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Abstract

Academic literature challenges the theoretical security market line, and finds that the empirical re-
lation between risk and return is too flat. In this paper we investigate the performance of portfolios
sorted downside volatility or negative semi-variance. Negative semi-variance can better predict fu-
ture volatility. Consequently, negative semi-variance might better capture the low volatility anomaly
as it can better predict the future volatility of a stock. We find a significant alpha in the long-short
portfolio for the downside volatility risk measure. Moreover, we show that the alpha is significantly
higher than the alpha of the low volatility sort. Further, we show that the alpha is robust to different
data intervals, data frequencies, and the known factors (size, value and momentum). Additionally, we

find a significant alpha for the sector-neutral portfolio.
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1 Introduction

Institutional and retail investors try to outperform the market. In their search of outperformance a
lot of different strategies have been proposed. In economic theory the CAPM model is central, and
mostly a starting point of each proposed strategy. Academic literature finds that the empirical rela-
tion between risk and return is too flat in comparison to the modelled relation of the CAPM model,
e.g. Fama and MacBeth (1973). Alterations of this model have been proposed to explain this flat risk
return relation. In this research we do not question the flat risk return relation, but try to compose a
strategy that can profit from this relation. We hypothesize that the solution can be found by looking

at the (assymetric) volatility of an asset.

We base this hypothesis on a comprehensive overview of the possible explanations why the empirical
relation does not hold, based on the violation of the CAPM assumptions that Blitz et al. (2014) provide.
Blitz et al. (2014) categorize violations of the CAPM model into five different categories or assump-
tions. Three of these violation categories explain why high volatility stocks could be overpriced. The
first assumption is that there are no constraints (e.g. on leverage and short-selling). In practice this
assumption does not hold, as leverage is restricted by for example margin rules, and also short selling
is restricted in practice. Furthermore, regulatory constraints such as Basel and Solvency II consider
only the total amount invested in stocks. Therefore, investors are drawn to the high-volatility segment
as it gives most equity exposure per unit of capital charge. Frazzini and Pedersen (2014) attribute the
volatility effect to leverage contraints. In addition to examining the cross-sectional risk-return rela-
tion, they also provide time-series evidence by showing that when funding constraints tighten, betas
tend to be compressed toward one and the risk-return relation becomes flatter. The second assump-
tion is that investors are risk averse, maximize the expected utility of absolute wealth, and care only
about the mean and variance of return. However, people tend to find relative wealth as compared
to others more important than their absolute wealth. This changes the utility function of investors,
and could explain a flatter (or flat) relation between risk and return. Relative utility is also apparent
in the asset management industry, as portfolio managers are not judged on their absolute perfor-
mance in terms of return and risk. Portfolio managers are focused on benchmark-relative returns,
and benchmark-relative risk. Moreover, investment professionals try to optimize the value of their
option-like contracts. Consequently, they do not necessarily behave in a risk-averse manner for their
clients. Another explanation is that investors have a skewness preference which again changes their
utility function. This new function rewards risk-seeking behavior and thus draws investors with this
preference towards the high volatility stock segment. Further, it is well known that investors have a

certain degree of crash aversion. Consequently, the concern of investors might shift from total risk



to downside risk. Bali et al. (2009) investigates the relation between Value-at-Risk (VaR), Expected
Shortfall (ES), and Tail Risk (TR), and returns. They find a positive relation between these measures
and return with a regression analysis. They explain this positive empirical relation between these
measures and return with the notion that investors prefer assets with positive skewness, and low kur-
tosis, such that negative skewness and high kurtosis should command higher expected returns. The
third violated assumption is that information is complete and rationally processed. Four examples of
biases that violate this assumption are; attention-grabbing stocks (behavioral bias) which are mostly
high volatility, and overpriced as they are traded more. Secondly, representativeness bias, that is peo-
ple rely more on appealing anecdotes of companies or stories in the news, than on stock statistics.
Highly volatile stocks generate a lot more favorable anecdotes. Thirdly, mental accounting, that is
people tend to invest in 2 types of portfolios, a low aspiration layer (designed to avoid poverty) and
high aspiration layer (shot at riches). Lastly, overconfidence bias, if manager believes he is more
skilled he will be more active in high-volatility segment, as that segment offers the largest reward to

skill. The other (violated) assumptions are that there is only one period, and markets are perfect.

The theoretical security market line can be challenged by finding simple investment strategies that
have returns similar to the market, but at systematically lower risk. Multiple studies focus on con-
structing investment portfolios based on different types of risk measures to accomplish these higher
risk adjusted returns. Blitz et al. (2014) explain that high volatility stocks might be overpriced, more-
over they give examples why investors tend to focus on downside risk measures. Therefore, we focus
in this research on portfolios constructed based on the measure downside volatility, an asymmetric
risk measure. We replicate the research of Blitz and Van Vliet (2007), however we sort on downside
volatility instead of volatility. We compare the performance of the downside volatility decile portfolios
to other downside risk measures. We consider downside beta, VaR, ES, and TR of assets. Furthermore,
we also compare the downside volatility portfolios to portfolios constructed based on volatility. The
decile portfolios we construct from sorts on each respective measure are compared on their respec-
tive Sharpe ratios, excess returns, and alphas. We also consider the performance of the (downside)
volatility portfolios within the Global Industry Classification Standard (GICS) sectors. Furthermore,
we also consider sector-neutral portfolios.

With our approach as described above we answer the main research question if portfolios sorted
on negative semi-variance are able to outperform portfolios sorted on low volatility. Moreover, we aim
to compare the portfolios to other downside risk measures. Lastly, we investigate if the low volatility

anomaly can be explained by sector weights, and if the anomaly also holds within sectors.



With the answers of these research questions we aim to add to the literature that challenges the the-
oretical market line by using risk as a portfolio construction mechanism. The risk of an asset can be
measured in several manners. For example, risk can be measured by the CAPM beta, variance, or
negative semi-variance. Black et al. (1972) show that low beta stocks actually contain positive alpha.
Frazzini and Pedersen (2014) introduce betting against beta as a way to profit from this effect. They
construct portfolios based on the CAPM beta, and report a significantly positive return on a portfolio
long in low beta, and short in high beta assets. The beta of an asset is of course highly correlated with
the volatility of an asset. Other recent studies therefore look at the volatility of an asset as risk measure
instead of considering the beta. These studies find anomalously high returns on low volatility assets.
Clarke et al. (2006) propose minimum variance portfolios, as then no assumption has to be made on
the expected or forecasted return, and only the variance is optimized. For the construction of the
portfolios they consider the 1.000 largest US stocks. However, they use only a limited amount of time
series observations, namely 60 or 250. This leads to two problems in the the sample covariance ma-
trix: it is non-invertible, and it contains a lot of pairwise estimates which leads to estimation outliers
that can dominate the optimized portfolio (error maximization). They propose two different meth-
ods to solve these two problems: Principal Component Analysis, or Bayesian Shrinkage. They find
outperformance of the market. This outperformance is persistent also when they adjust for factors,
however now the absolute return is similar. If they control for the factors size, value and momen-
tum, they find that the minimum variance portfolios constructed from the 1.000 largest US stocks
deliver comparable average returns to the market portfolio, while reducing volatility with approxi-
mately 25%. Further, they note that the Bayesian shrinkage method works better, as in PCA still the
total risk is preserved in the estimated covariance matrix, such that the maximum weight constrained
of 3% becomes leading. Blitz and Van Vliet (2007) build upon this by constructing portfolios based
on the individual volatility of an asset. Therefore, they differ from Clarke et al. (2006) as they do not
need to estimate the covariance matrix. In a large investment space this needs less computing power,
and also ensures lower estimation risk. They again find significantly higher risk-adjusted returns on
the low volatility portfolios. Furthermore, they show that the low volatility portfolio contains more al-
pha than the low beta portfolios. However, they do not find much evidence of anomalous behavior if
the simple return perspective is used. Further, they compare the volatility effect with the classic size,
value, and momentum strategies and control for these effects. In order to disentangle the volatility
effect from those other effects they use global and local Fama and French regressions and apply a dou-
ble sorting methodology. The anomaly is persistent when controlling for these effects. They further
show that (as expected) the low risk portfolio’s underperform in up market months, and outperform

during down months. The underperformance is considerably smaller than the outperformance, this



effect is however countered partly by there being more up than down market months.

