short-selling constraints 
One of the explanation of the low-volatility anomaly is the fact that it is not always possible for 
investors to apply leverage.  
According to the capital market theory, an investor chooses his asset allocation between a risk-
free asset, which is an asset with a variance equal to zero (with no risk) and that provides a risk-
free rate of return, and the market portfolio. The market portfolio is a portfolio including any 
risky assets lying on the efficient frontier. The efficient frontier can be defined as the set of 
portfolios comprising every risky asset and for which the rate of returns is maximum for every 
level of risk (measured by the standard deviation). The market portfolio is the portfolio on this 
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frontier and for which the combination of this portfolio and the risk-free asset maximizes the 
rate of returns per level of risk or, in other words, that maximizes the Sharpe ratio.  
We can define the capital market line as all the combinations of the risk-free asset and the 
market portfolio.  In other words, it is the line starting from the risk-free rate of return and that 
is tangent to the efficient frontier. The tangency point is the market portfolio. 
Once the market portfolio is defined, investors would choose their asset allocation between a 
risk-free asset and the market portfolio depending on the level of risk (standard deviation) they 
want to reach. An investor who is extremely risk averse would allocate a large part of his wealth 
to the risk-free asset and a small amount to the market portfolio but will have an expected return 
close to the risk-free rate. An investor with less risk aversion would allocate much more money 
to the market portfolio and will have a greater expected return by bearing more risks.  
An investor may also want to get an expected rate of return that is higher than the one of the 
market portfolio. For that purpose, he might use leverage: he borrows money at the risk-free 
rate and invests the proceeds in the market portfolio. He could then invest more in the market 
portfolio and have a greater expected rate of return by adding more volatility thanks to leverage. 
In this model investors don’t have any constraints or aversion to leverage. 
However, in practice investors are averse or constrained to leverage. Frazzini and Pedersen 
(2014) state that many investors are constrained in the level of leverage they can take. 
Individuals, pension funds or mutual funds belong to this category of investors who are 
unwilling or not allowed to take leverage. Investors might be reluctant to use leverage because 
it can result in losses greater than the capital invested and can even lead to bankruptcy (Jacobs 
and Levy, 2013). 
Investors who are constrained or unwilling to use leverage would buy more volatile stocks to 
get more exposure or they would have less low-volatility stocks in their portfolio. They will 
overweight riskier securities, i.e. higher volatile stocks, in their portfolio or underweight low 
volatile stocks in order to gain more variance. Hence, high-volatility stocks would have a 
greater demand and would be overpriced whereas low-volatility stocks would conversely get a 
lower demand and would be undervalued. Such investment in high-volatility stocks would also 
mean that another portfolio than the market portfolio would be chosen on the efficient frontier. 
This portfolio would thus have a return per unit of risk which is lower than the one of the market 
portfolio. 
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4-4-2 Short-selling constraints 
Another explanation of the low-volatility anomaly is the short-selling constraints. Those 
constraints can help to explain why the anomaly is not arbitraged away by rational investors 
such as institutional ones. Indeed, a strategy to benefit from the low-volatility anomaly would 
be to buy low volatile stocks and take a short position in high-volatility stocks. By doing so, the 
anomaly should disappear, as institutional investors would then buy low-volatility stocks and 
sell high-volatility stocks. However, a significant part of investors is unwilling or unable to take 
short positions. This could be due to the fact that the transaction costs to short sell stocks can 
be high. 
The inability to short-sell can also strengthen the low-volatility anomaly. As Baker, Bradley and 
Wurgler (2011) mention, pessimists act less aggressively in the market than optimists. This 
claim is verified empirically by the scarcity of short sales among investors. Miller (1977) argues 
that when there is a low level of short-selling, prices of stocks are driven by the most optimistic 
investors. Those investors can push the prices of high-volatility stocks to a level that may seem 
unreasonable for rational investors. Blitz, Falkenstein and Van Vliet (2014) refer to this situation 
as the “winner’s curse”.  
Limits to short-selling are one element of the low-volatility anomaly, as it prevents investors to 
benefit from the volatility effect by taking a short position on overpriced high-volatility stocks. 
Consequently, those stocks remain overpriced, with very little actors using short-selling that 
would bring those stock prices to a normal level. 

4-4-3 Benchmarking 
Baker, Bradley and Wurgler (2011) explain that the low-volatility anomaly can be strengthen 
with benchmarking. For them, this can explain the fact that the low-volatility anomaly is still 
present despite the fact that share of assets owned by institutional investors keeps improving.  
Benchmarking can be defined as assessing the performance of a fund by comparing it to an 
index or any other set of assets called a benchmark. Benchmarking is thus used to evaluate the 
performance of professional investors who are mandated to invest money by non-professional 
investors. Portfolio managers who are assigned a benchmark don’t care about the absolute 
returns and the standard deviation of their portfolio but rather about the returns and the standard 
deviation relative to their benchmark. According to them, a fund manager who is tracking an 
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index won’t be interested in underweighting low-beta stocks or overweighting high beta stocks, 
as it will reduce the information ratio by improving the tracking error. 
Before going further, it seems important to define clearly the link between volatility and the 
beta. In the CAPM, the beta can be defined as “a standardized measure of systematic risk based 
upon an asset’s covariance with the market portfolio” (Reilly & Brown, 2011). While the 
volatility and the variance is a measure of risk that takes into account the whole risk of an 
investment, the beta only takes into account the systematic risk, i.e. the undiversifiable part of 
risk.  

4-5 Inefficient industry practices 
The fact that high-volatility stocks are overpriced, low-volatility stocks underpriced and that 
the low-volatility anomaly is not exploited by institutional investors can be due to inefficient 
practices within the funds. Indeed, some fund managers' behaviours and practices are 
incompatible with the implementation of a low-volatility strategy. Among these practices, 
managers’ compensations, stock allocation issues and the relation between customers and fund 
managers will be discussed. 

4-5-1 Managers’ compensation 
Blitz, Falkenstein and Van Vliet (2014) also mention the option-like compensation scheme of 
fund managers as a trigger of attractiveness towards high-volatility stocks. A manager 
remuneration can be composed of a base salary plus a bonus if the performance of the fund is 
sufficient enough. The fund manager’s compensation can thus be compared to an option: if the 
fund performs well, the managers will get a significant bonus and if the fund does not perform 
well, the managers will not get any bonuses.  
The stocks for which the bonuses of the fund manager are the highest are the high-volatility 
stocks. Those stocks are the ones that are more likely to experience extreme returns. If the fund 
has greater volatility, a fund manager could get a higher bonus. Hence, it is possible that a 
portfolio manager who wants to improve his salary tries to orientate his clients to more volatile 
portfolios. This behaviour would increase the expected value of his compensation.  
They model the payment structure of fund managers that looks like a call option and thus 
follows the following payoff function: c + max(Rp-X,0), where  
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Rp is the return of the portfolio and c is a constant representing the base salary or fees of the 
fund manager. X represents the rate of returns at which the manager receives a bonus (like the 
strike price for a call option). 
So, the way portfolio managers are paid can be an incentive towards high-volatility stocks. 
Indeed, with more volatility, the fund manager can get a higher salary. It is more advantageous 
for the manager to perform well one year and not perform well the second year than having a 
constant performance during two years. For example, if the rate at which the manager has a 
bonus is 2% (X=2%), it is better for him to get a rate of return of 6% at year one and 0% at year 
two than having a return of 3% for both years. More volatility can thus be more profitable for 
a fund manager.  
Instead of maximizing the utility of their clients, the professional investors will maximize the 
expected value of their own compensation scheme. As Blitz, Falkenstein and Van Vliet mention, 
a conflict of interest between portfolio managers and the clients occurs because the manager 
has interest in investing in high-volatility stocks to increase his pay while the clients are more 
risk averse. 

4-5-2 Stock allocation issues 
Another explanation for the low-volatility anomaly is an inefficient decentralized investment 
approach. Indeed, Blitz and Van Vliet (2007) argue that a common practice could be that the 
Chief Investment Officer (CIO) or an investment committee decide first on the asset allocation 
and after that, capital will be allocated to asset managers who should decide on the stock 
allocation. As a result, asset managers buy high-volatility stocks in order to achieve greater 
returns (this works if the CAPM holds).  
Moreover, cash flow tends to go to asset classes that performed well in the past. These classes 
are high-volatility classes, in bull markets. Asset managers would also have greater bonuses for 
achieving greater performances. Hence, there is a desire from professional investors towards 
high-volatility stocks, as these are the stocks performing well in bull markets, rather than stock 
outperforming in bear markets (low-volatility stocks). 
So, a demand for volatile stocks can also be created by institutional investors because of the 
willingness to impress their clients, co-workers and top management. Professionals who want 
to get a promotion, or to progress in their career will probably choose high-volatility stocks. 
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Indeed, those are the stocks that would get more extreme returns and that can thus have great 
performance.  
Stocks that make the news are the ones which are the more held by institutional investors. Those 
attention-grabbing stocks can be volatile stocks, with extreme recent returns. Falkenstein (1996) 
mentions that mutual funds have a preference for stocks with high visibility and volatility. 
Indeed, for those “hot” stocks, justifications on investment for fund manager to their clients are 
easier. 
By the way, individual investors are also buying stocks that are attention-grabbing (Barber & 
Odean, 2008). It seems indeed that investors are looking for information about stocks that grab 
their attention. Instead of doing searches among all the stocks they could possibly acquire, they 
do searches for among only few attention-grabbing stocks. As discussed previously, those 
stocks can be high-volatility stocks. Hence, this behaviour can increase the stock price and thus 
lead to disappointing returns. On the other hand, investors reject stocks with little volatility that 
are seen as boring and not of great interest. Those kind of stocks may then be underpriced, 
which can lead to higher than expected returns. 

4-5-3 Relation between customers and fund managers 
Blitz, Falkenstein and Van Vliet (2014) affirm that top managers receive the most attention from 
individual investors. Top managers are defined as the ones who are able to generate extremely 
positive returns. So, in order to become a top investment manager, a manager can be attracted 
towards high-volatility stocks. This is due to the fact that the first quintile of managers in terms 
of performance is way more considered by external investors than the second quintile of 
managers.  
Chevalier and Ellison (1997) found out that a conflict of interest may arise between mutual fund 
companies and their clients. The clients want the fund to maximize the returns based on their 
level of risk, while the fund has as objective to maximize its own profit. The problem here is 
the same as the one mentioned previously: the mutual fund would like to achieve greater 
performance to get higher profit (option-like payoffs, with the mutual fund replacing fund 
managers). 
Sirri and Tufano (1998) point out that flows into and out of equity mutual funds depend on past 
performance. Clients are basing their investment decisions in a specific fund on its past 
performance. More specifically, a considerable amount of money is invested in the funds that 
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performed particularly well during the last period. Moreover, a large part of the amount invested 
is going to a few funds: those with the best performance record during the previous period. As 
a consequence, a fund willing to maximize its profit (by maximizing the investment into the 
fund) can be attracted towards high-volatility stocks, as those stocks can enable the fund to 
achieve extreme performance that will appeal investors. It is worth mentioning that Sirri and 
Tufano also demonstrate that a positive correlation between media coverage and stock volatility 
exists. 
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Part II : Data and Methodology 
For the purpose of my analysis, I have built one set of data. This dataset is composed of US 
stocks returns over a period of 22 years going from January 1994 to December 2015. For this 
sample, that I composed by myself, I used a sample of US stocks going from 397 stocks to 705 
stocks for each year. This dataset is also split into quintiles with monthly returns by quintile. 
The stocks are first ranked by their volatility (standard deviation) using the last 52 weekly 
returns. The data used to calculate the returns are the adjusted close price provided by “Yahoo 
finance”1. 
Quintiles based on the standard deviation are then formed using a rolling standard deviation of 
52 past weekly returns. Those quintiles are rebalanced each month in order to provide the 
monthly returns for each quintile. It is worth noting that the returns of the quintiles are 
calculated with an equal weight given for each stock composing them. Hence, the quintiles are 
in fact equally weighted portfolios that are built on the basis of the standard deviation of the 
last 52 weekly stock returns for each month. Appendix I “Stocks used for the quintiles 
formation” is listing the tickers and the names of the stocks used for the formation of the 
quintiles. 
My first task is thus to check that the low-volatility anomaly is an effect that is present in my 
dataset. For this purpose, I first observe what an investment made in the low-volatility quintiles 
in the beginning of the period studied would yield in comparison with an investment in high-
volatility stocks. I then compare the coefficients of a regression on the market excess returns 
(CAPM regression) for each of the quintiles as Blitz and Van Vliet (2007) perform in their study 
on the low-volatility anomaly in different markets. I also check the persistency of the low-
volatility anomaly through time by using two distinct time periods of 11 years (January 1994 to 
December 2004 and January 2005 to December 2015). 
Secondly, I check that the low-volatility anomaly is not due to other known effects such as the 
size effect, the volume effect or the momentum effect. For this purpose, I make the quintiles 
neutral to those effects individually and then check whether the low-volatility anomaly is still 
present after controlling for those effects.  I also check whether the low-volatility anomaly can 
be attributed to low interest rates. Next, I also use the four-factor model (market excess returns, 
size, value and momentum) in order to make a regression on the excess returns of the quintiles 
                                                           
1 The data for stocks returns were taken from the following website: http://finance.yahoo.com/ 
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and on a portfolio with a long position in low-volatility stocks and selling short high-volatility 
stocks2. I also check whether the volatility effect is due to interest rates and whether low-
volatility stocks are linked to bonds. I check those effects by making each of the quintiles neutral 
to each effect and then perform a regression against the excess market returns. I also perform a 
regression for each quintile and on the portfolio of low-volatility stocks minus high-volatility 
stocks by using the four-factor model of Fama and French (1993) and Carhart (1997). 
After that, I check several explanations for the low-volatility anomaly, such as the fact that low-
volatility stocks experience a lower coskewness or a higher cokurtosis with the market portfolio 
than high-volatility stocks. I thus constructed 2 portfolios: the first one having a long position 
in stocks with high coskewness and selling short stocks with low coskewness and the second 
being a portfolio of stocks with a high cokurtosis minus stocks with a low cokurtosis. The 
portfolios are rebalanced monthly and the coskewness and cokurtosis for each stock are 
calculated by using 52 weekly returns for each month. In this way I obtain two time series for 
the coskewness (COS) and cokurtosis factor (COK). To check for those effect I regress the 
returns of a portfolio having a long position in low-volatility stocks and selling short high-
volatility stocks on the returns of those factors in addition to the factors of the four-factor model. 
The other factors that could explain the volatility effect checked are: operating profitability, 
investment and dividend yield3. In order to check for those effects, I also perform a regression 
of the returns of the portfolio of low-volatility stocks minus high-volatility stocks against the 
returns of those three factors added to the four-factor of Fama, French and Carhart (excess 
market returns, size, value and momentum). Finally, I also calculate the average trading volume 
and the average price of the stocks within the quintiles based on volatility. The operating 
profitability factor and the investment factor are given directly by the Fama-French library 
whereas the dividend yield factor is constructed by taking the returns of the quintile of high 
dividend yield minus the returns of the quintile of stocks with a low dividend yield. 
  