Blitz and Van Vliet (2007) look at the total volatility of an asset. However, in economic theory it
is well known that investors are more concerned with capital losses than upside gain. As volatility is
a symmetric measure it can not capture this. Markowitz (1959) therefore advocates using negative
semi-variance as a measure of risk. We define negative semi-variance as the squared negative returns
of an asset. Barndorff-Nielsen et al. (2008) find that negative semi-variance in high frequency data
is more informative when used in non-leverage based GARCH models, than the usual realised vari-
ance statistic. Thus, they concludce that negative semi-variance can better predict future volatility of
a stock. Patton and Sheppard (2015) also show that future volatility is more closely related to nega-
tive semi-variance than positive semi-variance, using a simple autoregressive model. Consequently,
negative semi-variance might better capture the low volatility anomaly as it can better predict the
future volatility of a stock. Wang and Yan (2021) investigate downside volatility managed portfolios
as compared to volatility managed portfolios. They construct these respective portfolios by scaling
them based on volatility and negative semi-variance. They scale their portfolios using a constant
which equalizes the full-sample volatility of the investment position which is unknown to the in-
vestor, and is a measure of leverage. As the constant can not be obtained by an investor, and in prac-
tice leverage is constrained this constant limits practical implications. Therefore, we do not use such a
measure. Wang and Yan (2021) find that downside-volatility managed portfolios perform better than
low volatility managed portfolios. They use a decomposition analysis to decompose the enhanced
performance of downside volatility-managed portfolios, and find that downside volatility negatively
predicts future returns. Therefore, we believe that negative semi-variance can potentially be a better
forward looking measure for the construction of low volatility portfolios. As semi-variance can better
predict volatility and thus might better capture the low volatility anomaly, we expect to find higher
risk adjusted returns for portfolios sorted on low negative semi-variance than for portfolios sorted on
low volatility.

We compare the downside volatility decile portfolios also to the other asymmetric risk measures.
We consider the measures of Bali et al. (2009). Furthermore, we consider downside beta, a measure
introduced in Ang et al. (2006). They compute downside and upside betas and show that the down-
side risk premium is about 6% per annum. They show this on individual stock level, using a series of
one-year periods with daily data. Lastly, we also control for the effect that sector weights might have
on the performance of the (downside) volatility constructed portfolios. Bellone and Carvalho (2020)
find that low volatility portfolios outperform high volatility portfolios in every sector. We replicate
their approach and test if we find similar results for low downside volatility portfolios. We differ from

the research of Bellone and Carvalho (2020) by considering a larger time-period and we include only



US stocks, while they use the MSCI World Index.

Our results are in line with the literature and our expectations as we find that the long-short port-
folio based on negative semi-variance contains a significant alpha. Further, the downside volatility
effect significantly outperforms the low volatility anomaly. We find that these results are robust to the
data frequency and interval that is used to construct the decile portfolios. Furthermore, the effect is
also robust to the known factors size, value, and momentum. In addition, we find that a sector-neutral
long-short portfolio still contains significant positive alpha. However, the alpha is significantly lower
compared to the long-short portfolio not controlled for sector weights. Thus, sector weights seem to
partly explain the low volatility anomaly, but are not able to fully explain the anomaly.

The research is structured as follows, in Section 2 we introduce the different risk measures we
use to construct the decile portfolios. Further, we explain how we intend to compare the different
strategies, and their robustness. Thereafter, we discuss which stock data we use, how we clean the
data, and what the descriptive statistics are in Section 3. The results of our research are discussed in

Section 4. Lastly, we draw conclusions from our results in Section 5.



2 Methodology

2.1 Risk Measures

To answer the question if there is a relation between downside volatility and returns we construct
decile portfolios based on negative semi-variance. To further investigate downside volatility we com-
pare the constructed downside volatility decile portfolios to other portfolios based on different risk
measure types. We consider: low volatility, negative beta, VaR, ES, and TR. The decile portfolios are
constructed from individual stock selection based on the respective criteria. We also construct a long-
short portfolio which has a long position in the first decile portfolio and a short position in the tenth

decile portfolio. All portfolios are constructed to be equally weighted portfolios.

Negative semi-variance sort
We calculate negative semi-variance or downside volatility in a similar manner as Feunou et al. (2013).

They define downside volatility as follows,

Crdown Zr I[rz<0]’

where r; is defined as the return on the considered asset in period i, and n the number of returns.
Thus, negative semi-variance is calculated as the squared sum of negative returns. The measure can
be constructed using several time frequencies, such as daily and weekly. Also, multiple time periods
can be used, such as a year, or multiple years. If the number of negative returns is lower than three in
time period ¢, then downside volatility is measured using both period ¢ and ¢—1. The decile portfolios

are sorted, such that the first decile portfolio contains the stocks with the lowest downside volatility.

Low volatility sort
We construct the decile portfolios for the low volatility anomaly in a similar manner as Blitz and
Van Vliet (2007). We calculate the volatility of the stocks weekly returns over the past three years,

where we account for the mean return,

Ulow g Z —H%
where 7; is defined as the excess return of the considered asset in period i. Further, u denotes the

average return in the considered period. In line with downside volatility, the first decile portfolio

contains the stocks with the lowest volatility.



Downside beta sort
We calculate the downside beta following the methodology as described by Ang et al. (2006). They

calculate downside beta, denoted by 7, as introduced by Bawa and Lindenberg (1977),

~ _ Cov(Fy, FmlFm < fhm)
var(Fm|Fm < tm)

The tilde denotes that the considered returns are excess returns. Further, u,, denotes the average

market excess return. They consider a 1-year horizon with weekly returns. However, the 1-year re-
turns are evaluated at a monthly frequency. Consequently, there is an eleven month overlap in the
metric. Thus, by construction there is serial correlation. To adjust for this in the t-statistics we make
use of the HAC variance-covariance estimator as proposed by Newey and West (1986). The first decile

portfolio contains the stock with the highest 8.

Extreme value sorts
We consider three different extreme value measures, namely Value-at-Risk (VaR), Expected Shortfall
(ES), and Tail Risk (TR). Bali et al. (2009) describes the calculation of these measures. They define the

measures with confidence intervals 100(1 — a%) as follows,
VaR, (ry) = Fy'(1 - a),
ESq (ry) = E(r¢lre = VaRq (1)),

TRq () = El(r; — ESq (r))|r; < VaRq (ry)],

Thus, ES is defined as the mean of returns lower than the VaR, and TR as the variance of returns lower
than the VaR. Bali et al. (2009) consider the VaR computed from the past 1 to 6 months of daily data.
One month is assumed to have 21 trading days. They always use the lowest return during this period.
Such that the 6 month VaR would be the VaRgg g49%,. The ES and TR are calculated on the 2.5% and
5% level using the past 100 observations. To be consistent, and make comparison easier we consider
only the measures computed from the last 5 months of returns (105 days) on the 2.5% level. Bali et al.
(2009) find that for shorter periods the positive relation between VaR and return is stronger. However,
for ES and TR a minimum sample size is required to be able to find a mean and variance of extreme
observations beyond de VaR treshold. They find a positive relation between the measures and return,

thus the first decile portfolio contains the stocks with the highest respective extreme value measure.

2.2 Performance measures

To test the existence of a downside volatility anomaly and compare the other sorting methods to
downside volatility we follow the approach used by Blitz and Van Vliet (2007). For each sorting mech-

anism described in Section 2.1 we calculate the excess return, standard deviation, Sharpe Ratio, beta



and alpha. The alpha and beta of each decile portfolio follow from the CAPM regression. For both
the alpha and Sharpe ratio we also show their respective t-statistics. For alpha this follows from the
CAPM regression. The statistic for the Sharpe ratio is calculated using the Jobson and Korkie (1981)

test with the Memmel (2003) correction. The test statistic is calculated as follows,

SR1 —SRZ
VFR20-p12)+ (SR + SR = SRISRo(1+ p3 )]

(D

Z =

where SR; is the Sharpe ratio of portfolio i, p; ; refers to the correlation between portfolios i and j,
and T is the number of time periods.
We compare downside volatility not only to other risk measures, but also to other known invest-

ment strategies. We consider: Size, Value and Momentum.

2.3 Robustness Tests

We perform several robustness tests. Firstly, we consider two different time periods in which the
downside volatility is calculated. We consider one and three tracking years. Additionally, we use
three different data frequencies: daily, weekly, and monthly data. Thus, this results in six different
frequency, and period combinations. For all six combinations we again consider the performance
measures as described in 2.2.

Secondly, we evaluate the performance of downside volatility in different sub-periods. We first
analyse the performance of the decile portfolio as compared to the market in bullish- and bearish
market periods. We define a bullish market as a month with a positive market return and vice versa.
Blitz and Van Vliet (2007) also use this definition, and find that low volatility outperforms in down
markets and underperforms in up markets as compared to the market. We investigate if also find
this for downside volatility and if this effect strengthens. Further, we consider three different mar-
ket events as sub-peroids and analyse the decile portfolios in these periods. More specifically, we
consider the dot-com bubble (2000-2003), the Financial Crisis (2007-2010), and the Corona Crisis
(2019-2021).

Thirdly, we control for the Fama-French factors size and value, and the momentum factor as pro-
posed by Jegadeesh and Titman (1993). We consider two different methods to control for these fac-
tors. The first method is a double sort on one of the three factors and downside volatility respectively.
In this method first five quintile portfolios are created by sorting the stocks on size, value, or momen-
tum respectively. Thereafter, each quintile of the respective measure is again sorted into five quintiles
on downside volatility. Then, the top volatility quintile portfolios from within the size, value and mo-
mentum quantiles are combined to a neutral top volatility quintile (and similarly for the other quan-

tile portfolios). Additionally, we use regression approach for which we report the alphas. We compare

10



the magnitude and significance of the uncorrected alpha of the long-short portfolio to the corrected
alpha to investigate how much of the alpha spread can be attributed to the considered factors.
Lastly, we also evaluate the performance of downside volatility in sectors. To evaluate this we first
consider sorting stocks into quintile portfolios per sector individually. To identify to which sector a
stock belongs we use the GICS sector codes. For each sector we compare the Sharpe ratio of the sector
to that of the market, however the Sharpe ratios of the constructed quintile portfolios are compared
to the sector-specific Sharpe ratio. We also consider the performance of sector-neutral portfolios.
These sector-neutral portfolios are constructed by combining each volatility quintile of the individual

sectors into a sector-neutral volatility quintile.
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3 Data

To construct the portfolios we make use of daily data from the Center for Research in Security Prices
(CRSP) from 1990 until 2021. Such that, we can examine the portfolios in the dot-com bubble, the
Financial Crisis, and Corona crisis. Moreover, a we examine a long time period to ensure the volatility
effect is not driven by a specific time period. The assets universe in restricted to common stocks
listed on the NYSE, AMEX and NASDAQ, which are the securities in the CRSP database with share
type code 10 or 11. This is consistent with the choice of Ang et al. (2006), Jarrow et al. (2021), and
Wang and Yan (2021). We define the stock universe per month as the top thousand stocks ranked on
market capitalization. Consequently, we ensure results are not driven my small, or illiquid stocks. We
define the market as the capitalization weighted portfolio of the aforementioned thousand stocks.

To construct the value deciles we use the book value data of Compustat. Returns are reported
in excess of the risk free rate. For the risk free rate we use the 4-week Treasury Bill rate in the CRSP
database. The yield is defined as the promised daily yield based on the nominal price.

The main results of this paper are based on a three year backward looking measure. Thus, the first
three years of the dataset are not included in the returns, because to construct the volatility measure
3 years of past returns are used. Furthermore, the stock universe per month consists of the top thou-
sand stocks ranked on market capitalization. However, these stocks do not always have 3 years of past
returns, or book value data in Compustat. Such stocks are not considered as we cannot compute all
measures for these stocks in that particular month. Such that the number of stocks considered per
month varies between 643 and 923 and is 843 on average.

In Table 1 the descriptive statistics of the stocks included in the data set are shown. In Figure 1
the density of the excess return is shown. From the table and figure it follows that the median of the
excess returns is lower than the average excess returns. This shows that the distribution of the returns
is slightly right skewed, as confirmed by the skewness of 0.65. Further, we notice that the distribution

is quite pointy and fat-tailed.
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Table 1: Descriptive statistics

Number of stocks
Excess Return
Std. Dev.
Skewness

Kurtosis

3016
0.05%
2.64%
0.65
63.06

In the table the average excess return, the
standard deviation, skewness, and kurtosis are
given. These statistics are calculated using the

daily stock returns of the stocks included in the

stock universe.
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4 Results

The downside volatility anomaly is existent in the dataset. The results for the decile portfolios span-
ning from 1993 to 2021 are shown in Table 2.

Table 2 show that the excess returns of the decile portfolios do not differ significantly. The stan-
dard deviation increases over the decile portfolios. With an almost constant return the standard devi-
ation therefore is the main driver of the differences in Sharpe ratios. The Sharpe ratios are compared
to that of the market using the test statistic defined in Equation 1. The t-value of this test is given
under the Sharpe ratio values. As expected the Sharpe Ratio of the low downside volatility deciles is
significantly higher than the market, and significantly lower for the high downside volatility deciles
respectively. In addition, the low downside volatility deciles, and long-short portfolio contain a signif-

icant positive alpha. As expected we observe that the CAPM beta increases with downside volatility.

Table 2: Decile returns downside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 10.79 11.35 12.20 13.31 1245 12.02 11.89 10.88 11.77 10.21 0.58 11.23
Std Dev (%) 1096 1248 13.66 14.87 16.17 17.21 1833 20.18 25.41 33.49 31.38 14.59
SR 0.98 0.91 0.89 0.90 0.77 0.70 0.65 0.54 0.46 0.30 0.77
(t-value) 4.32 3.87 4.01 4.49 0.00 -2.80 -4.96 -8.32 -9.04 -12.18
Beta 0.51 0.71 0.82 0.92 1.00 1.08 1.16 1.24 1.48 1.88 -1.37
Alpha (%) 4.83 3.19 2.77 2.75 1.14 -0.09 -1.06 -292 -4.62 -10.36 15.19
(t-value) 3.16 2.42 2.24 2.24 085 -0.07 -0.78 -1.75 -1.81 -2.84 3.31

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.
The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are
compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%
level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

In Figure 2 a graphical representation of the downside volatility is given. From the graphs follows
that the empirical relation between risk and return is slightly negative, contrary to economic theory.

However, this (flattened) empirical relation has been shown in earlier literature.
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Figure 2: Relation between risk and return

When we sort on low volatility we notice a slight decrease in performance. The results of the sort on
low volatility are shown in Table 3. The returns are rather similar, but we notice a slight decrease in the
Sharpe ratios and alpha’s in the low volatility deciles as compared to downside volatility. Moreover,
the alpha of the long short portofolio is 1.5% lower. Although the differences in Sharpe ratios is small
for the low volatility deciles, it is significant for the first and fourth decile. Other deciles do not differ
significantly. The t-values of the comparison are given in Table 4.