                                                           
2 The data for the four-factor model were taken from the Fama-French library available at: 
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
3 The data are also found in the Fama-French library. 
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Part III : The low volatility anomaly 
In this part, I will introduce the low-volatility anomaly with the dataset I have built. This part 
will confirm the outperformance of low volatility stocks and the underperformance of high-
volatility stocks. It will also provide additional information, such as the persistency of the low-
volatility anomaly through time or robustness of the low volatility with other effects such as the 
size effect, the value effect or the momentum effect (also known as SMB effects). 

1 - Low-volatility stocks outperform high-volatility stocks 
Based on the dataset described above, I can now start the analysis of the low volatility anomaly.  
By using the data from January 1994 to December 2015, we can see that the low-volatility 
quintile outperforms the high-volatility quintile. Graph I shows the evolution of 1 dollar 
invested in January 1994 in Q1 (low-volatility quintile), Q5 (high volatility quintile) and in a 
portfolio with an equal weight in all stocks. It is clear that an investment in low volatile stocks 
starting in January 1994 would have yielded much more than an investment in all stocks or in 
high volatile stocks made at the same time. Indeed, $1 invested in January 1994 gives $10.27 
in December 2015, while $1 invested in stocks with the highest volatility would have yielded 
$1.09. An investment in 1994 consisting in an equal position in all the stocks of the data set 
would yield $6,63 after 22 years. 
Graph I: Evolution of $1 invested in Q1, Q5 and all stocks 
The evolution of $1 invested is calculated by taking the monthly returns for Q1, Q5 and all 
stocks together. The monthly returns on this latter portfolio are calculated by taking an equal 
position in all of the stocks. All of them are thus equally weighted portfolios. 

 
Moreover, as we can see in table I, the average monthly returns of the quintile composed of low 
volatility stocks are greater than those of the quintile with highly volatile stocks. Indeed, the 
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average monthly returns for Q1 is 0.93% against 0.52% for Q5. It is worth mentioning however 
that the average monthly returns for the other quintiles Q2 and Q3 are greater than the average 
monthly returns of Q1. Nevertheless, we can see that the high-volatility stocks underperform 
all the other stocks. 
Obviously, the volatility (measured by the standard deviation) is growing with the quintiles: the 
volatility of the first quintile Q1 is the lowest with 2.96% and becomes higher as we change of 
quintiles. Q2 has a higher standard deviation than Q1 but its volatility is lower than Q3 and Q4 
while Q3 has a lower volatility than Q4 and Q5. As a result, Q5 has the highest standard 
deviation with 9.51%. Furthermore, the minimum monthly returns for each quintile is the lowest 
for Q1 (-10.34%) and the highest for Q5 (-35.48%). As observed, the minimum monthly returns 
are also increasing with quintiles composed of higher volatility stocks. The same observation 
can be made for the maximum monthly returns by quintiles: it increases as the stocks composing 
the quintiles are more volatile. So, Q1 has a maximum monthly return equal to 7.51% while the 
maximum monthly return for the high-volatility quintile Q5 is equal to 31.23%.  
Those last results are logical: as the stocks from Q1 are the least volatile stocks, the returns 
from this portfolio should not move far from their average and hence provide more “stable” 
returns than Q5, the portfolio composed of stocks with the highest volatility. Hence, it is clear 
that the returns from Q1 “move” less than those from the other quintiles. Thus the maximum 
and minimum of those returns would be smaller than the ones in the other quintiles. The same 
reasoning can be applied to the quintile with high volatility stock Q5: those stocks have returns 
that have the greatest spread. Q5 varies thus the most. 
Table I: Quintiles’ description from low volatility to high volatility 
Quintile (From low volatility to high volatility) Q1 (LV) Q2 Q3 Q4 Q5 (HV) 
Average monthly returns 0,93% 0,98% 0,98% 0,90% 0,52% 
Volatility 2,96% 4,09% 5,06% 6,22% 9,51% 
Minimum -10,34% -14,33% -23,43% -25,00% -35,48% 
Maximum 7,51% 13,13% 19,62% 22,01% 31,23% 

 
The results given in table I can already help to understand the low volatility anomaly. An 
obvious deduction from this table is that the higher the volatility of a stock, the higher the 
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extreme returns. Compounding can help to understand the low volatility anomaly. Indeed, a 
portfolio the value of which decreases by a certain percentage and then increases by the same 
percentage will not recover its initial value. 
For example, a decrease in the value of a portfolio of 50% followed by an increase of 50 % will 
give an ending value inferior to the initial value of the portfolio. Imagine that the portfolio’s 
value was $100, the ending value will be: ($100*0.5)*1.5 = $75. In order to compensate for a 
decrease in value of 50%, the portfolio’s return should be 100% for the next period of time. 
As this example shows, in order to recover from a large drop in value, a huge positive return is 
required. Thus, if the negative returns that occurred in a portfolio are larger than the ones in 
other portfolios (as it is the case for Q5), it will need extreme positive returns in order to 
generate the same performance as those other portfolios. With higher volatility, large negative 
returns need to be compensated by even larger positive returns. So, low-volatility stocks are 
avoiding drops in their returns that would be hard to recover, while high-volatility stocks can 
see their performance weakened by extreme negative returns that are hard to recover.  

2 - Analysis on a risk-adjusted basis 
As observed previously, the quintile of low volatility stocks Q1 has a higher average return than 
the quintile composed of highly volatile stocks. However, we can notice that the average 
monthly returns of the quintiles Q2 and Q3 are higher than Q1. Those two quintiles also have a 
higher volatility than Q1 and this volatility is increasing with the quintiles. It is thus possible to 
compute the Sharpe ratio in order to compare the returns adjusted to risk for each quintile. 
The Sharpe ratio is the ratio of the expected value of the excess returns of a portfolio over the 
risk-free rate and the standard deviation of a portfolio (Reilly & Brown, 2011). The Sharpe ratio 
for each quintile is calculated in table II. 
Table II also shows the annualized average excess returns with respect to the risk-free rate and 
the annualized volatility of the excess returns for the quintiles. The annualized excess return of 
low-volatility stocks (Q1) is higher than the one of the high-volatility stocks (Q5). The 
annualized excess returns are higher for Q2 and Q3 and the highest for Q3, as it is the case with 
average monthly returns in table I. More important, the Sharpe ratio is the highest for Q1 with 
a value of 0.84 and the lowest for Q5 (0.11). The Sharpe ratio is also decreasing when moving 
to a quintile with more volatile stocks. Q2 has thus a higher Sharpe ratio than the three next 
quintiles (Q3, Q4 and Q5) and Q3’s Sharpe ratio is higher than the one for Q4 and Q5.  
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Table II: Sharpe ratio for each quintiles 
The risk-free rates used to calculate the excess returns are taken from the Fama-French library. 
Excess returns are first calculated for each month and then averaged. The average return is 
then annualized. Volatility is also obtained first with monthly excess returns and then 
annualized. The Sharpe ratio is calculated by dividing the former value by the latter. 

 
Consequently, stocks with lower volatility tend to have better risk-adjusted returns than stocks 
with higher volatility. This can be observed by the fact that the Sharpe ratio tends to decrease 
as the volatility of the stocks increases. The returns of the stocks don’t compensate enough the 
growth in volatility. As a result, a decline in the Sharpe ratio can be noticed as the volatility in 
the quintiles increases.  
We can thus conclude that the portfolio formed by low volatility stocks produce higher risk-
adjusted returns than high-volatility stocks (higher Sharpe ratio). Moreover, the low volatility 
quintile outperforms all other quintiles while the portfolio formed by the 20% most volatile 
stocks underperforms all other quintiles.  

3 - The low-volatility anomaly and the Capital Asset Pricing Model (CAPM) 
According to the CAPM, greater returns can be achieved by taking more risks. More 
specifically, the expected rate of returns of an asset is a linear function of its market Beta, which 
is the sensitivity of the expected excess returns of the asset with regard to the expected excess 
returns of the market. 
Hence, if the CAPM holds, by making a regression on the five quintiles, the results should be 
that more systematic risk (a more important market beta) should provide higher returns. On the 
contrary, there is an anomaly with regards to the CAPM if the relation between risk and returns 
is not linear when quintiles are formed based on volatility. 

Quintile (From LV to HV) Q1 (LV) Q2 Q3 Q4 Q5 (HV) 
Annualized mean excess return 8.60% 9.17% 9.25% 8.22% 3.62% 
Annualized volatility 10.25% 14.16% 17.51% 21.53% 32.93% 
Sharpe ratio 0.84 0.65 0.53 0.38 0.11 
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For this purpose, I did a linear regression on the five quintiles’ excess returns with regard to the 
excess return on the market. So, the regression made was as follows:  

  itftmtiftit ε+RRβ+α=RR   
where  
Rit  is the return of quintile i at time t, 
Rft the risk-free rate at time t and  
Rmt− Rft  the market excess returns at time t.  

The results of this regression for our sample are available in table III. The first thing to be 
noticed is that the beta (the regression coefficient) for each quintile is increasing with the 
volatility of the stocks composing those quintiles. The first quintile (Q1) has a beta equal to 
0.43 while the quintile of high-volatility stocks (Q5) has a beta of 1.82. 
Table III: Capital Asset Pricing Model for quintiles based on volatility 

Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
Beta 0,43 0,73 0,93 1,19 1,82 -1,39 
Pr > |t| 1,21922E-32 1,8251E-56 3,0995E-63 2,67E-74 4,0041E-73 5,3373E-49 
Alpha 0,45% 0,32% 0,20% -0,04% -0,81% 1,26% 
Pr > |t| 0,001 0,042 0,266 0,838 0,012 0,0002 
R² 41,80% 61,66% 65,95% 71,96% 71,37% 56,29% 

 
Those results are logical because volatility and market beta are linked together: a stock having 
a higher market beta would have more sensitive returns to the returns of the market and will 
thus have greater variability than a low-beta stock. Riskier stocks in terms of variance tend thus 
to be also riskier in terms of market beta (more systematic risk). The p-value is close to 0 for 
the beta of each quintile, meaning that we can reject the hypothesis that the beta is equal to 0 
with a great level of certainty. It is worth noticing that Baker, Bradley and Wurgler (2011) also 
observe a better performance for low-beta stocks with comparison to high-beta stocks. 
Moreover, the alphas for the first three quintiles are positive but negative for the last two ones 
(quintiles with high-volatility stocks). Those alphas are also decreasing with volatility: the 
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largest value for alpha lies in Q1 (low-volatility stocks) with an alpha equal to 0.45% and the 
lowest values is the alpha for Q5 (-0.81%).  
The alphas for the first two quintiles are positive and have small p-values. Hence, we can reject 
with a great confidence level the hypothesis that the alphas for those quintiles are equal to 0. 
The level of confidence to reject those hypothesis is greater than 99% for Q1 and 95% for Q2. 
The alphas for Q3 and Q4 are closer to 0 and have high p-values, meaning that the hypothesis 
that the alphas are equal to 0 cannot be rejected. Furthermore, the alpha for high volatility stocks 
is negative and has a p-value close to 0. The alpha for this quintile is different from 0 at the 5% 
significance level, as the p-value is smaller than 0.05. Those observations are consistent with 
the findings of Blitz and Van Vliet (2007), who observe in their sample a positive alpha with a 
low beta for the low-volatility decile and a high beta and a negative alpha for the decile 
composed of stocks with the highest volatility. 
Moreover, I formed a portfolio with a long position on the first quintile (low-volatility stocks) 
and a short position on the last quintile (high-volatility stocks) called Q1-Q5. By applying the 
CAPM on the returns of this portfolio, the low-volatility anomaly is observable based on the 
alpha of this portfolio.  
Indeed, the CAPM fails to explain the returns on this portfolio as low volatility stocks have an 
alpha superior to 0 and high volatility stocks an alpha inferior to 0. As a result, a portfolio of 
long position stocks and high-volatility stocks have a positive alpha for which the rejection of 
the hypothesis that alpha is equal to 0 can be made with a confidence level of 99% (the p-value 
is inferior to 1%).  
The CAPM fails thus to explain the difference in returns between low-volatility stocks and high 
volatility stocks. High-volatility stocks have a higher beta than low-volatility stocks. Their 
expected returns should thus be greater based on the CAPM. But, the average returns of high-
volatility stocks are lower than those of low-volatility stocks, which is inconsistent with the 
CAPM. 
It is worth noting that the portfolio of low-volatility stocks and selling short high-volatility 
stocks has a beta of -1,39. The sensitivity with the market excess returns is thus highly negative. 
Such a portfolio will thus have a negative performance when the market is bullish but will 
strongly outperform the market in case of a downturn. 
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One conclusion based on those results is that the returns in surplus of the prediction of the 
CAPM are positive for low-volatility stocks and negative for high-volatility stocks. It seems 
thus that high-volatility stocks underperform the other stocks whereas low-volatility stocks 
outperform other stocks. Indeed, the alpha for of Q1 will not be higher than the alpha of Q5. In 
this case however, high-volatility stocks underperform other stocks in terms of alpha whereas 
low-volatility stocks outperform other stocks. 
Another remark can be made on the coefficient of determination (R²). This coefficient is used 
to measure the quality of the model. This coefficient is the lowest for Q1 (41,80%). The 
coefficient of determination for Q5 is equal to 71.37%. The three other quintiles have a 
coefficient of determination bigger with values of 61,66%, 65,95% and 71,96% respectively. 
The R² for Q1-Q5 is equal to 56.29%. 
Based on the betas obtained for each quintiles, I then plotted the annualized excess returns of 
each quintiles against their market betas to obtain the security market line. I also used the 
annualized risk-free rate for which the beta is equal to 0. The security market line is shown in 
graph II. 
Graph II: Security market line 