Thus, this confirms that their is a significant relation between expected returns and downside
volatility. Furthermore, it advocates the use of negative semi-variance instead of total volatility as
measure as the performance is better. This is in line with the findings of Wang and Yan (2021) who also

find that downside volatility-managed portfolios perform better than volatility-managed portfolios.
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Table 3: Decile returns low volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 1043 11.11 12.54 1211 12.15 11.85 1215 10.54 13.34 10.69 -0.26  11.23
Std Dev (%) 11.19 12,50 14.09 1539 16.28 17.25 18.34 20.20 25.60 33.50 31.93 14.59
SR 0.93 0.89 0.89 0.79 0.75 0.69 0.66 0.52 0.52 0.32 0.77
(t-value) 3.24 3.35 3.80 0.61 -085 -3.12 -4.48 -9.00 -7.41 -11.14
Beta 0.51 0.71 0.84 0.94 1.01 1.07 1.16 1.25 1.49 1.81 -1.30
Alpha (%) 4.51 2.95 2.88 1.44 0.78 -0.18 -0.87 -3.29 -3.31 -9.17 13.68
(t-value) 2.84 2.25 2.19 1.08 058 -0.13 -0.65 -1.99 -1.28 -2.35 2.80

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 4: Comparison Sharpe Ratio’s low volatlity versus downside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
SRNeg. Vol. | 098 091 0.89 090 0.77 070 0.65 054 046 0.30
SRLowVol. | 093 089 0.89 079 075 069 066 052 052 032
(t-value) 496 065 0.08 258 052 024 -027 032 -096 -0.23

In the table the Sharpe ratios of the decile portfolios shown in Table 2 and 3 compared to each other. The t-value of the test in Equation

1is calculated. The t-value is bold if it is significant on the 5% level.

We also consider the performance of the decile portfolios which are sorted towards the CAPM beta

in Table 5. We notice that the difference in excess return between the decile portfolios is quite small.

The standard deviation behaves as expected, and is positively correlated with beta. The Sharpe ratio

is increases as the beta becomes lower, with the exception of the tenth decile. Thus, again standard

deviation is the main driver of the Sharpe ratio. These results are consistent with the almost flat

security market line depicted in Figure 2.
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Table 5: Decile returns CAPM beta

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) 11.57 11.10 12.00 12.64 12.64 1240 11.00 11.62 12.29 9.15 241  11.23
Std Dev (%) 33.00 24.87 20.20 1867 16.14 1537 1479 1333 1239 11.61 31.04 14.59
SR 0.35 0.45 0.59 0.68 0.78 0.81 0.74 0.87 0.99 0.79 0.77
(t-value) -11.80 -10.61 -7.44 -3.84 0.57 139 -0.91 3.27 5.53 0.36
Beta 1.91 1.51 1.28 1.18 1.02 0.95 0.90 0.80 0.68 0.49 1.42
Alpha (%) -9.41 -5.52  -233 -0.63 1.05 1.58 0.82 2.51 4.39 3.60 -13.01
(t-value) -2.80 -2.50 -1.62 -0.46 0.89 1.26 0.64 2.03 3.11 2.06 -2.97

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.
The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are
compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%
level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

For completeness we also looked at sorting on only positive semi-variance (or upside volatility). These
results are shown in Appendix A, in Table 28. As expected we see a decrease in performance, which is

again significant in the first decile (Table 29).

4.1 Other risk measures

We also considered downside beta, and several extreme value measures to sort into decile portfolios.
In Table 6 the properties of the downside beta decile portfolios are shown, and in Table 7 the results
are shown for the VaR; 54 are shown. In both tables we observe that the first decile portfolio under-
performs as compared to the market and even the tenth decile portfolio considering the Sharpe ratio.
The downside beta and VaR decile portfolios are sorted from high measure values to low values. Both
the risk measures are positively correlated with the standard deviation of the underlying portfolio. In
the results of the downside and low volatility sort we noticed that the Sharpe ratio is driven by the
standard deviation. Again we notice that returns of all decile portfolios are rather similar. Thus, the
Sharpe ratio is again driven by the standard deviation, and as in the top decile portfolios the low beta
or VaR stocks are present their standard deviation is lower, so the Sharpe ratios are higher. Similar re-
sults are found for the ES and TR sort, which are shown in Appendix A in Table 31, and 32. The results
of downside beta are not in line with Ang et al. (2006) who find higher returns for higher downside
beta. We do not find higher returns for a higher downside beta. A possible explanation could be the
difference in underlying data, as they look at data from 1962 to 2001. Moreover, they do not include
standard deviation and Sharpe ratio in their results. Thus, it might be that returns were higher, but

the risk-adjusted return, or Sharpe ratio were not significantly better for higher downside betas. Con-
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sidering the VaR sort, Bali et al. (2009) do not consider portfolio sorts and individual stock returns, but

regress the market return on the VaR of the market and lagged market return. When we perform these

regressions we also find a positive relation, however whereas Bali et al. (2009) find a significant pos-

itive relation for all 1- to 6-month rolling window we only find a significant relation for the 2-month

rolling window. This difference in significance might again be related to the underlying data, and also

the data interval we chose. The regression results are shown in Appendix A in Tables 33, 34, 35, 36,

37, and 38. Note that the reported z- and p-values are Newey-West adjusted. Concluding, the VaR

measure as used by Bali et al. (2009) can possibly explain future market returns, but does not yield

this relation to individual stock returns.

Table 6: Decile returns downside beta

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) 10.02 1052 13.67 1268 11.53 13.11 11.57 11.63 11.25 10.75 -0.72 11.23
Std Dev (%) 28.78 2269 1937 1763 1592 1545 1443 1394 1337 14.18 22.21 14.59
SR 0.35 0.46 0.71 0.72 0.72 0.85 0.80 0.83 0.84 0.76 0.77
(t-value) -11.96 -11.74 -2.81 -2.18 -1.87 3.04 1.19 2.12 219 -031
Beta 1.67 1.43 1.23 1.12 1.00 0.97 0.89 0.84 0.78 0.80 0.88
Alpha (%) -8.28 -5.23  -0.31 0.03 0.24 2.07 1.47 2.09 2.32 1.75 -10.03
(t-value) -2.58 -3.23 -0.21 0.02 0.12 1.00 0.87 1.18 1.34 0.85 -2.29

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 7: Decile returns extreme value sort VaR 59

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) 10.40 12.27 11,51 11.74 12,59 12.82 13.00 11.62 10.12 10.55 -0.15 11.23
Std Dev (%) 3231 2494 20.60 18.02 17.26 15.86 14.51 13.69 12.49 10.97 29.80 14.59
SR 0.32 0.49 0.56 0.65 0.73 0.81 0.90 0.85 0.81 0.96 0.77
(t-value) -11.72  -8.62 -832 -4.78 -1.56 1.41 4.39 2.56 1.14 4.08
Beta 1.81 1.48 1.29 1.13 1.08 0.98 0.89 0.82 0.71 0.54 1.27
Alpha (%) -9.40 -414 -289 -0.95 0.42 1.69 2.77 2.29 2.10 4.35 -13.75
(t-value) -2.66 -1.73 -1.84 -0.70 0.31 1.27 2.25 1.80 1.58 2.97 -3.11

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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We also constructed the results for size, value and momentum. These results are shown in Appendix

A, in Table 39, 40, and 41 respectively.

4.2 Data frequency and intervals

The results in Table 2 use three tracking years and a weekly data frequency to construct the downside
volatility measure, which is in line with the volatility measure introduced by Blitz and Van Vliet (2007).
To check the robustness of the downside volatility measure we also consider daily, and monthly data.
Additionally, we use one tracking year to construct the downside volatility measure.

In Table 8 the decile properties of the decile portfolio constructed with daily data are given. Table
9 contains the properties for the monthly data respectively. In both tables we again notice that the low
volatility decile portfolios outperform the market and the high volatility protfolios underperform. We
also notice that the performance of the long-short portfolio of monthly data is worst. If we consider
one tracking year we see similar results, the anomaly is again apparent, but seems less strong consid-
ering monthly data. The deterioration of the performance using monthly data might be linked to the
definition of downside volatility. It is defined as squared negative returns, if we use monthly returns
the mean and median are far above zero. Thus, negative returns occur less often. This might reduce
the estimation accuracy of the true negative semi-variance of a stock. Nevertheless, the anomaly
is significant for each combination of tracking years, and data frequency. The results for the decile

portfolios constructed using one tracking year are shown in Appendix B in Table 42, 43, and 44.

Table 8: Decile returns downside volatility constructed with daily data tracking 3 years

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) | 10.01 1211 11.78 12,51 11.85 11.58 1220 11.03 11.88 10.89 -0.80 11.23
Std Dev (%) 11.35 12.58 14.17 15,57 16.26 17.48 18.06 19.67 24.67 33.05 31.59 14.59
SR 0.88 0.96 0.83 0.80 0.73 0.66 0.68 0.56 0.48 0.33 0.77
(t-value) 2.18 5.39 1.98 1.19 -157 -418 -394 -789 -8.72 -11.10
Beta 0.50 0.72 0.84 0.95 1.01 1.09 1.14 1.22 1.45 1.81 -1.31
Alpha (%) 4.25 3.75 2.17 1.67 044 -065 -0.64 -258 -4.19 -8.94 13.19
(t-value) 2.56 2.89 1.63 1.25 034 -047 -048 -165 -1.73 -2.36 2.76

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.
The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are
compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%
level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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Table 9: Decile returns downside volatility constructed with monthly data tracking 3 years

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) 9.89 11.01 1219 1253 1196 11.69 12.87 10.93 10.69 11.81 -1.74  11.23
Std Dev (%) 11.26 1246 13.78 15.28 16.18 17.60 18.37 20.22 24.19 32.16 30.47 14.59
SR 0.88 0.88 0.88 0.82 0.74 0.66 0.70 0.54 0.44 0.37 0.77
(t-value) 2.24 3.40 3.90 1.84 -1.12 -419 -2.84 -8.79 -10.12 -10.10
Beta 0.53 0.73 0.84 0.94 1.00 1.10 1.16 1.26 1.44 1.74 -1.22
Alpha (%) 3.82 2.70 2.58 1.80 0.66 -0.68 -0.20 -3.09 -5.14 -7.42 11.24
(t-value) 2.45 2.19 2.15 1.42 0.50 -0.50 -0.15 -1.97 -2.23 -1.98 2.39

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.
The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are
compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%
level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

4.3 Sub-period analyses

In the sub-period analyses we analyse the performance of downside volatility in up- and down mar-
kets. Further, we consider three market events in the past 30 years: the dot-com bubble, the financial
crisis, and the corona crisis.

The outperformance in down markets and underperformance in up markets of the low volatility
strategy as described by Blitz and Van Vliet (2007) is again confirmed in our dataset, and is also appar-
ent for downside volatility. If we look into the performance of both measures during the three market
events the low volatily deciles only clearly outperforms within the dot-com bubble. In the financial
crisis this is not apparent, moreover in the corona crisis the high volatility portfolios have a return
almost twice as high. The underlying sector weights of the decile portfolios could be the explain-
ing factor of these results. For example, in the dot-com bubble the technology sector crashed while
it surged in the corona crisis. This could explain the out-/underperformance of the high volatility
deciles in these periods, as the high volatility deciles are weighted towards the tech sector, while low

volatility deciles contain none to only a few tech stocks.

4.3.1 Up- and down market behavior

In Table 10 the average return of the low volatility decile portfolios as compared to the market return
is shown. The decile portfolios containing low volatility stocks underperform the market in bullish
periods, and outperform the market in bearish periods. This is to be expected as the low volatility
deciles also have a low beta.

Just as Blitz and Van Vliet (2007) we find that the outperformance in bearish markets is larger than
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in the up market. This outperformance is partly compromised by the fact that up market months are
more frequent than down market months. Nevertheless, this behavior can partly explain the outper-

formance of the low- and downside volatility strategy as compared to the market.

Table 10: Up- and down market performance low volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Up market -1.26  -0.78 -0.39 -0.22 -0.12 -0.04 0.22 0.26 0.98 1.53 -2.79 0.00
Down market 1.93 1.09 0.60 0.14 -0.07 -030 -0.79 -1.25 -2.12 -3.89 5.82 0.00
VaRg5g, -455 -5.02 -561 -6.44 -7.05 -779 -852 -8.71 -10.81 -15.33 -12.75  -6.73

In the table average return of the low volatility decile portfolios, and long-short portfolio as shown in Table 3 relative to the market
return are given. The up market, and down market are defined as a month with a positive or negative market return, respectively.

Additionally, the VaR on the 5% level is calculated for each decile portfolio, the long-short portfolio, and market portfolio.

Table 11 shows the results for the downside volatility decile portfolios. We again find the same behav-
ior as for the low volatility portfolios. However, the Value-at-Risk values of the decile portfolios are

higher on average for the downside volatility portfolio.

Table 11: Up- and down market performance downside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Up market -1.21  -0.78 -045 -0.17 -0.12 0.00 0.17 0.29 0.80 1.65 -2.86 0.00
Down market 1.90 1.14 0.65 031 -0.00 -036 -0.75 -1.23 -2.10 -4.26 6.16 0.00
VaRg59 -470 -5.16 -5.86 -6.62 -7.12 -793 -886 -9.04 -11.04 -14.59 -13.86 -6.73

In the table average return of the downside volatility decile portfolios, and long-short portfolio as shown in Table 2 relative to the market
return are given. The up market, and down market are defined as a month with a positive or negative market return, respectively.

Additionally, the VaR on the 5% level is calculated for each decile portfolio, the long-short portfolio, and market portfolio.

4.3.2 Dot-com bubble

We define the dot-com bubble sub-period from January 2000 until December 2003. In Table 13 the
results are shown for the low volatility sort. Striking is that almost all Sharpe ratios are significantly
better than the market. This can partly be explained by the fact that the market performs really bad,
as in 2000 the market factor was largely weighted to the information technology sector. This is also
visible in the 10th decile portfolios return, which has a weight between 60-75% towards the informa-
tion technology sector during this period. In the dot-com bubble mainly this sector was hit, while
other more traditional sectors only took a minor hit. This is also visible as the in the returns of the low
volatility decile portfolios with significantly higher returns, as they are weighted more towards these
'stable’ sectors. In Table 12 the results are shown for the downside volatility sort. This shows similar

results as for the low volatility sort.
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Table 12: Decile returns downside volatility dot-com bubble

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 11.03 11.82 7.46 10.38 12.16 9.37 465 -1.59 3.88 -13.35 2437  -3.67
Std Dev (%) 12.88 14.99 1591 1638 16.10 1732 21.45 2435 40.07 55.04 55.95 17.71
SR 0.86 0.79 0.47 0.63 0.76 0.54 0.22  -0.07 0.10 -0.24 -0.21
(t-value) 5.70 6.11 5.04 6.38 7.13 7.02 5.53 1.68 2.89 -0.39
Beta 0.30 0.49 0.60 0.69 0.71 0.84 1.09 1.15 1.71 2.50 -2.20
Alpha (%) 11.62 13.07 9.46 1249 14.17 1213 8.63 2.69 10.19 -4.92 16.54
(t-value) 1.95 2.12 1.58 2.26 2.77 2.71 1.84 0.40 0.77 -0.30 0.81

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2000 until December 2003. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 13: Decile returns low volatility dot-com bubble