 
As we can see on the graph above, the security market line (blue line) is flatter than it should 
be in theory. Indeed, the security market line targets an expected rate of return of approximately 
8% for a zero-beta asset, which is way above the risk-free rate that should provide an asset 
having a market beta of 0. The security market line is thus flatter than what the theory on the 
CAPM model asserts. Blitz and Van Vliet (2007) find a negative relationship between between 
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risk and returns when decile are created by sorting stocks based on their variance. Although it 
is not the case here, we can however argue that the security market line is flatter than it should 
be. 
As observable on graph II, high-volatility stocks tend to be overvalued with regard to the 
valuation proposed by the CAPM while low-volatility stocks are undervalued. Indeed, the 
quintile of low-volatility stocks lies above the security market line and the quintile of high-
volatility stocks is below the security market line. The three other quintiles are also above the 
security market line. The annualized returns of high volatility stocks are 6.18% while the excess 
returns of low-volatility stocks are 11.16%. 
There is thus a low-volatility anomaly which is not consistent with the CAPM, as riskier stocks 
should provide greater returns. But, as we can observe on the security market line, low-volatility 
stocks tend to be undervalued, while high-volatility stocks tend to be overvalued. Moreover, 
the CAPM fails to explain the return on a portfolio having a long position on low-volatility 
stocks and selling short high-volatility stocks (Q1-Q5), as the alpha for this portfolio is 
significantly different from 0. This alpha is also positive, suggesting that low-volatility stocks 
perform better than high-volatility stocks in terms of alpha. 

4 - Persistency through time 
Low-volatility stocks outperform higher-volatility stocks on a risk-adjusted basis. But is the 
low-volatility anomaly consistent through time? The sample analysed is going from January 
1994 to December 2015. From this dataset of 22 years, it is worthwhile checking if the low-
volatility anomaly appeared during a certain period or if it is present during the whole testing 
period until December 2015.   
To check the consistency of the low-volatility anomaly through time, I applied the same 
methodology as Blitz and Van Vilet (2007). I divided the testing period into 2 different periods 
of time 11 years: the first period going from January 1994 to December 2004 and the second 
period from January 2005 to December 2015. I then calculated the Sharpe ratio for the 5 
quintiles of stock returns based on the variance. If the low-volatility anomaly is consistent 
through time, the Sharpe ratios for the quintile made of low-volatility stocks (Q1) should be the 
highest and the portfolio formed by high-volatility stock should have a lower Sharpe ratio for 
both periods analysed. 
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The Sharpe ratios for the 2 different periods of time and for the 5 quintiles are shown in table 
IV. It is worth noting that the Sharpe ratio for the low-volatility quintile Q1 is the highest among 
the five quintiles for both periods: from January 1994 to December 2004 with a Sharpe ratio 
equal to 0.95 and from January 2005 to December 2015 with a value of 0.73 for the Sharpe 
ratio. 
Additionally, Q5’s Sharpe ratio is consistently the lowest compared to the Sharpe ratios of the 
other quintiles for both periods of analysis. The Sharpe ratio of high-volatility stocks is equal 
to 0.14 during the first period (January 1994 to December 2004) and 0.07 for the second period 
(January 2005 to December 2015).  
Hence, high-volatility stocks consistently underperformed lower-volatility stocks on a risk-
adjusted basis through the 2 periods of time described in the table below. The three other 
quintiles (Q2, Q3 and Q4) have respectively a Sharpe ratio of 0.73, 0.77 and 0.52 for the first 
period and a Sharpe ratio of 0.58, 0.33 and 0.27 for the second period. So, for each period, high 
volatility stocks performed less than low-volatility stocks and the three other quintiles. 
Moreover, low-volatility stocks have the best adjusted-to-risk returns during both periods. 
As a conclusion, it seems that the low-volatility anomaly (low-volatility stocks outperforming 
high-volatility stocks) is consistent over time. High-volatility stocks have permanently the 
lowest Sharpe ratio and low-volatility stocks have the greatest Sharpe ratio for the two periods 
of 11 years, which tend to indicate a consistency through time of the volatility effect. 
Table IV: Sharpe ratios by quintile for 2 different periods of time 

Sharpe ratio Q1 Q2 Q3 Q4 Q5 
January 1994 - December 2004 0,95 0,73 0,77 0,52 0,14 
January 2005 - December 2015 0,73 0,58 0,33 0,27 0,07 

 
Persistency through time can also be verified by regressing the excess returns of the quintiles 
on the excess returns of the market for the two periods. The following table represent the alpha 
by quintile for the two periods with their p-value. The alpha for the portfolio with a long position 
in low-volatility stocks and a short position in high-volatility stocks (Q1-Q5) is also given. 
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Table V: Capital asset pricing model for 2 different periods of time 

 Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
1994-2004 alpha 0,61% 0,45% 0,53% 0,19% -0,74% 1,34% 

 Pr > |t| 0,008 0,080 0,046 0,516 0,111 0,010 
2005-2015 alpha 0,30% 0,20% -0,12% -0,26% -0,87% 1,17% 

 Pr > |t| 0,046 0,243 0,607 0,343 0,047 0,007 
 
We can observe that the alphas have similar characteristics for each quintile and follow the same 
pattern. The alphas are decreasing with volatility, as it is the case in the regression made 
previously on the whole period of analysis. In both cases, the alpha is the greatest for Q1 (0.61% 
and 0.30 %) and the lowest for Q5 (-0.74% and -.087%). Q1-Q5 experiences also a positive 
alpha for the two period with small p-values. The volatility effect is thus present in both period, 
as the low-volatility stocks outperform low-volatility stocks in those two periods.  

5 - The low volatility anomaly and other effects 
Although the low volatility anomaly exists, it is possible that the low volatility anomaly is in 
fact due to another effect. For example, the low-volatility anomaly could be related to the value 
effect or the size effect and will just capture the premium associated with those risk factors. The 
first thing to check is thus that the low volatility anomaly is different from those factors. 
In this part, the robustness of the low volatility anomaly will be tested with regard to three 
different risk factors: the size effect, the value effect, the momentum effect. The effect of interest 
rates will also be tested as low volatile stocks could benefit from low interest rates. They can 
thus be related to government bonds. 
In order to check the robustness of the low-volatility anomaly with regards to the other effects, 
I used the returns on those risk-factors available in the Fama-French library. For each risk factor, 
I first regressed the excess returns of each quintile against the returns of the risk factor. I 
obtained thus the sensitivity of the quintiles’ excess returns with the returns of the risk factor 
(the betas on the factor). Those betas were then used to make the quintiles neutral to the risk 
factor, that is to say by subtracting for each month each quintile’s returns by the returns on the 
risk factor multiplied by the beta of the quintile on the factor. By making the quintiles 
uncorrelated to the risk factor it is possible to check whether the low-volatility anomaly is 
attributable to this risk factor. 
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Size effect 
The first effect to be tested is the size effect. As stocks of small companies tend to outperform 
stocks of large companies, it is possible that low-volatility stocks are stocks of small companies 
while high-volatility stocks tend to be stocks of large companies. The volatility effect will then 
be associated to the size effect effect.  
 First, it is worth noting that by making a CAPM regression on the modified quintiles that are 
neutral to the size risk factor, we can still observe that some alphas are different from 0 with a 
great statistical significance. Those results are shown in table VI.  
The alpha of Q1 is equal to 0.46% whereas the alpha for Q5 is equal to -0.85%. The alphas for 
the three other quintiles Q2, Q3 and Q4 are respectively 0.32%, 0.20 % and -0.06%. 
Additionally, the portfolio having a long position in low-volatility stocks and selling short high-
volatility stocks (Q1-Q5) has a positive alpha. Its value is equal to 1.30%.  
Alphas are statistically different from 0 for the first and last quintiles at the 1% significance 
level (as their p-values are below 1%) and at a 5% significance level for Q2. Indeed, Q1 has a 
p-value of 0.001 while the p-value of Q5 is close to 0.  
The alphas are still different from 0 with a great confidence level after controlling for the size 
effect. So, the low-volatility anomaly cannot be attributed to this effect. Controlling for size 
slightly increases the alpha for the portfolio Q1-Q5. Indeed, the CAPM regression before 
controlling for size gives an alpha equal to 1.26% while the value of the alpha after controlling 
for size is 1.30%.  This proves again that the size effect is not responsible for the low-volatility 
anomaly. 
Table VI: CAPM after controlling for size 

Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
Beta Mkt 0,44 0,73 0,90 1,12 1,64 -1,20 
alpha 0,46% 0,32% 0,20% -0,06% -0,85% 1,30% 
Pr > |t| 0,001 0,039 0,304 0,785 0,01 6,3245E-05 

 
Another way to prove the fact that the low-volatility anomaly is not due to the size effect is to 
make the different quintiles neutral to this factor in order to check whether the Sharpe ratios are 
different from each other. The results of this approach after controlling for size are shown in 
table VII. 
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Table VII: Sharpe ratio after controlling for size 

Quintile Q1 Q2 Q3 Q4 Q5 
Sharpe ratio 0,85 0,65 0,51 0,36 0,06 

 
With this approach we can observe that the Sharpe ratio also decreases with volatility when the 
quintiles are made neutral to size. The Sharpe ratio after making the quintiles neutral to the size 
effect is still greater for the quintile of low-volatility stocks (0.85) than for any other quintiles. 
The Sharpe ratios for Q2, Q3 and Q4 are 0.65, 0.51 and 0.36 respectively. The last quintile has 
the lowest Sharpe ratio with a value of 0.06. The size effect is thus not responsible for the low-
volatility anomaly. The difference between the Sharpe ratio of the first quintile and the last 
quintile actually increases after controlling for size. 
Value effect 
The low volatility anomaly can also be due to the value effect (stocks with high book-to-market 
ratios outperform stocks with low book-to-market ratios). Low volatility stocks could be value 
stocks and high-volatility stocks growth stocks. In this case, the volatility effect will just be 
similar to the value effect.  
Table VIII provides the regression with regard to the excess returns of the market for the 
quintiles after controlling for the value effect.  
The alphas still follow a decreasing pattern, after controlling for the value effect. Indeed, Q1 
has an alpha of 0.39% and the alphas are then declining with volatility to reach -0.68% for Q5. 
The p-values are smaller than 5% for Q1 and Q5 and the alphas are thus different from 0 with 
a significant confidence level.  
The portfolio Q1-Q5 has also a positive alpha with a p-value smaller than 1%. Furthermore, it 
is worth noting that the alpha for this portfolio is decreasing after controlling for value (from 
1.26% to 1.07%). The value effect can thus have an impact on the volatility effect, but the alpha 
is different from 0 with a large confidence level. 
As a consequence, the value effect alone cannot explain the low-volatility anomaly. The alpha 
of Q1-Q5 is reduced when the portfolio is made neutral to the value factor, but not enough to 
conclude that the low-volatility anomaly is driven only by this effect. 
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Table VIII: CAPM after controlling for value 

Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
Beta Mkt 0,47 0,76 0,95 1,19 1,74 -1,26 
Alpha 0,39% 0,27% 0,17% -0,04% -0,68% 1,07% 
Pr > |t| 0,00138108 0,05394729 0,32081517 0,85655481 0,04495149 0,00189527 

 
Table IX shows the Sharpe ratios for each quintiles after controlling for the value effect. After 
controlling for value, there is still a high difference between the Sharpe ratio for low-volatility 
stocks and high-volatility stocks. The Sharpe ratio of Q1 is 0.83 is still way larger than the 
Sharpe ratio of Q5 (0.14). The Sharpe ratio is still diminishing as volatility increases. However, 
the difference of the Sharpe ratios between Q1 and Q5 declines after controlling for the value 
effect. 
Table IX: Sharpe ratio after controlling for value 

Quintile Q1 Q2 Q3 Q4 Q5 
Sharpe ratio 0,83 0,63 0,52 0,38 0,14 

 
Momentum effect 
The momentum factor can also be an explanation of the volatility effect. It is possible that low-
volatility stocks belong to firms having positive past returns, while high-volatility stocks belong 
to firms having past negative returns.  
Table X provides the CAPM regression after controlling for the momentum effect. Q1 has an 
alpha of 0.55% while the alpha of the last quintile is equal to -0.26%. All the alphas after this 
regression are not close to 0 for every quintile, proving that the low-volatility anomaly cannot 
be attributed only to the momentum risk factor.  
It is worth noting however that the portfolio Q1-Q5 has an alpha of 0.81%. Although the alpha 
of this portfolio has a p-value of less than 5%, it decreases from 1.26% to 0.81% when this 
portfolio is made neutral to the momentum effect. 
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Table X: CAPM after controlling for momentum 

Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
Beta Mkt 0,39 0,65 0,82 1,06 1,57 -1,18 
alpha 0,55% 0,50% 0,43% 0,26% -0,26% 0,81% 
Pr > |t| 0,0001 0,0024 0,0239 0,2349 0,4119 0,0148 

 
Results for the Sharpe ratio after controlling for the momentum factor are given in table XI. 
Table XI:  Sharpe ratio after controlling for momentum 

Quintile Q1 Q2 Q3 Q4 Q5 
Sharpe ratio 0,95 0,80 0,68 0,54 0,28 

 
After controlling for the momentum effect, the low volatility anomaly is still present: the Sharpe 
ratio of Q1 is equal to 0.95 and the Sharpe ratio of Q5 is 0.28. The Sharpe ratio is still decreasing 
as volatility increases. Hence, low-volatility stocks still present higher returns adjusted to risk 
than high-volatility stocks when the momentum effect is neutral.  
Interest rates 
Interest rate can also explain the low-volatility anomaly. Low-volatility stocks can indeed be 
represented as bond-like stocks. Baker and Wurgler (2007) acknowledge that low-volatility 
stocks tend to behave like bonds. Bonds tend to have greater values when interest rates are 
falling. Hence, low volatility-stocks can benefit from low-interest rates periods to outperform 
high-volatility stocks. In this case, the low-volatility anomaly will only be due to an effect of 
the interest rates that will make low-volatility stocks outperform high-volatility stocks. There 
can thus be a positive relationship between low-volatility stocks returns and bonds returns and, 
inversely, a negative relationship between high-volatility stocks and bonds. 
In order to check if the low-volatility anomaly is only due to interest rate and the fact that low-
volatility are bond-like, I made the quintiles neutral to a portfolio of US government bonds. As 
low-volatility stocks can be similar to bonds, a decrease in interest rates could explain their 
performance. Hence, by making the quintiles neutral to this portfolio of bonds, the anomaly 
should disappear if it is due to interest rates decrease. The portfolio of bonds is composed of 
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US government bonds of different maturities (3 months, 6 months, 1 year, 2 years, 3 years, 5 
years, 7 years and 10 years). 
The table below shows the results of a CAPM regression after making the returns of the 
quintiles neutral to the bond portfolio, which is a combination of the 8 US government bonds. 
Table XII: CAPM after controlling for interest rates 

Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
Beta MKT 0,43 0,73 0,93 1,19 1,81 -1,38 
alpha 0,58% 0,52% 0,21% 0,09% -0,37% 0,95% 
Pr > |t| 4,4806E-05 0,0011 0,2499 0,6738 0,2397 0,0048 

 
After controlling for interest rates, the alphas of the quintiles are getting closer to 0. More 
specifically, the portfolio of low-volatility stocks minus high-volatility stocks has an alpha that 
is decreasing after controlling for interest rates (from 1.26% to 0.95%). Interest rates have thus 
an impact on the low-volatility anomaly but don’t explain all of the effect. 
Regression using the four-factor model 
We have seen in the previous part that none of the three risk factors are individually responsible 
for the low-volatility anomaly. But what if the three factors are taken simultaneously? 
In order to test the impact of those factors taken together, I did a regression on the excess returns 
of each quintile and on a portfolio having a long position on Q1 (low-volatility stocks) and 
selling short Q5 (high-volatility stocks). This approach was introduced by Blitz and Van Vliet 
(2007), who make a regression by using the three-factor model of Fama and French (1993).  
Hence, the regression took this following form: 

  ittUMDi,tHMLi,tSMBi,ftmtMKTi,ftit UMDβ+HMLβ+SMBβ+RRβ+α=RR   
where  
Rit− Rft  is the excess return of quintile i at time t,  
Rmt− Rft  the market excess returns (market premium) at time t,  
SMBt  the risk premium associated with the size effect (small minus big),  
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HMLt  the premium associated with the value effect (high minus low) and  
UMDt  the risk premium associated with the momentum effect (up minus down).  

The results of the alphas for this regression are given at table XIII. 
Table XIII: Alphas of the regression using a four-factor model 

 Quintile Q1 Q2 Q3 Q4 Q5 Q1-Q5 
CAPM alpha 0,45% 0,32% 0,20% -0,04% -0,81% 1,26% 

 Pr > |t| 0,001 0,042 0,266 0,838 0,012 0,0002 
 R² 41,80% 61,66% 65,95% 71,96% 71,37% 56,29% 
4 factors alpha 0,34% 0,23% 0,13% -0,07% -0,55% 0,89% 

 Pr > |t| 0,004 0,073 0,417 0,719 0,045 0,002 
 R² 61,18% 74,96% 73,65% 77,22% 78,85% 70,27% 

 
By doing a regression using four factors, it is possible to compare the results with those obtained 
previously with the capital asset pricing model (CAPM). By adding three supplementary 
variables, the alphas for each quintile are closer to zero except for Q4. The p-value for Q4 is 
still big (0.72) and the hypothesis that alpha is equal to 0 for Q4 cannot be rejected.  Moreover, 
the coefficient of determination is bigger in each case, meaning that the three supplementary 
variables explain more variance in the data for each quintile. The coefficient of determination 
lies between 61.18% and 78.85%.   
However, the alpha for the first quintile is positive and still has a p-value close to 0, meaning 
that this alpha is significantly different from 0 with a high confidence level. Indeed, the p-value 
for the first quintiles is less than 0.01. Hence, the hypothesis that the alpha is equal to 0 can be 
rejected with a confidence level greater than 99%. The alpha for the last quintile is also closer 
to 0 than it is with the CAPM. As the p-value for Q5 is still smaller than 0.05, it is possible to 
reject the hypothesis that alpha is equal to 0 at a 5% significance level. The high-volatility 
stocks still outperform low-volatility stocks in terms of alpha. 
By taking the portfolio composed of a long position in Q1 and a short position in Q5 (Q1-Q5), 
we can observe that the alpha is decreasing compared to the alpha of the CAPM. The alpha 
obtained with the regression on 4 factors decreased from 1.26 % to 0.89%. The 3 additional 
factors are thus responsible for around one third of the alpha presented by this portfolio but 
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cannot explain all of the outperformance of low-volatility stock in comparison with high-
volatility stocks.  
Moreover, the coefficient of determination has increased by using the four-factor model and is 
now equal to 70.27%. The p-value has nevertheless a value below 0.01. The hypothesis that 
alpha is equal to 0 can thus be rejected with great confidence. Consequently, the volatility effect 
is still present after the regression (even though the factors lowered the alpha) on the 4 factors 
and is due to other effects than the size, value and momentum effect. 
The following table shows the results of the regression on the portfolio of low-volatility stocks 
minus high-volatility stocks.  
Table XIV: Regression of Q1-Q5 with the four-factor model 
 alpha Mkt-RF SMB HML Mom R² SBC 
4 factors 0,89% -1,07 -0,65 0,30 0,46 70,27% -1617,70 
Pr > |t| 0,002 < 0,0001 < 0,0001 0,002 < 0,0001 / / 
Correlation coefficient / -0,749 -0,425 0,293 0,408 / / 

 
Q1-Q5 has a negative exposure to the market portfolio (just like with the CAPM). The exposure 
for the SMB factor is negative (-0.65). The HML factor has a regression coefficient equal to 
0.30 and the regression coefficient for the momentum factor is positive (0.46). The correlation 
coefficients of the factors follow the same trend: negative for the SMB factors and positive for 
the HML and the momentum factor. Low-volatility stocks can be associated with large 
capitalizations, value and “winning” stocks. On the other hand, high-volatility stocks are linked 
to small capitalizations, growth and “loser” stocks. 
As a conclusion, although the four-factor model tend to bring the alphas of the quintiles to a 
value closer to 0, those alphas are nevertheless different from 0 for Q1 and Q5 at a confidence 
level of 95%. The volatility effect cannot be explained by the size, value or momentum effect.  
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Part IV : Explanation of the low volatility anomaly 
After discussing the existence of the low-volatility anomaly, the causes of this effect can be 
examined. This part is thus dedicated to the explanation that can be provided to explain the low 
volatility anomaly. Among the explanations suggested by the literature, I will discuss higher 
moments and some explanations provided by intrinsic properties of the firms such as the 
operating performance or the dividend yield. 

1 - Higher moments 
The first explanation possible for the low-volatility anomaly is the fact that individuals can also 
be sensitive to higher moment. Indeed, a higher skewness goes with a higher probability of 
extreme positive returns. The fact that high-volatility stocks would have a higher positive 
coskewness with the market portfolio can be an explanation for them to be overpriced. 
Individuals holding the market portfolio would be attracted to those stocks with a positive 
coskewness, as it will improve the skewness of their portfolio. Similarly, low-volatility stocks 
could have a low and negative coskewness. Low-volatility stocks would then be riskier in terms 
of downside risk and would explain their better performance, as investors would ask for a 
premium to bear the risk of extreme negative returns.  
It is also possible that high-volatility stocks are preferred by investors because those stocks will 
decrease the kurtosis of their portfolio. A lower kurtosis would mean a lower chance to 
experience extreme returns, as the kurtosis represent the “fatness” of the tails in a probability 
distribution. High-volatility stocks could thus have a lower cokurtosis with the market portfolio 
and low-volatility stocks a higher cokurtosis. Investors would thus ask a premium for increasing 
the kurtosis of their portfolio with low-volatility stocks and bearing more risks of extreme 
returns.  
High-volatility stocks could thus have a higher coskewness than low-volatility stocks. This 
higher coskewness could explain the underperformance of those stocks with regard to low-
volatility stocks. Moreover, if the high-volatility stocks also present a lower cokurtosis with the 
market than low-volatility stocks, cokurtosis could explain the difference of performance 
between stable and volatile stocks.   
I constructed those risk factors (cokurtosis and coskewness) by sorting the stocks into 5 
quintiles based on coskewness and cokurtosis. After building the quintiles, I made regressions 
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using the factors on a portfolio having a long position in the first quintile and a short position 
in the last quintile based on volatility (Q1-Q5).  
The first factor tested is the coskewness, which is a portfolio having a long position in stocks 
with a high coskewness with the market portfolio and a short position with stocks having a low 
coskewness. This portfolio is called “COS”. The second factor, the cokurtosis with the market 
portfolio, is also a portfolio having a long position in high-cokurtosis stocks and selling short 
low-cokurtosis stocks. This cokurtosis factor is called “COK”. We obtained thus 2 times series 
of returns that can be regressed on the returns of the portfolio with a long position on low-
volatility stocks, and a short position on high-volatility stocks (Q1-Q5). 
Table XV: Regression using COS 

By regressing the returns of Q1-Q5 on the returns of COS, we observe a positive relationship 
between those two portfolios. Indeed, the coefficient for the factor COS is positive, meaning 
that a positive realisation on the factor COS will have a positive impact on the portfolio having 
a long position in low-volatility stocks and a selling short high-volatility stocks. The p-value is 
close to 0. The coefficient of the risk factor COS is thus relevant and there is a positive 
relationship between those two variables. 
Unsurprisingly, the correlation coefficient is positive and is equal to 0.177, meaning that the 
two variables are positively correlated. Low-volatility stocks tend thus to have a greater 
coskewness with the market portfolio than high-volatility stocks. It should be noted that the 
coefficient of determination is equal to 3.12%. So, the factor COS does not explain well the 
returns of the portfolios Q1-Q5 because the part of the variance of Q1-Q5 explained by this 
variable is only equal to 3.12%. 
The table below presents the results of the regression by adding the COS factor to the 4 factors 
used in the four-factor model of Fama-French-Carhart (Carhart,1997). It also shows the 
coefficient of the regression by using the four-factor model (without the coskewness factor). 
 

 alpha COS R² 
Value 0,30% 0,251 3,12% 
Pr > |t| 0,548 0,004 / 
Correlation coefficient / 0,177 / 
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Table XVI: regression by using the four-factor model and the COS factor 
 alpha Mkt-RF SMB HML Mom COS R² SBC 
4 factors 0,89% -1,07 -0,65 0,30 0,46 / 70,27% -1617,70 
4 factors + COS 0,93% -1,08 -0,66 0,30 0,45 -0,05 70,37% -1613,02 
Pr > |t| 0,0014 < 0,0001 < 0,0001 0,0018 < 0,0001 0,3478 / / 

 
By adding the coskewness factor, the alpha of the regression actually increases from 0.89% to 
0.93%. The coefficient of the first four factors are staying constant when the fifth factor about 
the coskewness is added to the model. Moreover, the R² of the linear regression only increases 
by 0.1%, from 70.27% to 70.37%. The coefficient of the coskewness factor is close to 0, with 
a value of -0.05.  
The Schwarz Bayesian Criterion (SBC) developed by Schwarz (1978) enables to check whether 
adding a dimension can be beneficial for the model or not. The goal when adding a variable is 
to get the lowest possible value for this criterion. Adding too many variables is penalized and 
increases the SBC, which allows a comparison between two models having a different number 
of variables. By adding the COS factor, the SBC actually increases from -1617.70 to -1613.02. 
This proves that the variable COS is unnecessary to explain the returns of the portfolio Q1-Q5. 
Besides, the graph below shows the coefficients of the regression as well as the 95% confidence 
interval for each of these coefficients. The first four factors are significantly different from 0 at 
a 5% significance level. The last factor is the only one for which the hypothesis of having a 
coefficient equal to 0 cannot be rejected. For this factor, the lower bound is negative while the 
upper bound is positive. The value of 0 lies thus inside the confidence interval. 
Graph III: Regression coefficients (COS and 4 factors) 
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The COS factor seems thus to be a redundant factor when the variables of the four-factor model 
are taken into account. The four other factors absorb the explanatory power that this factor can 
have on the returns of Q1-Q5. There are thus no relations between the portfolio of low-volatility 
stocks minus high-volatility stocks and the coskewness factor. In other words, the low-volatility 
anomaly cannot be attributed to a higher coskewness for high-volatility stocks.  
The following tables and graph present the results of the regression using the cokurtosis factor. 
Similarly, as the previous analysis on coskewness, the four-factor model is used in order to 
check the relevance of using this factor with the four other variables. 
Table XVII: Regression using COK 
 Alpha COK R² 
Value 0,16% -0,480 9,30% 
Pr > |t| 0,737 < 0,0001 / 
Correlation coefficient / -0,305 / 

 
The regression of the returns of Q1-Q5 on the cokurtosis factor gives a coefficient with a value 
of -0.480 and the p-value is very close to 0. There is thus a negative relationship between Q1-
Q5 and COK. Unsurprisingly, the correlation coefficient is negative and has a value of -0.305. 
Low-volatility stocks tend thus to have a lower cokurtosis than high-volatility stocks. The 
coefficient of determination for this variable is equal to 9.30%, which means that 9.30% of the 
variance of Q1-Q5 is explained by COK. 
Table XVIII: regression by using the four-factor model and the COK factor 

 Alpha Mkt-RF SMB HML Mom COK R² SBC 
4 factors 0,89% -1,07 -0,65 0,30 0,46 / 70,27% -1617,70 
4 factors + COK 0,81% -1,02 -0,68 0,24 0,48 -0,09 70,51% -1614,285 
Pr > |t| 0,0049 < 0,0001 < 0,0001 0,0186 < 0,0001 0,1463 / / 

 
By adding the COK factor to the four-factor model, it can be noticed that the alpha is reduced 
from 0.89% to 0.81%. However, the null hypothesis that the alpha is equal to 0 can be rejected 
with a great level of confidence, as the p-value is lower than 1% (0.0049).  
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Although the R² marginally increases by adding this variable (from 70.27% to 70.51%), the 
factor COK is not a powerful factor. When adding the COK factor, the Schwarz Bayesian 
criterion (SBC) grows from -1617.70 to -1614.285. Including the COK factors is penalizing the 
SBC score, meaning that this additional variable does not provide further information in 
comparison with the four-factor model.  
Additionally, the graph of the coefficients below shows that the hypothesis that the coefficient 
for each factor is equal to 0 can be rejected (confidence interval of 95%) except for the COK 
factor. Indeed, this factor has the value 0 in-between its lower bound and its upper bound. The 
value 0 is thus possible for the coefficient of this variable. The p-value for the coefficient of the 
COK factor is equal to 0.1463. This also proves that the coefficient of the COK factor is close 
to 0 and thus does not bring additional information to the four-factor model. 
Graph IV: Regression coefficients (COK and 4 factors) 

 
Just like the COS factor, the COK factor is redundant with the four-factor model. Although 
there is a relationship when a regression on the returns of Q1-Q5 is made with COK only, this 
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made on 4 factors and the COK factor, the coefficient of the COK factor is close to 0. The four 
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portfolio than high-volatility stocks. The cokurtosis with the market portfolio tend to be higher 
for high-volatility stocks. 

2 - Dividend yield, operating profitability and investment 
The volatility effect can also be due to some characteristics of the companies with low and high 
volatility in their stock returns. Those characteristics could be for example a bigger dividend 
yield for low-volatility stocks, or a better operating profitability than high-volatility stocks. 
We have already seen that low-volatility firms tend to be bigger capitalizations than high-
volatility companies. Moreover, low-volatility stocks tend to be value stocks and high-volatility 
stocks growth stocks. Although, this risk factor didn’t explain all of the low-volatility anomaly, 
those features, linked with others, could be an explanation for the low-volatility anomaly. 
An explanation for the low-volatility anomaly could be the fact that low-volatility stocks also 
provides higher dividend yield. Firms that pay higher dividends could be stable firms, that are 
well-established in their sector and that have thus income which does not vary so much from 
one year to another. On the other hand, high-volatility stocks can be linked to small 
capitalization, growth stocks and providing a smaller yield as those kind of companies could 
need more capital in order to develop their activities. 
More stable firms could also have higher operating performance. Those companies would 
perform better than less stable (and hence more volatile) companies. Stable firms could also be 
firms that invest conservatively (in spite of their robust operating profitability), while high-
volatility can be driven by firms investing aggressively despite a weak profitability. 
To check whether the factors quoted previously are responsible for the low-volatility anomaly, 
I did a regression on the returns of the quintiles on the 4 Fama-French-Carhart factors and on 
three other factors: dividend yield, operating performance and investments. The returns for 
those three factors were taken from the Fama-French library. The dividend yield factor was 
computed by subtracting the returns on the quintile of stocks with low dividend yield stocks 
from the returns on the quintile with high dividend yield. The operating profitability and 
investments were given directly from the Fama-French library, as those variables are taken into 
account for the five-factor asset pricing model (Fama & French, 2015).  
Fama and French added two factors to their three-factor model: operating profitability and 
investment. Firms associated with a high profitability produce higher returns than firms with 
low profitability (Novy-Marx, 2013).  A risk factor can thus be created by making the difference 
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of returns between stocks having a robust operating profitability and stocks having a weak 
operating performance (Robust Minus Weak: RMW). Moreover, firms with a conservative 
investment strategy outperform firms having an aggressive investment strategy.  A risk factor 
can thus be created for investment by making the difference between high investment stocks 
and low investment stocks (Conservative Minus Aggressive: CMA).  
The tables below describe the regression on the returns of the portfolio of low-volatility stocks 
minus high-volatility stocks with the three factors described previously (dividend yield, 
operating performance and investment) taken individually.  
Table XIX: Regressions on dividend yield, operating performance and investment 
Dividend yield Alpha Div R² 
Value 0,30% 0,818 18,80% 
Pr > |t| 0,502 < 0,0001  
Correlation coefficient  0,434  

 
Operating profitability Alpha RMW R² 
Value -0,21% 1,779 35,39% 
Pr > |t| 0,599 < 0,0001  
Correlation coefficient  0,595  

 
Investment Alpha CMA R² 
Value 0,03% 1,450 14,46% 
Pr > |t| 0,941 < 0,0001  
Correlation coefficient  0,380  

 
The first regression using the dividend yield provides a positive slope for the dividend yield 
factor with a value of 0.818. The p-value for the coefficient is close to 0. There is thus a positive 
relationship between the volatility effect and the dividend yield factor. Furthermore, the 
correlation coefficient is equal to 0.434. There is indeed a tendency of low-volatility stocks to 
be stocks with high dividend yields while high-volatility stocks tend to have lower dividend 
yields. The coefficient of determination is equal to 18.80%. The variable Div. explains thus 
18.80% of the variance of Q1-Q5. 
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Secondly, the regression with the operating profitability factor (RMW: Robust Minus Weak) 
specifies that the coefficient of this factor is positive. The slope of this regression is 1.779. As 
the p-value is also close to 0, it is possible to conclude that there is a positive relationship 
between the portfolio Q1-Q5 and the risk factor RMW. This is confirmed by the correlation 
coefficient between those two variables which is equal to 0.595. Low-volatility stocks tend thus 
to have a greater operating profitability than high-volatility stocks. The coefficient of 
determination is the highest among the three factors studied here as the R² reaches a value of 
35.39%. The factor RMW explains thus by itself more than one-third of the variance of Q1-Q5. 
The third regression uses the investment factor (CMA). The value obtained for the slope of this 
regression with investment is positive and equal to 1.450. The correlation coefficient is also 
positive (0.380). Q1-Q5 is thus positively correlated to the investment risk factor CMA. Low-
volatility firms tend thus to be firms with a more conservative investment strategy than high-
volatility firms. The coefficient of determination for this regression is equal to 14.46%. 
The table below provides the regressions by using all the factors together.  
Table XX: regressions by using the four-factor model and the RMW, CMA and Div. factors 
 alpha Mkt-RF SMB HML Mom Div. RMW CMA R² SBC 
4 factors 0,89% -1,07 -0,65 0,30 0,46 / / / 70,27% -1617,70 
7 factors 0,39% -0,815 -0,440 -0,285 0,439 0,289 0,731 0,441 74,60% -1642,53 
Pr > |t| 0,157 < 0,0001 < 0,0001 0,036 < 0,0001 0,0004 < 0,0001 0,01 / / 
VIF / 1,66 1,58 2,81 1,22 1,83 2,24 2,21 / / 

 
By adding to the Fama-French-Carhart model the dividend yield, the operating profitability and 
the investment factors, the alpha of the regression is reduced from 0.89% to 0.39%. The p-value 
for the alphas is equal to 0.157. Hence, the hypothesis that the alpha is equal to 0 cannot be 
rejected at the 10% significance level. The coefficient of determination improves from 70.27% 
to 74.60%. The Schwarz Bayesian criterion is lower when including the dividend yield, the 
operating profitability and the investment factors. Indeed, the SBC moves from -1617.70 to -
1642.53. The quality of the model improves using these three additional variables.  
However, the coefficients of the first four risk factors decrease and the coefficient of HML 
becomes negative. This could be due to multicollinearity. It is indeed possible that some 
variables are highly correlated. 
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The variance inflation factor (VIF) measures the degree of multicollinearity of a factor with 
regard to the other variables and is the largest among all factors for the HML factor. The 
following table shows the correlation matrix, which describes the correlation between the 
factors. 
Table XXI: Correlation matrix 
Variables SMB HML Mom Div RMW CMA 
SMB 1 -0,347 0,083 -0,240 -0,593 -0,139 
HML -0,347 1 -0,174 0,583 0,497 0,658 
Mom 0,083 -0,174 1 -0,087 0,058 0,048 
Div -0,240 0,583 -0,087 1 0,335 0,555 
RMW -0,593 0,497 0,058 0,335 1 0,243 
CMA -0,139 0,658 0,048 0,555 0,243 1 
Values in bold are different from 0 with a significance level alpha=0,05  

 
As we can see in this table, the correlations of the factor HML with the other factors are all 
different from 0 with a significance level of 5%. This variable is thus highly correlated with the 
other variables. The factor HML presents a significant correlation with the three added factors 
with correlations equal to 0.583, 0.497 and 0.658 for Div., RMW and CMA. This is consistent 
with the findings of Fama and French (2015), that found out that the HML factor is redundant 
in their five-factor model that takes into account operating profitability (RMW) and investment 
(CMA). 
The factor HML seems thus redundant and can be eliminated. Another evidence to eliminate 
this variable can be obtained by doing a regression on the returns of the portfolio of low-
volatility minus high-volatility stocks on 5 factors: the four factors used by Fama, French and 
Carhart and one of the other factors (Div., RMW or CMA). 
The graphs below describe the regressions made by using 5 factors: the factors of the four-
factor model (MKT-RF, SMB, HML and Mom) and an additional factor (Div., RMW or CMA). 
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Graph V: Regression coefficients by using 5 factors 
 

 
In each regression performed above, the regression coefficient of the variable HML is close to 
0. Moreover, the upper and lower bounds of a confidence interval of 95% for this factor always 
comprise 0. It is impossible to reject the hypothesis that the regression coefficient of HML is 
different from 0. HML is thus a redundant factor when dividend yield, operating profitability 
and investment are taken into account and can thus be removed from previous regressions. The 
other factors already provide the information that this factor could bring. 
Another factor that can be redundant is the investment factor. Indeed, this factor has a high 
correlation with the dividend yield factor (0.555). It is thus possible that the information 
contained in this variable is already explained by the other variables. 
The following table and graph provide information on the regression made by using 6 factors. 
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Table XXII: Regressions by using 6 factors (MKT-RF, SMB, Mom, Div., RMW and CMA) 

 alpha Mkt-RF SMB HML Mom Div. RMW CMA R² SBC 
7 factors 0,39% -0,81 -0,44 -0,28 0,44 0,29 0,73 0,44 74,60% -1642,53 
6 factors 0,46% -0,85 -0,43 / 0,47 0,24 0,61 0,23 74,16% -1643,54 
Pr > |t| 0,096 < 0,0001 < 0,0001 / < 0,0001 0,002 < 0,0001 0,127 / / 
VIF / 1,575 1,581 / 1,161 1,683 1,870 1,493 / / 

 
Graph VI: Regression coefficients for 6 factors (MKT-RF, SMB, Mom, Div., RMW and CMA) 

 
By removing the HML factor from the previous regression with 7 factors, the alpha of the 
regression increases from 0.39% to 0.46%. The coefficient of determination decreases and 
reaches a value of 74.16%. The Schwarz Bayesian criterion is decreasing and is now equal to -
1643.54. The HML coefficient can thus be removed from the model and the explanation of the 
volatility effect. The regression with 6 factors provides the regression coefficient that are given 
in graph VI. 
The CMA factor is equal to 0.226 and has the value 0 that is comprised within its confidence 
interval (95%). Additionally, the p-value for the CMA coefficient is equal to 0.127 and the 
hypothesis that the regression coefficient is different from 0 cannot be rejected.  
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Table XXIII: regressions by using 5 factors (MKT-RF, SMB, Mom and Div., RMW) 

 alpha Mkt-RF SMB Mom Div. RMW R² SBC 
6 factors 0,51% -0,864 -0,427 0,470 0,298 0,615 73,92% -1646,71 
Pr > |t| 0,061 < 0,0001 < 0,0001 < 0,0001 < 0,0001 < 0,0001 / / 
VIF / 1,553 1,580 1,157 1,300 1,868 / / 

 
The alpha for this regression is equal to 0.51% and has a p-value higher than 5%. Hence, the 
hypothesis that alpha is equal to 0 cannot be rejected at a 5% significance level. The R² is 
73.92% and the SBC decreases in comparison with the regressions with 6 and 7 factors. This 
regression is thus more adapted than the previous one to explain the returns of the portfolio 
having a long position in low-volatility stocks and a short position in high-volatility stocks. The 
regression coefficients are all significantly different from 0, as their p-values are close to 0 and 
their VIF are close to 1. 
By way of conclusion, I would say that the factors explaining the returns on a portfolio having 
a long position in low-volatility stocks and selling short high-volatility stocks are the size, 
momentum, dividend yield and operating profitability factors. By adding those factors to the 
CAPM, it is possible to find an alpha that is not different from 0 at the 5% significance level. 
Those factors play thus a role on the low-volatility anomaly. Low-volatility stocks tend to be 
bigger capitalizations than high-volatility stocks, “winning” stocks, providing a higher dividend 
yield and with a higher operating profitability. 
Besides the size and momentum factor, two other factors can explain the low-volatility 
anomaly: operating profitability and the dividend yield. The low-volatility anomaly is thus 
linked with the operating profitability factor identified by Novy-Marx (2013) and identified in 
the five-factor model of Fama-French (2015). It is worth noticing that the volatility effect is 
highly correlated with the operating profitability factor, with a correlation coefficient of 0.595.  
Dutt and Humphery-Jenner (2013) found a link between low-volatility and high operating 
performance. They suggested that low-volatility firms tend to have high operating performance 
that turns into high cash flows that could be used to invest and pursue the firms’ expansion. 
However, the volatility effect in this sample has a positive correlation with the investment factor 
(conservative minus aggressive: CMA). Other factors should explain the link between the 
volatility and operating performance effect. Maybe low-volatility companies, like firms with 
high profitability, experience higher operating leverage. 
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The volatility effect is also positively correlated with dividend yield: low-volatility firms tend 
to grant a higher dividend yield than high-volatility firms. Maybe low-volatility firms are more 
mature, so that they can grant a high dividend yield. Such firms can thus have few opportunities 
to grow and can thus pay a high dividend to their shareholders. Those mature and stable firms 
can be seen as “boring” in comparison with “glamorous” high-volatility stocks for which 
investors can expect better growth opportunities.  
Moreover, low-volatility stocks can be associated with bond-like stocks. Bond-like stocks are 
low-volatility stocks, that pays dividend and that have thus increasing values when interest rates 
are decreasing.  