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 13.92 9.44 9.90 9.90 9.63 11.00 5.27 1.51 -0.51 -14.03 2795 -3.67
Std Dev (%) 13.00 15.43 1721 1638 1735 17.80 20.54 2526 40.47 57.24 59.02 17.71
SR 1.07 0.61 0.58 0.60 0.56 0.62 0.26 0.06 -0.01 -0.25 -0.21
(t-value) 6.42 5.30 5.42 6.08 6.20 7.01 6.11 3.30 1.89 -0.36
Beta 0.30 0.50 0.62 0.67 0.76 0.83 1.06 1.23 1.73 2.38 -2.08
Alpha (%) 14.23 1092 11.78 1197 12.05 13.58 9.10 6.07 5.93 -6.13 20.36
(t-value) 2.37 1.71 1.75 2.09 2.16 2.68 2.15 0.93 0.44 -0.31 0.87

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2000 until December 2003. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

4.3.3 Financial crisis

We define the financial crisis sub-period from January 2007 until Decemeber 2010. In Table 14 and 15
the results are shown for the downside- and low volatility sort respectively. In contrast to the dot-com
bubble now the low decile portofolios do not outperform the market. Yet, the mid- to high volatility
portfolios do outperform the market. This holds for both mechanisms. Again, this seems to be re-
lated to the underlying sector weights of the decile portfolios, as the low volatility deciles are mostly

weighted towards financials. This sector was mainly punished in this crisis.
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Table 14: Decile returns downside volatility financial crisis

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) 2.76 0.77 4.45 5.82 1.62 3.43 6.92 8.92 6.57 6.15 -3.39 2.19
Std Dev (%) 12.84 15,55 18.40 19.66 21.84 2530 25.92 2769 31.07 39.41 31.16 19.33
SR 0.22 0.05 0.24 0.30 0.07 0.14 0.27 0.32 0.21 0.16 0.11
(t-value) 149 -1.48 3.69 5.09 -1.08 0.60 3.89 4.01 1.94 0.75
Beta 0.59 0.77 0.93 0.99 1.09 1.27 1.30 1.36 1.51 1.88 -1.29
Alpha (%) 1.44 -0.91 2.34 3.51 -0.77 0.62 3.88 5.63 3.09 1.89 -0.45
(t-value) 049 -0.39 1.14 1.69 -0.28 0.19 1.20 1.25 0.59 0.25 -0.05

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2007 until December 2010. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 15: Decile returns low volatility financial crisis

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) 1.84 1.36 2.92 5.40 3.71 0.95 6.42 8.14 12.69 4.14 -2.30 2.19
Std Dev (%) 13.16 16.10 1839 20.89 23.15 25.17 24.66 2767 30.66 37.82 29.24 19.33
SR 0.14 0.08 0.16 0.26 0.16 0.04 0.26 0.29 0.41 0.11 0.11
(t-value) 0.40 -0.72 1.14 3.99 117 -2.29 3.54 3.46 5.45 -0.07
Beta 0.61 0.80 0.92 1.05 1.15 1.27 1.23 1.35 1.51 1.80 -1.19
Alpha (%) 0.50 -0.39 0.89 2.98 1.15 -1.82 3.56 4.92 8.73 0.15 0.35
(t-value) 0.17  -0.17 0.36 1.25 0.36 -0.64 1.08 1.06 1.82 0.02 0.04

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2007 until December 2010. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

4.3.4 Corona crisis

We define the corona crisis sub-period from January 2019 until December 2021. The results for the
downside and low volatility portfolios are shown in Table 16, and 17, respectively. In contrast to the
other sub-periods this major market event was not induced by a financial shock, but a health care
shock. One of the properties of this event was that the downturn was relatively short, and there-
after the stock market gained a lot of value following the large amounts of money pumped into the
economy by governments and central banks. Furthermore, due to the lockdowns in this crisis people

needed to be able to work from home which in turn led to a large increase in value for technology
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companies. This sector is usually the most negatively effected in economic downturns, however in
this crisis the opposite was true. This is also apparent in the returns of the decile portfolios. The
high volatility portfolios have very high returns, as these are mostly weighted to the information tech-
nology sector which is relatively volatile compared to other sectors. In short, this crisis led investors
to re-evaluate what measures risk. Moreover, some risk-premia might have changed, such as an in-
crease in premium for bankruptcy risk. In our results we see a market with a high Sharpe ratio, as
compared to the full period and other periods. This leads us to believe that the risk premium on
stocks increased. Furthermore, we notice a large difference in return between the portfolios, which
might point to a change in how risk is valued. We leave a more in-depth analysis of the change in risk

premia and measures for further research.

Table 16: Decile returns downside volatility corona crisis

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) | 16.38 23.38 19.43 24.00 24.79 22.62 29.44 33.36 25.23 31.74 -15.36  28.72
Std Dev (%) 14.18 16.31 1820 1938 23.57 2296 23.37 24.25 29.47 34.62 29.19 17.89
SR 1.15 1.43 1.07 1.24 1.05 0.98 1.26 1.38 0.86 0.92 1.61
(t-value) -3.28 -1.76 -5.29 -4.24 -530 -5.57 -3.84 -2.37 -5.75 -4.80
Beta 0.67 0.84 0.95 1.03 1.23 1.19 1.23 1.25 1.48 1.65 -0.98
Alpha (%) -1.81 -0.26 -6.46 -452 -9.04 -9.82 -529 -284 -15.12 -14.11 12.30
(t-value) -0.37 -006 -161 -1.16 -1.69 -1.80 -1.06 -0.48 -1.85 -1.22 0.83

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2019 until December 2021. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 17: Decile returns low volatility corona crisis

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) | 16.78 18.79 23.26 21.83 2431 23.55 30.30 31.37 2480 36.28 -19.50 28.72
Std Dev (%) 1474 16.39 1830 21.25 22.09 23.68 24.15 24.72 29.67 31.72 26.81 17.89
SR 1.14 1.15 1.27 1.03 1.10 0.99 1.25 1.27 0.84 1.14 1.61
(t-value) -3.43 -448 -3.74 -5.71 -5.15 -5.69 -3.55 -3.29 -5.92  -3.19
Beta 0.70 0.85 0.96 1.12 1.16 1.24 1.25 1.27 1.50 1.46 -0.76
Alpha (%) -222  -434 -348 -870 -7.70 -10.27 -5.15 -4.82 -1591 -5.88 3.66
(t-value) -045 -112 -0.89 -195 -1.62 -1.94  -0.89 -0.80 -1.98 -0.51 0.25

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given for
the period January 2019 until December 2021. The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio.
The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The
t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

4.4 Controlling for size, value and momentum

To control for size, value and momentum we consider two different approaches. First, we show the
results of the regression approach. The factor returns are constructed from the monthly stock uni-
verse (top 1000 stocks ranked on market capitalization). They are constructed is the same manner as

the Fama-French factors 1. Thereafter, we show the results of the double sorted portfolio’s.

4.4.1 Fama-French corrected alpha’s

In Table 18 the corrected alpha’s for the downside volatility are shown. The uncorrected alpha is also
shown for comparison. We notice that the influence on the magnitude of the alpha for the factors
alone is small, but in the full 4-factor model the alpha is affected more. The alpha of the long-short

portfolio decreases with approximately 5.5%.

I The construction of the factors is given on their site: http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/index.html
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Table 18: FF-corrected alpha’s downside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10

Uncorrected | 4.83 3.19 277 275 114 -0.09 -1.06 -2.92 -462 -10.36 15.19
Adj. Size 4.84 328 298 3.09 156 042 -0.51 -2.27 -3.83 -9.40 14.24
Adj. Value 468 3.03 261 261 098 -021 -1.10 -2.85 -4.40 -10.02 14.70
Adj. Mom 498 3,57 333 328 1.77 038 -091 -3.32 -538 -1091 15.89

Adj. All 333 212 212 236 0.84 -0.20 -0.75 -2.12 -2.61 -6.27 9.60

In the table the uncorrected (CAPM) alpha and corrected alpha for the known factors Size, Value, and Momentum is shown for the
downside volatility portfolios shown in Table 2. Further, the alpha corrected for all factors is shown. The alphas are obtained by

regressing the decile portfolio, or long-short portfolio return on the market factor, and the respective factor(s) that are controlled for.