3 - Trading volume and prices 
Another explanation for the low-volatility anomaly lies into behavioural finance. Indeed, an 
excessive demand for high-volatility stocks, derived from certain bias, could explain the fact 
that high-volatility stocks are overvalued in comparison with low-volatility stocks. In order to 
measure this disproportionate appeal for high-volatility stocks, I used the daily average trading 
volume per stock for each month. As the daily average volume represents the amount of a stock 
traded on average, a stock for which there is a strong interest will have a high daily average 
trading volume. 
This table below shows the average trading volume for each quintile. 
Table XXIV: Average daily trading volume by quintile 

Quintile Q1 (LV) Q2 Q3 Q4 Q5 (HV) 
Average daily trading volume (per stock) 2 758 149   3 386 397   3 912 560   4 892 460   6 772 617   
Minimum 545 454   1 013 556   1 275 003   1 823 256   2 838 213   
Maximum 10 611 681   10 046 480   10 723 563   10 393 087   18 858 834   

 
As we can observe in the table above, the average daily trading volume is the smallest for the 
low-volatility stocks (Q1) and the highest for high-volatility stock (Q5). Moreover, the average 
daily trading volume is increasing with the quintiles having more volatile stocks. It is also worth 
noticing that the minimum trading volume follows the same trend: the smallest minimum 
trading volume lies in Q1 (low-volatility stocks) and is the highest for Q5 (high-volatility 
stocks). The maximum average trading volume is similar for the first four quintiles, as the 
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values are around 10 million. However, the maximum average daily trading volume for Q5 is 
greater, with a value close to 19 million. 
Those results are first important to reject the hypothesis that the low-volatility anomaly would 
be due to a liquidity issue. Indeed, a stock which has a low trading volume could be volatile by 
having a slight increase in his trading volume. 
Low-volatility stocks are stocks of more mature firms, as discussed previously, with high 
operating performance and high dividend-yield. Due to these characteristics, such a stock is not 
going to have tremendous performance and could be seen as quite boring in comparison with a 
high-volatility stocks (because of the representativeness or overconfidence bias for example). 
High-volatility stocks can be seen as “glamour” stocks that would trigger the interest of 
investors seeking for large short-term returns. This result is consistent with the findings of Lee 
and Rui (2002), who found a positive relationship between trading volume and volatility in the 
US, UK and Japanese markets. Lee and Swaminathan (2000) pointed out that high volume 
stocks are generally “glamour” stocks while low stocks with low volume tend to be “neglected” 
stocks. Moreover, they also found that firms having a low trading ratio also have a better 
operating performance (calculated as the increase of the ROE) than high trading volume firms. 
Some biases such as the overconfidence bias or the representativeness bias could be 
explanations linked with behavioural finance that could explain an important interest for high-
volatility stocks. This interest can be translated by the fact that trading volume is more important 
for high-volatility stocks than for any other stocks, as there is a trend linking high-volatility 
stocks with high trading volume. Barberis and Thaler (2003) argued that an excessive trading 
volume is linked to overconfidence from investors.  
I also calculated the average price of the stocks within each quintile based on volatility. In order 
to compute the average price for each quintile, I used the closing price given by “Yahoo finance” 
for each month. Results are available in table XXV. 
Table XXV: Average closing price by quintile 

Quintile Q1 (LV) Q2 Q3 Q4 Q5 (HV) 
Average Closing Price 58,24 53,51 51,44 45,12 35,05 
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As we can observe on this table, the average close price is the highest for low-volatility stocks 
with a value of $58,24 on average. The average closing price is decreasing as the volatility of 
the stocks is increasing. Indeed, Q2 has an average closing price of $53,51, while the values for 
Q3 and Q4 are $51,44 and $45,12 respectively.  
We can thus conclude that, on average, low-volatility stocks are more expensive than high-
volatility stocks. High-volatility stocks are on average cheaper than other stocks. The fact that 
those stocks are the cheapest can be a reason for the low-volatility anomaly. Indeed, individuals 
can be driven towards cheap and highly volatile stocks. As individuals can also be loss averse, 
investing in a cheap stock would be less “painful” for them if the stock experience negative 
returns. 
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Conclusion 
I first prove that there is a volatility effect in this sample of US stocks. In this sample, low-
volatility stocks experience better returns than high-volatility stocks. By investing in the 
quintile of low-volatility stocks, an individual would get higher returns than by investing in 
high-volatility stocks. Additionally, low-volatility stocks outperform high-volatility stocks in 
terms of Sharpe ratio and alpha from a CAPM regression.  
Hence, low-volatility stocks have better performance on a risk-adjusted basis. The alpha for the 
low-volatility quintile is positive for low-volatility stocks and negative for high-volatility 
stocks. Moreover, a portfolio with a long position in low-volatility stocks and a short position 
in high-volatility stocks experiences a positive alpha. There is thus a volatility effect in this 
sample, which is in accordance with other studies performed on US stocks. Blitz and Van Vliet 
(2007) or Baker, Bradley and Wurgler (2011) also found this anomaly in the US market. 
I also test whether the volatility anomaly is present during the whole period studied (1994-
2015). I divide the sample into two periods of 11 years and find that low-volatility stocks have 
better performance than high-volatility stocks during the two periods. Consequently, the low-
volatility anomaly is not driven by only one period of time. 
Secondly, it was proven that the low-volatility anomaly was not similar to another effect such 
as the size, value or momentum effect. Indeed, by making the quintiles neutral to the size, value 
and momentum effect, low-volatility stocks still outperform high-volatility stocks. Indeed, low-
volatility stocks still present a higher alpha (and Sharpe ratio) than high-volatility stocks when 
the quintiles are made neutral to those effect. The same conclusion can be done when the 
quintiles are made neutral to a bond portfolio. By doing so, the fact that low-volatility stocks 
are bond-like stocks (2012) is taken into account, and the effect of interest rates can be 
controlled.  
Moreover, a regression using the four-factor model also provides a greater alpha for low-
volatility stocks than high volatility stocks. The portfolio of low-volatility stocks minus high 
volatility stocks also presents a positive alpha. Concerning this last point, it should be noted 
however that the alpha is diminishing by around one third when three factors are taken into 
account. Those factors have thus an impact on the low-volatility anomaly.  
It should be noted that the size effect is negatively correlated with the volatility effect. Low-
volatility firms tend thus to be larger capitalizations than high-volatility stocks. Additionally, 
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there is a positive correlation between the volatility and value effect. Consequently, low-
volatility stocks can be associated to value stocks whereas high-volatility stocks are linked to 
growth stocks. Similarly, the momentum effect and the low-volatility anomaly are also 
positively correlated. As a result, low-volatility stocks can be related to winning stocks and 
high-volatility stocks are linked to loser stocks. 
After checking that the low-volatility anomaly was robust to different effects, I check that the 
low-volatility anomaly can be attributed to the fact that high-volatility stocks would have a 
higher coskewness with the market portfolio than low-volatility stocks. For this purpose, I 
construct the factor COS, which is a portfolio having a long position in stocks having a high 
coskewness and a short position in stocks with a low coskewness. I regress the returns of the 
portfolio of low-volatility stocks minus high-volatility stocks on the COS factor. I find that low-
volatility stocks tend to have a higher coskewness with the market portfolio than high-volatility 
stocks. There is indeed a positive correlation between the volatility effect and the COS factor. 
Hence, the low-volatility anomaly cannot be associated with the fact that high-volatility stocks 
would have a higher coskewness than low-volatility stocks. 
Correspondingly, I check the effect of the cokurtosis on the volatility effect. High-volatility 
stocks could have a lower cokurtosis than low-volatility stocks. To do that, I apply the same 
methodology used for the COS factor. So, I construct a portfolio having a long position in stocks 
with a high cokurtosis with the market portfolio and a short position in stocks with a low 
cokurtosis. This factor is called “COK”. By doing a regression with the portfolio of low-
volatility stocks minus high-volatility stocks against the COK factor, we can observe that the 
low-volatility anomaly is negatively correlated with the COK factor. Low-volatility stocks tend 
thus to have a lower cokurtosis than high-volatility stocks. The low-volatility anomaly cannot 
be attributed to the COK factor. 
Another evidence of the fact that coskewness and cokurtosis does not explain the volatility 
effect is the fact that, when a regression is made with 5 factors (excess market returns, size, 
value, momentum and coskewness or cokurtosis), the alpha of the portfolio with low-volatility 
minus high-volatility stocks is different from 0 at a 1% significance level. Besides, the 
coefficients of both factors have a high p-value, meaning that the coefficients for these factors 
can be equal to 0. Coskewness and Cokurtois does not seem to be responsible for the volatility 
effect.  



65  

Other factors that could explain the low-volatility anomaly are then tested. The three other 
factors tested are: dividend yield, operating profitability and investment. Each of the effects 
were are tested by using the returns of a portfolio having a long position in low-volatility stocks 
and selling short high-volatility stocks with those 3 factors. 
The dividend yield factor is constructed with the data available on the Fama-French library, and 
by taking the returns of stocks with a high dividend yield minus the returns of stocks with a low 
dividend yield. This factor presents a positive correlation with the volatility effect. Hence, low-
volatility stocks can be associated with stocks offering a high dividend yield whereas high-
volatility stocks don’t provide a high dividend. 
The influence of the investment factor (conservative minus aggressive: CMA) is then studied. 
The correlation with the investment factor is also positive. Low-volatility firms tend to have a 
conservative investment strategy whereas high-volatility firms tend to invest more aggressively. 
Operating profitability is positively correlated to the volatility effect. Low-volatility firms tend 
thus to have a higher operating profitability than high-volatility firms. The operating 
profitability factor (robust minus weak: RMW) has a great impact on the volatility effect. 
Indeed, this factor present the highest correlation coefficient with the portfolio of low-volatility 
stocks minus high volatility stocks. The coefficient of determination is also important with the 
effect. 
By doing a regression using 7 factors (the four-factor model and the three factors above), it 
seems that some factors can be eliminated as their regression coefficients are close to 0. This is 
the case for the value and investment factors that can be seen as redundant factors. So, the 
volatility effect could be explained by 2 other factors additionally to size and momentum: 
operating profitability and dividend yield. 
Those findings are consistent with the findings of Dutt and Humphery-Jenner (2014), who 
found that low-volatility stocks have better operating performance than high-volatility stocks. 
However, their argument that low-volatility firms invest more than high-volatility companies 
does not seem pertinent, as the volatility effect is positively correlated with the investment 
factor.  
The dividend yield is also a factor that has its importance in the low-volatility effect. Low-
volatility stocks tend to offer a higher dividend yield than high-volatility stocks. This can be 
due to the fact that low volatility firms are more mature firms, with more stable earnings and 
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without significant investments to endure. Those stocks can be seen as more boring than high-
volatility stocks, that don’t provide dividend yields, but can have more opportunities to pursue 
their expansion. High-volatility stocks can be seen as “glamour” stocks and trigger more interest 
from investors. Moreover, low-volatility stocks can be associated to bond-like stocks, as they 
provide a high-dividend yield and are more stable than high-volatility stocks. As those stocks 
are close to bonds, decreasing interest rates could also explain the better performance of low-
volatility stocks over more volatile stocks. 
In addition to those factors, I also find that high-volatility stocks have on average a higher 
trading volume than low-volatility stocks. High-volatility stocks trigger more interest from 
investors than low-volatility stocks. This is consistent with the fact that investors see high-
volatility stocks as more attractive in comparison to low-volatility stocks. This could be due to 
certain biases such as representativeness (high-volatility stocks are associated with some 
successful stocks such as Google or Apple) or overconfidence (investors who want to prove 
their stock-picking skills will invest in high-volatility stocks).  
It is also worth noticing that high-volatility stocks are on average cheaper than low-volatility 
stocks. It is thus possible that investors consider those cheap stocks as a chance of becoming 
richer with a small amount of money. Behavioural finance can thus play a role for the low-
volatility anomaly. 
As a result, I believe that the low-volatility anomaly is due to two different factors. First, the 
volatility effect is highly correlated with the operating profitability factor. It is thus possible that 
there is a strong relationship between volatility and operating profitability. The volatility effect 
could thus capture the premium of the operating profitability factor. Low-volatility stocks could 
thus have similar characteristics with firms having a high operating profitability. Fama and 
French (2015) created a five-factor model taking into account two additional risk factors: 
operating profitability and investment. The extent to which this model can explain the 
performance of low-volatility stocks over high-volatility stocks can be of high interest. A 
volatility factor in this model could be redundant.  
Secondly, behavioural finance can have a role to play in the low-volatility anomaly. Low-
volatility stocks tend to be stocks of large capitalization (negative exposure to the size factor), 
with high operating profitability and providing a high dividend yield. Those stocks can be seen 
as an uninteresting investment compared to high-volatility stocks that are small capitalizations, 
with a low operating profitability and that does not offer any dividend. High-volatility stocks 
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might have more growth opportunities, and can be seen as the next top-performing firms on the 
market. This features trigger thus more interest from investors for high-volatility stocks, that 
are overpriced, while low-volatility stocks are undervalued.  
Besides those two reasons, other pieces of evidence make me think that the low-volatility 
anomaly will persist. It seems that arbitrage is not possible or not wanted by institutional 
investors. This could be due to several factors described in the literature review such as 
constraints on short-selling or benchmarking. Moreover, institutional can also be driven towards 
high-volatility stocks because of leverage or their payment scheme.  
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Appendix I: Stocks used for the quintiles formation
Ticker Company 
A Agilent Technologies Inc. 
AA Alcoa Inc. 
AAL American Airlines Group 
AAP Advance Auto Parts Inc 
AAPL Apple Inc. 
ABBV AbbVie Inc. 
ABC AmerisourceBergen Corp. 
ABT Abbott Laboratories 
ACAS American Capital Ltd. 
ACGL ARCH CAP GROUP LTD ORD 
ACN Accenture plc 
ACS ACS Inc. 
ADBE Adobe Systems Inc. 
ADI Analog Devices Inc. 
ADM Archer-Daniels-Midland Co. 
ADP ADP, LLC. 
ADS Alliance Data Systems Corp. 
ADSK Autodesk Inc. 
ADT ADT Corp. 
AEE Ameren Corp. 
AEP American Electric Power 
AES AES Corp. 
AET Aetna Inc. 
AFL AFLAC Inc. 
AGCO AGCO CORP COM 
AGN Allergan, Plc 
AGNC AMERICAN CAPITAL AGE COM 
AIG AIG, Inc. 
AIV Aimco 
AIZ Assurant Inc. 
AKAM Akamai Technologies Inc. 
AKS AK Steel Holding Corp. 
ALB ALBEMARLE CORP COM 
ALK ALASKA AIR GROUP INC COM 
ALKS ALKERMES PLC 
ALL Allstate Corp. 
ALLE Allegion 
ALNY ALNYLAM PHARMACEUTIC COM 
ALSN ALLISON TRANSMISSION HLDG 
ALTR Altera Corp. 
ALXN Alexion Pharmaceuticals 
AMAT Applied Materials Inc. 