In Table 19 the corrected alpha’s are given for the low volatility anomaly. Again we notice that the
factors do not alter the alpha significantly if we consider them separately. When we consider the
4-factor model the magnitude of the alpha’s is affected more. The alpha of the long-short portfolio
decreases with approximately 5%, but stays significant. This decrease is lower than for the downside
volatility anomaly, nonetheless the alpha of the downside volatility long-short portfolio is still 1%
higher than for the low volatility anomaly.

Thus, both downside and low volatility can not be fully explained with the four-factor model. This
is consistent with previous literature which also find that the four-factor model can not explain the

low volatility anomaly.

Table 19: FF-corrected alpha’s low volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10

Uncorrected | 451 295 2.88 144 0.78 -0.18 -0.87 -3.29 -3.31 -9.17 13.68
Adj. Size 454 3.05 311 179 120 030 -0.29 -2.64 -2.56 -8.24 12.78
Adj. Value 434 278 269 126 0.62 -032 -091 -3.25 -3.06 -8.70 13.04
Adj. Mom 485 352 362 217 148 039 -0.77 -341 -429 -10.75 15.59

Adj. All 3.12 2.06 234 1.05 0.62 -035 -0.55 -2.45 -1.42 -5.52 8.64

In the table the uncorrected (CAPM) alpha and corrected alpha for the known factors Size, Value, and Momentum is shown for the
downside volatility portfolios shown in Table 3. Further, the alpha corrected for all factors is shown. The alphas are obtained by

regressing the decile portfolio, or long-short portfolio return on the market factor, and the respective factor(s) that are controlled for.

4.4.2 Double sorted portfolio’s

To recap, here first all stocks are sorted into quintile portfolios based on Size, Value and Momentum
respectively. Thereafter, the top volatility quintiles are sorted into one measure neutral top volatility

quintile. For all other quintiles a similar technique is used.
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Size

The results for the double sort on size, and downside, or low volatility are shown in Table 20 and
21 respectively. Consistent with the results in Section 4.4.1 the low volatility anomaly and downside
volatility effect remain existent. Moreover, the outperformance of the downside volatility sort is still
apparent, as the Sharpe ratio’s of the first quantiles are higher. Furthermore, the long-short portfolio

of low volatility results in an alpha of 9.65%, whereas for downside volatility this is 11.20%.

Table 20: Quantile returns downside volatility & size

Q1 Q2 Q3 Q4 Q5 Univ
Ex. Return (%) | 11.25 12.61 12.13 11.35 11.04 11.23

Std Dev (%) 11.49 1446 16.27 18.86 28.10 14.59

SR 0.98 0.87 0.75 0.60 0.39 0.77
(t-value) 499 354 -096 -6.77 -11.05
Beta 0.61 0.88 1.02 1.19 1.64
Alpha (%) 4.14 2.48 0.60 -1.89 -7.06
(t-value) 3.03 2.00 0.48 -1.33 -2.54

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a
known factor, Size, and thereafter on the risk measure considered, downside volatility. The excess return and standard deviation of
each quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and market
portfolio. The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is
shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios. The

t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 21: Quantile returns low volatility & size

Q1 Q2 Q3 Q4 Q5 Univ
Ex. Return (%) | 10.90 11.92 1253 10.97 12.04 11.23

Std Dev (%) 11.61 14.72 16.63 18.75 28.22 14.59

SR 0.94 0.81 0.75 0.58 0.43 0.77
(t-value) 4.09 137 -0.62 -7.62 -9.70
Beta 0.62 0.89 1.03 1.19 1.62
Alpha (%) 3.77 1.80 0.80 -2.23 -5.88
(t-value) 2,72 1.37 0.61 -1.62 -2.00

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a
known factor, Size, and thereafter on the risk measure considered, low volatility. The excess return and standard deviation of each
quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and market
portfolio. The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is
shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios. The

t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Value

The results for the double sort on value, and downside, or low volatility are shown in Table 22 and

23 respectively. Consistent with the results in Section 4.4.1 the low volatility anomaly and downside

volatility effect remain existent. Again, the top quantile of the downside volatility sort outperforms

the top quantile of the low volatility anomaly, and the alpha of the long-short portfolio of downside

volatility is larger. However, in contrast to the double sort on size this outperformance is no longer

apparent in the second quantile.

Table 22: Quantile returns downside volatility & value

QI Q2 Q3 4 Q5 Univ
Ex. Return (%) | 11.75 1246 1247 1234  9.86 11.23
Std Dev (%) 1111 13.23 1549 17.72  22.87 14.59
SR 1.06 094 080 070 043 0.77
(t-value) 758 659 151 -295 -11.19
Beta 063 083 098 111 139
Alpha (%) 440 291 130 -0.19 -5.43
(t-value) 375 291 117 -014 -2.70

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a

known factor, Value, and thereafter on the risk measure considered, downside volatility. The excess return and standard deviation of

each quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and market

portfolio. The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is

shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios. The

t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 23: Quantile returns low volatility & value

Q1 Q2 Q3 Q4 Q5 Univ
Ex. Return (%) | 11.01 1291 11.98 1224 10.65 11.23

Std Dev (%) 11.03 13.25 1559 17.64 23.02 14.59

SR 1.00 0.97 0.77 0.69 0.46 0.77
(t-value) 6.10 7.82 -0.04 -3.09 -10.01
Beta 0.63 0.83 0.99 1.11 1.39
Alpha (%) 3.78 3.28 0.77 -0.27 -4.68
(t-value) 3.23 3.32 0.70 -0.20 -2.25

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a
known factor, Value, and thereafter on the risk measure considered, low volatility. The excess return and standard deviation of each
quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and market
portfolio. The Sharpe ratios of the decile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1 is
shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios. The

t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Momentum

The results for the double sort on momentum, and low volatility, or downside volatility are shown in
Table 25 and 24 respectively. Consistent with the results in Section 4.4.1 the low volatility anomaly
and downside volatility effect remain existent. Again, the downside volatility sort outperforms the

low volatility anomaly in Sharpe ratios and long-short alpha.

Table 24: Quantile returns downside volatility & momentum

Q1 Q2 Q3 Q4 Q5 Univ
Ex. Return (%) | 11.73 12.65 11.48 10.67 10.15 11.23

Std Dev (%) 12.32 1538 18.03 20.45 26.69 14.59

SR 0.95 0.82 0.64 0.52 0.38 0.77
(t-value) 4.97 1.84 -5.03 -9.64 -12.69
Beta 0.70 0.94 1.12 1.28 1.63
Alpha (%) 3.64 194 -1.04 -3.55 -7.68
(t-value) 2.79 146 -0.71 -2.28 -3.31

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a
known factor, Momentum, and thereafter on the risk measure considered, downside volatility. The excess return and standard devia-
tion of each quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and
market portfolio. The Sharpe ratios of the quintile portfolios are compared to the market portfolio, and the t-value of the test in Equa-
tion 1 is shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 25: Quantile returns low volatility & momentum

Q1 Q2 Q3 Q4 Q5 Univ
Ex. Return (%) | 11.22 1225 1153 11.11  10.64 11.23

Std Dev (%) 12.38 15,51 1825 20.23 26.49 14.59

SR 0.91 0.79 0.63 0.55 0.40 0.77
(t-value) 3.77 0.70 -5.28 -8.64 -12.20
Beta 0.70 0.94 1.14 1.27 1.62
Alpha (%) 3.18 154 -1.17 -2.99 -7.15
(t-value) 2.41 1.13 -0.81 -1.94 -3.13

In the table the characteristics of double sorted quintile portfolios are shown. These portfolios are constructed by first sorting on a
known factor, Momentum, and thereafter on the risk measure considered, low volatility. The excess return and standard deviation of
each quintile portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile portfolios and market
portfolio. The Sharpe ratios of the quintile portfolios are compared to the market portfolio, and the t-value of the test in Equation 1
is shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios. The

t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

4.5 Performance within sectors

In contrast to Bellone and Carvalho (2020) we do not find a significant low volatility. We only find a
significant alpha for downside volatility in 6 of the 10 sectors: Health Care, Financials, Consumer Sta-
ples, Information Technology, Consumer Discretionary, and Industrials. Low volatility is only found
in Health Care, Information Technology, and Industrials. The complete portfolio properties for each
sector are shown in Appendix C.