Ticker Company 
AMD Advanced Micro Devices 
AME Ametek 
AMG Affiliated Managers Group 
AMGN Amgen Inc. 
AMP Ameriprise Financial 
AMT American Tower Corp. 
AMTD TD AMERITRADE HLDG C COM 
AMZN Amazon.com Inc. 
AN AutoNation Inc. 
ANF Abercrombie & Fitch 
ANSS ANSYS INC COM 
ANTM Anthem Inc. 
AON Aon plc 
APA Apache Corporation 
APC Anadarko Petroleum Corp. 
APD Air Products & Chemicals 
APH Amphenol Corp. 
APOL Apollo Group Inc. 
AR ANTERO RES CORP 
ARE ALEXANDRIA REAL ESTA COM 
ARG Airgas Inc. 
ARMK ARAMARK 
ARW ARROW ELECTRS INC COM 
ASH Ashland Inc. 
ATI Allegheny Technologies Inc. 
ATVI Activision Blizzard Inc 
AVB AvalonBay Communities 
AVGO Avago Technologies 
AVP Avon Products 
AVT AVNET INC COM 
AVY Avery Dennison Corp 
AWK AMERICAN WTR WKS CO COM 
AXP American Express Co 
AXS AXIS CAPITAL HOLDINGS LTD 
AYI ACUITY BRANDS INC COM 
AZO AutoZone Inc 
BA Boeing Co. 
BAC Bank of America Corp. 
BAX Baxter International Inc. 
BBBY Bed Bath & Beyond 
BBT BB&T Corp. 
BBY Best Buy Co. Inc. 



II  

BC Brunswick Corp. 
BCR C. R. Bard, Inc 
BDX Becton Dickinson 
BEAM Beam Inc. 
BEAV B/E AEROSPACE INC 
BEN Franklin Resources 
BG BUNGE LIMITED COM 
BHI Baker Hughes Inc 
BIG Big Lots Inc. 
BIIB Biogen Idec, Inc. 
BK BNY Mellon 
BLK BlackRock 
BLL Ball Corp 
BMC BMC Software 
BMRN BIOMARIN PHARMACEUTI COM 
BMS Bemis 
BMY Bristol-Myers Squibb 
BRCM Broadcom Corp. 
BRX BRIXMOR PROPERTY GROUP INC 
BSX Boston Scientific 
BTU Peabody Energy 
BUD Anheuser-Busch Inc. 
BWA BorgWarner Inc 
BXP Boston Properties 
C Citigroup Inc. 
CA CA, Inc. 
CAG ConAgra Foods Inc. 
CAH Cardinal Health Inc. 
CAM Cameron Int'l Corp. 
CAT Caterpillar Inc. 
CB Chubb Corp. 
CBG CBRE Group 
CBH Commerce Bancorp 
CBI CHICAGO BRIDGE & IRO N Y REGISTRY SH 
CBS CBS Corp. 
CBS.A CBS CORP NEW CL A 
CCE Coca-Cola Enterprises 
CCI Crown Castle Int'l Corp. 
CCK CROWN HOLDINGS INC COM 
CCL Carnival Corp. 
CE CELANESE CORP DEL COM SER A 
CEG Constellation Energy Group 
CELG Celgene Corp. 
CERN Cerner 
CF CF Industries Holdings Inc. 

CFX COLFAX CORP COM 
CHD Church & Dwight Co 
CHK Chesapeake Energy 
CHRW C. H. Robinson Worldwide 
CHTR CHARTER COMMUNICATIO CL A NEW 
CI Cigna Corp. 
CIEN Ciena Corp. 
CINF Cincinnati Financial 
CIT CIT Group Inc. 
CL Colgate-Palmolive 
CLB CORE LABORATORIES N COM 
CLF Cliffs Natural Resources 
CLR CONTINENTAL RESOURCE COM 
CLX The Clorox Company 
CMA Comerica Inc. 
CMCSA Comcast Class A Comm. 
CME CME Group Inc. 
CMG Chipotle Mexican Grill 
CMI Cummins Inc. 
CMS CMS Energy 
CNC CENTENE CORP DEL COM 
CNP CenterPoint Energy 
CNX Consol Energy Inc. 
COF Capital One Financial 
COG Cabot Oil & Gas 
COH Coach Inc. 
COL Rockwell Collins 
COO COOPER COS INC COM NEW 
COP ConocoPhillips 
COST Costco Co. 
COTY COTY INC CL A 
CPB Campbell Soup 
CPN CALPINE CORP COM NEW 
CPT CAMDEN PPTY TR SH BEN INT 
CPWR Compuware 
CRM Salesforce.com 
CSC Computer Sciences Corp. 
CSCO Cisco Systems 
CSX CSX Corp. 
CTAS Cintas Corp. 
CTL CenturyLink Inc. 
CTSH Cognizant Technology Sol. 
CTX Centex Corp. 
CTXS Citrix Systems 
CVC Cablevision Systems Corp. 



III  

CVG Convergys Corp. 
CVH Coventry Health Care 
CVS CVS Health Corp. 
CVX Chevron Corp. 
CXO CONCHO RES INC COM 
CZR Ceasar's Entertainment Corp 
D Dominion Resources 
DAL Delta Air Lines 
DATA TABLEAU SOFTWARE INC 
DCI DONALDSON INC COM 
DD DuPont 
DDR DDR Corp. 
DDS Dillard's Inc. 
DE Deere & Co. 
DELL Dell, Inc. 
DF Dean Foods 
DFS Discover Financial Services 
DG Dollar General 
DGX Quest Diagnostics 
DHI D. R. Horton 
DHR Danaher Corp. 
DIS The Walt Disney Co. 
DISCA Discovery Com Class A 
DISCK Discovery Com Class C 
DISH DISH NETWORK CORP CL A 
DLPH Delphi Automotive 
DLR DIGITAL RLTY TR INC COM 
DLTR Dollar Tree 
DNB Dun & Bradstreet 
DNR Denbury Resources Inc. 
DO Diamond Offshore Drilling 
DOV Dover Corp. 
DOW Dow Chemical 
DPS Dr Pepper Snapple Group 
DRI Darden Restaurants 
DTE DTE Energy Co. 
DUK Duke Energy 
DV DeVry, Inc. 
DVA DaVita Inc. 
DVN Devon Energy Corp. 
DYN Dynegy Inc. 
EA Electronic Arts 
EBAY eBay Inc. 
ECL Ecolab Inc. 
ED Consolidated Edison 

EFX Equifax Inc. 
EGN ENERGEN CORP COM 
EIX Edison Int'l 
EL Estee Lauder Cos. 
EMC EMC Corp. 
EMN Eastman Chemical 
EMR Emerson Electric Co 
ENDP Endo International plc 
EOG EOG Resources 
EPC EDGEWELL PERSONAL CARE COMPANY 
EQIX Equinix Inc 
EQR Equity Residential 
EQT EQT Corporation 
ES Eversource Energy 
ESRX Express Scripts 
ESS Essex Property Trust Inc 
ESV Ensco plc 
ETFC E*Trade Financial Corp. 
ETN Eaton Corporation 
ETR Entergy Corp. 
EVHC ENVISION HEALTHCARE HLDGS 
EW Edwards Lifesciences 
EXC Exelon Corp. 
EXPD Expeditors Int'l 
EXPE Expedia Inc. 
EXR EXTRA SPACE STORAGE COM 
F Ford Motor 
FAST Fastenal Co. 
FB Facebook, Inc. 
FBHS FORTUNE BRANDS HOME & SECURITY INC C 
FCX Freeport-McMoRan Inc. 
FDS FACTSET RESH SYS INC COM 
FDX FedEx Corporation 
FE FirstEnergy Corp 
FEYE FIREEYE INC 
FFIV F5 Networks 
FHN First Horizon 
FII Federated Investors 
FIS Fidelity Nat. Info. Services 
FISV Fiserv Inc 
FITB Fifth Third Bancorp 
FL FOOT LOCKER INC COM 
FLIR FLIR Systems 
FLR Fluor Corp. 
FLS Flowserve Corporation 



IV  

FLT FLEETCOR TECHNOLOGIE COM 
FMC FMC Corporation 
FNF FNF GROUP 
FOSL Fossil, Inc. 
FOX Twenty-First Century Fox Inc Class B 
FOXA Twenty-First Century Fox 
FRC FIRST REP BK SAN FRANCISCO CAL 
FRT FEDERAL REALTY INVT SH BEN INT NEW 
FRX Forest Laboratories 
FSLR First Solar Inc 
FTI FMC Technologies Inc. 
FTR Frontier Communications 
GAS AGL Resources Inc. 
GD General Dynamics 
GE General Electric 
GGP General Growth Properties 
GHC Graham Holdings 
GILD Gilead Sciences 
GIS General Mills Inc. 
GLW Corning Inc. 
GM General Motors 
GMCR Keurig Green Mountain 
GME GameStop Corp. 
GNW Genworth Financial Inc. 
GOOG Alphabet Inc. Class C 
GOOGL Alphabet Inc. Class A 
GPC Genuine Parts 
GPN GLOBAL PMTS INC COM 
GPS Gap Inc. 
GR Goodrich Corp. 
GRA GRACE W R & CO DEL N COM 
GRMN Garmin Ltd. 
GS Goldman Sachs Group 
GT Goodyear Tire & Rubber 
GWW W. W. Grainger, Inc. 
H HYATT HOTELS CORP COM CL A 
HAL Halliburton Co. 
HAR Harman Int'l Industries 
HAS Hasbro Inc. 
HBAN Huntington Bancshares 
HBI Hanesbrands Inc 
HCA HCA Inc. 
HCN Welltower Inc 
HCP HCP Inc. 
HD Home Depot 

HES Hess Corporation 
HFC HOLLYFRONTIER CORP 
HIG Hartford Financial Services 
HLT HILTON WORLDWIDE HLDGS INC 
HNZ H. J. Heinz Company 
HOG Harley-Davidson 
HOLX HOLOGIC INC COM 
HON Honeywell Int'l Inc. 
HOT Starwood Hotels & Res 
HP Helmerich & Payne 
HPQ Hewlett-Packard Co 
HRB H&R Block, Inc. 
HRL Hormel Foods Corp. 
HRS Harris Corp. 
HSH Hillshire Brands Co 
HSIC Henry Schein Inc 
HST Host Hotels & Resorts 
HSY The Hershey Company 
HTZ HERTZ GLOBAL HOLDING COM 
HUM Humana Inc. 
HUN HUNTSMAN CORP COM 
IACI IAC/InterActiveCorp 
IBM IBM Corp. 
ICE Intercontinental Exchange 
ICPT INTERCEPT PHARMACEUTICALS INC 
IDXX IDEXX LABS INC COM 
IFF Intl Flavors & Fragrances 
IGT International Game Tech. 
IHRT iHeartMedia Inc 
IHS IHS INC CL A 
ILMN Illumina Inc 
INCY INCYTE CORP COM 
INTC Intel Corp. 
INTU Intuit Inc. 
IP International Paper Co. 
IPG Interpublic Group 
IR Ingersoll-Rand PLC 
IRM Iron Mountain Inc. 
ISRG Intuitive Surgical Inc. 
IT GARTNER INC COM 
ITT ITT Corp. 
ITW Illinois Tool Works 
IVZ Invesco Ltd. 
JAH JARDEN CORP COM 
JAZZ JAZZ PHARMACEUTICALS PLC 



V  

JBHT J. B. Hunt Transport Services Inc. 
JBL Jabil Circuit 
JCI Johnson Controls 
JCP J.C. Penney 
JEC Jacobs Engineering Group 
JLL JONES LANG LASALLE I COM 
JNJ Johnson & Johnson 
JNPR Juniper Networks 
JNS Janus Capital Group 
JNY Jones Apparel Group Inc. 
JOY Joy Global Inc. 
JPM JPMorgan Chase & Co. 
JWN Nordstrom 
K Kellogg Co. 
KATE Kate Spade & Co 
KBH KB Home 
KEY KeyCorp 
KIM Kimco Realty 
KLAC KLA-Tencor Corp. 
KMB Kimberly-Clark 
KMI Kinder Morgan 
KMX Carmax Inc. 
KO The Coca Cola Co. 
KORS Michael Kors Holdings 
KR Kroger Co. 
KSS Kohl's Corp. 
KSU Kansas City Southern 
L Loews Corp. 
LAZ LAZARD LTD SHS A 
LB L Brands Inc. 
LDOS Leidos Holdings Inc 
LEA LEAR CORP COM NEW 
LEG Leggett & Platt 
LEN Lennar Corp. 
LH LabCorp 
LKQ LKQ CORP COM 
LLL L-3 Comm's Holdings 
LLTC Linear Technology Corp. 
LLY Eli Lilly and Co. 
LM Legg Mason 
LMCA LIBERTY MEDIA CORP SER A 
LMT Lockheed Martin Corp. 
LNC Lincoln National 
LNG CHENIERE ENERGY INC COM NEW 
LNKD LINKEDIN CORP 

LNT ALLIANT ENERGY CORP COM 
LOW Lowe's Cos. 
LPLA LPL FINL HLDGS INC 
LRCX Lam Research 
LSI LSI Corporation 
LUK Leucadia National Corp. 
LULU LULULEMON ATHLETICA COM 
LUV Southwest Airlines 
LVLT Level 3 Comm's 
LVS LAS VEGAS SANDS CORP COM 
LXK Lexmark Int'l Inc 
LYB LyondellBasell 
M Macy's Inc. 
MA Mastercard Inc. 
MAC Macerich 
MAN MANPOWERGROUP 
MAR Marriott Int'l. 
MAS Masco Corp. 
MAT Mattel Inc. 
MBI MBIA Inc 
MCD McDonald's Corp. 
MCHP Microchip Technology 
MCK McKesson Corp. 
MCO Moody's Corp 
MDLZ Mondelez Int'l 
MDP Meredith Corp. 
MDT Medtronic Inc. 
MDVN MEDIVATION INC COM 
MER Merrill Lynch 
MET MetLife Inc. 
MGM MGM RESORTS INTERNAT COM 
MHFI McGraw Hill Financial 
MHK Mohawk Industries 
MIC MACQUARIE INFRASTR CORP 
MIL Millipore Inc. 
MJN Mead Johnson 
MKC McCormick & Co. 
MKL MARKEL CORP COM 
MLM Martin Marietta Materials 
MMC Marsh & McLennan 
MMI Motorola Mobility 
MMM 3M Company 
MNK Mallinckrodt plc 
MNST Monster Beverage 
MO Altria Group Inc. 



VI  

MOLX Molex Inc. 
MON Monsanto Co. 
MOS The Mosaic Co. 
MPC Marathon Petroleum 
MRK Merck & Co. 
MRO Marathon Oil Corp. 
MRVL MARVELL TECHNOLOGY G ORD 
MS Morgan Stanley 
MSCI MSCI INC 
MSFT Microsoft Corp. 
MSI Motorola Solutions Inc. 
MTB M&T Bank Corp. 
MTD METTLER TOLEDO INTER COM 
MTG MGIC Investment 
MTW The Manitowoc Company 
MU Micron Technology 
MUR Murphy Oil 
MWW Monster Worldwide Inc. 
MXIM MAXIM INTEGRATED PRO COM 
MYL Mylan Inc. 
N NETSUITE INC COM 
NBL Noble Energy Inc. 
NBR Nabors Industries Ltd. 
NCLH NORWEGIAN CRUISE LINE HLDGS LT 
NDAQ NASDAQ OMX Group 
NE Noble Corp. 
NEE NextEra Energy 
NEM Newmont Mining Corp. 
NFG NATIONAL FUEL GAS CO COM 
NFLX Netflix Inc. 
NFX Newfield Exploration Co. 
NI NiSource Inc. 
NKE Nike, Inc. 
NLSN Nielsen Holdings 
NLY ANNALY CAP MGMT INC COM 
NOC Northrop Grumman Corp. 
NOV National Oilwell Varco Inc. 
NOW SERVICENOW INC 
NRG NRG Energy 
NSC Norfolk Southern Corp. 
NSM National Semiconductor 
NTAP NetApp 
NTRS Northern Trust Corp. 
NUAN NUANCE COMMUNICATION COM 
NUE Nucor Corp. 

NVDA Nvidia Corp. 
NVR NVR INC COM 
NWL Newell Rubbermaid Co. 
NWS News Corp Class B 
NWSA News Corporation 
NYCB NEW YORK CMNTY BANCO COM 
NYT The New York Times Co. 
NYX NYSE Euronext 
O Realty Income Corporation 
OC OWENS CORNING NEW COM 
ODP Office Depot Inc. 
OGE OGE ENERGY CORP COM 
OI Owens-Illinois Inc. 
OII OCEANEERING INTL INC COM 
OKE ONEOK, Inc. 
OMC Omnicom Group 
OMX OfficeMax Inc. 
ORCL Oracle Corp. 
ORLY O'Reilly Automotive 
OXY Occidental Petroleum 
PANW PALO ALTO NETWORKS INC 
PAYX Paychex Inc. 
PBCT People's United Bank 
PBI Pitney-Bowes 
PCAR PACCAR Inc. 
PCG PG&E Corp. 
PCL Plum Creek Timber Co. 
PCLN Priceline.com Inc 
PCP Precision Castparts 
PDCO Patterson Companies 
PEG Public Serv. Enterprise Inc. 
PEP PepsiCo Inc. 
PFE Pfizer Inc. 
PFG Principal Financial Group 
PG Procter & Gamble 
PGR Progressive Corp. 
PH Parker-Hannifin 
PHM PulteGroup Inc 
PII POLARIS INDS INC COM 
PINC PREMIER INC CL A 
PKI PerkinElmer 
PLD Prologis 
PM Philip Morris Int'l 
PNC PNC Financial SVCS Group Inc 
PNR Pentair Ltd. 



VII  

PNW Pinnacle West Capital 
POM Pepco Holdings Inc. 
PPC PILGRIMS PRIDE CORP COM 
PPG PPG Industries 
PPL PPL Corp. 
PRE PARTNERRE LTD COM 
PRGO Perrigo 
PRU Prudential Financial 
PSA Public Storage 
PSX Phillips 66 
PVH PVH Corp. 
PWR Quanta Services Inc. 
PX Praxair Inc. 
PXD Pioneer Natural Resources 
Q Qwest Communications 
QCOM Qualcomm, Inc. 
QEP QEP Resources 
QLGC QLogic Corp. 
QVCA LIBERTY INTERACTIVE CORP 
R Ryder System 
RAD RITE AID CORP COM 
RAI Reynolds American Inc. 
RAX RACKSPACE HOSTING IN COM 
RCL Royal Caribbean Cruises 
RDC Rowan Companies plc 
RE EVEREST RE GROUP LTD COM 
REGN Regeneron 
RF Regions Financial Corp. 
RGA REINSURANCE GROUP AM COM NEW 
RHI Robert Half International 
RHT Red Hat Inc. 
RIG Transocean 
RJF RAYMOND JAMES FINANC COM 
RL Polo Ralph Lauren Corp. 
RLGY REALOGY HLDGS CORP 
RMD RESMED INC COM 
ROK Rockwell Automation Inc. 
ROP Roper Industries 
ROST Ross Stores 
RRC Range Resources Corp. 
RRD R.R. Donnelley 
RS RELIANCE STEEL & ALU COM 
RSG Republic Services Inc. 
RTN Raytheon Co. 
S Sprint Corp 

SBAC SBA COMMUNICATIONS C COM 
SBUX Starbucks Corp. 
SCG SCANA Corp. 
SCHW Charles Schwab Corp. 
SE Spectra Energy Corp. 
SEE Sealed Air Corp. 
SEIC SEI INVESTMENTS CO COM 
SHLD Sears Holding Corporation 
SHW Sherwin-Williams Co. 
SIG Signet Jewelers Limited 
SIRI SIRIUS XM HLDGS INC 
SJM J.M. Smucker Co. 
SLB Schlumberger Ltd. 
SLG SL Green Realty Corp 
SLM SLM Corp. 
SNA Snap-On Inc. 
SNDK SanDisk Corporation 
SNI Scripps Networks Int. 
SNPS SYNOPSYS INC COM 
SO Southern Co. 
SOV Sovereign Bancorp. 
SPG Simon Property Group Inc. 
SPLK SPLUNK INC 
SPLS Staples Inc. 
SRCL Stericycle Inc. 
SRE Sempra Energy 
SSP E.W. Scripps Co. 
STI SunTrust Banks 
STJ St. Jude Medical, Inc. 
STR Questar Corp. 
STT State Street Corp. 
STX Seagate Technology 
STZ Constellation Brands 
SUN Sunoco Inc. 
SUNE SunEdison Inc 
SVU Supervalu Inc. 
SWK Stanley Black & Decker 
SWKS Skyworks Solutions Inc. 
SWN Southwestern Energy 
SYK Stryker Corp. 
SYMC Symantec Corp. 
SYY Sysco Corp. 
T AT&T Inc. 
TAP Molson Coors Brewing Co. 
TDC Teradata Corp. 



VIII  

TDG TRANSDIGM GROUP INC COM 
TE TECO Energy 
TEL TE Connectivity Ltd. 
TER Teradyne 
TEX Terex Corp. 
TGT Target Corp. 
THC Tenet Healthcare Corp. 
TIE Titanium Metals 
TIF Tiffany & Co. 
TJX TJX Companies Inc. 
TLAB Tellabs Inc. 
TMK Torchmark Corp. 
TMO Thermo Fisher Scientific 
TMUS T-MOBILE US INC 
TRIP TripAdvisor 
TRMB TRIMBLE NAVIGATION L COM 
TROW T. Rowe Price Group 
TRV The Travelers Companies 
TSCO Tractor Supply Co. 
TSLA TESLA MTRS INC COM 
TSN Tyson Foods 
TSO Tesoro Petroleum Co. 
TSS Total System Services 
TWC Time Warner Cable Inc. 
TWTR TWITTER INC 
TWX Time Warner Inc. 
TXN Texas Instruments 
TXT Textron Inc. 
TYC Tyco Int'l 
UA Under Armour 
UAL United Continental Holdings 
UDR UDR INC COM 
UHS Universal Health Services 
UIS Unisys Corp. 
ULTA ULTA SALON COSMETCS COM 
UNH United Health Group Inc. 
UNM Unum Group 
UNP Union Pacific 
UPS United Parcel Service 
URBN Urban Outfitters 
URI United Rentals, Inc. 
USB U.S. Bancorp 
UST UST Inc. 
UTX United Technologies 
V Visa Inc. 

VAR Varian Medical Systems 
VER VEREIT INC 
VFC V.F. Corp. 
VIA VIACOM INC NEW CL A 
VIAB Viacom Inc. 
VIAV VIAVI Solutions Inc 
VLO Valero Energy 
VMC Vulcan Materials 
VMW VMWARE INC CL A COM 
VNO Vornado Realty Trust 
VNTV VANTIV INC 
VOYA VOYA FINANCIAL INC 
VRSK Verisk Analytics Inc 
VRSN Verisign Inc. 
VRTX Vertex Pharmaceuticals Inc. 
VTR Ventas Inc. 
VZ Verizon Communications 
WAB WABTEC CORP COM 
WAT Waters Corp. 
WBA Walgreens Boots Alliance 
WBC WABCO HLDGS INC COM 
WDAY WORKDAY INC. 
WDC Western Digital 
WEC WEC Energy Group Inc 
WEN Wendy's International Inc. 
WFC Wells Fargo 
WFM Whole Foods Market 
WFT Weatherford Int'l Ltd. 
WHR Whirlpool Corp. 
WIN Windstream Comm's 
WLK WESTLAKE CHEM CORP COM 
WM Waste Management Inc. 
WMB Williams Companies 
WMT Wal-Mart Stores 
WPX WPX Energy Inc 
WRB BERKLEY W R CORP COM 
WSM WILLIAMS SONOMA INC COM 
WU Western Union Co. 
WWAV WHITEWAVE FOODS CO 
WY Weyerhaeuser Corp. 
WYN Wyndham Worldwide 
WYNN Wynn Resorts Ltd. 
X U.S. Steel Corp. 
XEC Cimarex Energy 
XEL Xcel Energy Inc. 



IX  

XL XL Capital 
XLNX Xilinx Inc. 
XOM Exxon Mobil Corp. 
XRAY Dentsply Int'l 
XRX Xerox Corp. 
XYL Xylem Inc. 

Y ALLEGHANY CORP DEL COM 
YHOO Yahoo Inc. 
YUM Yum! Brands Inc. 
ZBH Zimmer Biomet Holdings 
ZION Zions Bancorp 
ZTS Zoetis, Inc. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 