Although not each sector has a significant alpha for the long-short portfolios the long-short sector-
neutral portfolio does have a significant alpha for both downside volatility and low volatility. The re-
sults are shown in Table 26, and 27. However, the alphas about halve for both measures. For downside
volatility the alpha decreases from 15.19% to 8.18%, and for low volatility in more than halves from
13.68% to 6.25%. Thus, the weighting of decile portfolios towards different sectors is able to explain
a significant part of the anomaly. However, a significant alpha remains. Further, the outperformance

of downside volatility as compared to low volatility remains.
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Table 26: Quantile returns sector-neutral downside volatility

Q1 Q2 Q3 Q4 Q5 QI-Q5 Market
Ex. Return (%) | 12.28 11.25 13.05 12.50 12.22 005  11.23
Std Dev (%) 11.79 1387 1579 1872 2469 1698  14.59
SR 104 081 083 067 050 0.77
(t-value) 9.07 178 233 -4.18 -9.01

Beta 073 088 1.00 118 149  -0.76

Alpha (%) 387 127 168 -0.77 -431 8.18

(t-value) 396 130 143 -055 -193  3.35

In the table the characteristics of the sector-neutral quintile portfolios are shown. The excess return and standard deviation of each
quintile portfolio, long-short portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile port-
folios and market portfolio. The Sharpe ratios of the quintile portfolios are compared to the market portfolio, and the t-value of the
test in Equation 1 is shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile

portfolios, and long-short portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 27: Quantile returns sector-neutral low volatility

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Market
Ex. Return (%) | 11.58 11.90 11.90 12.90 13.26 -1.49 11.23
Std Dev (%) 12.08 14.08 16.02 18.63 24.18 16.58 14.59
SR 0.96 0.84 0.74 0.69 0.55 0.77
(t-value) 6.36 297 -1.10 -3.14 -7.50
Beta 0.74 0.88 1.01 1.17 1.46 -0.73
Alpha (%) 3.11 1.85 049 -033 -3.14 6.25
(t-value) 3.00 1.72 041 -0.24 -1.46 2.58

In the table the characteristics of the sector-neutral quintile portfolios are shown. The excess return and standard deviation of each
quintile portfolio, long-short portfolio, and market portfolio are shown. The Sharpe Ratio (SR) is also calculated for the quintile port-
folios and market portfolio. The Sharpe ratios of the quintile portfolios are compared to the market portfolio, and the t-value of the
test in Equation 1 is shown. The t-value is bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile

portfolios, and long-short portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

To summarize, in the results we find a significant alpha in the long-short portfolio for the downside
volatility risk measure. Moreover, we show that the alpha is significantly higher than the alpha of the
low volatility sort. Further, we show that the alpha is robust to different data intervals, data frequen-
cies, and the known factors (size, value and momentum). Additionally, we find a significant alpha for
the sector-neutral portfolio. However, we find that the alpha is not significant in the sub periods we

consider.
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5 Conclusion

In this paper we investigated the performance of downside volatility. We considered negative semi-
variance as proposed by Feunou et al. (2013) as measure for downside volatility. To measure the per-
formance we constructed decile, or quintile portfolios and inspected their properties. Additionally,
we constructed a long-short portfolio and inspected its properties.

From our results it followed that for our dataset from 1993 to 2021 of large cap American stocks the
downside volatility effect exists. The long-short strategy shows a significant positive alpha of 15.19%.
Also, the low downside volatility contain significant positive alpha. We might be able to profit from
this effect by investing in low downside volatility stocks as separate asset class, or leverage low volatil-
ity deciles to match market risk and utilize the alpha. However, we have not controlled for turnover,
and in extension trading costs that might reduce performance.

The downside volatility effect is robust for chosen data frequencies and tracking years. However,
the performance seems the decrease for larger data frequencies, such as monthly data. Additionally,
we show that if we correct for the Fama-French factors size, and value, and the factor momentum
the alpha of downside volatility remains significant. Further, we find that downside volatility is char-
acterized by relatively small drawdowns, a low beta, and outperformance in down markets and un-
derperformance in up markets, which has earlier been shown for the low volatility anomaly, (Blitz
and Van Vliet, 2007). This is not surprising has the returns for both measures are of course highly
correlated.

Although, the returns are highly correlated we find a outperformance of downside volatility as
compared to low volatility. The alpha of the long-short low volatility portfolio is 1.5% lower than for
downside volatility, and the Sharpe ratio of the lowest downside volatility decile is significantly higher
than the lowest low volatility decile. We also find that positive volatility, as measured by positive
semi-variance, underperforms as compared to low volatility. The outperformance of downside risk
is in violation of economic theory. From theory it would follow that high downside risk should be
rewarded with a higher premium. Also the behavioral argument that investors react more extreme
to losses than profit would warrant a higher premium. However, in economic literature we find that
negative semi-variance can better predict future volatility than variance, such that part of the effect
might be explained by better capturing low volatility stocks. Moreover, in past literature is shown that
downside volatility not only enhances volatility timing, but also negatively predicts future returns.
The fact that positive semi-variance leads to lower returns as compared to low volatility, and nega-
tive semi-variance vice versa, might point to a skewness effect. More specifically, stocks with a low
negative semi-variance have a smaller left than right tail, thus are right-skewed. The opposite holds

for positive semi-variance. Investors should prefer right-skewed stocks to those that are left-skewed,
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such that left-skewed stocks should warrant higher returns. However, the reverse seems to hold, as the
low downside volatility portfolios outperform low volatility portfolios. While for low upside volatility
underperform. However, we leave an investigation of this relation for further research.

Further, we investigated the performance of downside volatility in sectors. We find that the long-
short portfolio of downside volatility does not have a significant positive alpha for every sector. How-
ever, when we construct a sector-neutral portfolio, we again find significant outperformance of the
market. The alpha does, however, significantly decrease after controlling for sectors. Thus, sectors
have a significant role in explaining the downside volatility effect, but are not able to explain the

complete effect. We find a similar result for low volatility.
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A Results other sorting mechanisms

A.1 Upside volatility

Table 28: Decile returns upside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) 991 1092 12.03 11.71 1231 12.10 11.64 11.13 13.73 11.51 -1.60 11.23
Std Dev (%) 11.66 12.88 14.35 1586 16.36 17.15 18.12 20.36 25.06 32.70 31.23  14.59
SR 0.85 0.85 0.84 0.74 0.75 0.71 0.64 0.55 0.55 0.35 0.77
(t-value) 1.66 2.20 226 -115 -064 -2.53 -5.22 -8.07 -6.65 -11.11
Beta 0.53 0.74 0.86 0.96 1.01 1.07 1.13 1.27 1.46 1.75 -1.22
Alpha (%) 3.77 2.50 2.22 0.86 091 -0.01 -1.06 -295 -2.67 -7.77 11.54
(t-value) 2.29 1.87 1.68 0.61 0.66 -0.00 -0.76 -1.82 -1.07 -2.00 2.36

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 29: Comparison Sharpe Ratio’s low volatlity versus upside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10
SRPos.Vol. | 085 085 084 074 075 071 064 055 0.55 0.35
SRLowVol. | 093 089 089 079 0.75 069 066 052 0.52 0.32
(t-value) -847 -1.29 -1.29 -1.20 0.13 039 -039 046 044 0.51

In the table the Sharpe ratios of the decile portfolios shown in Table 28 and 3 compared to each other. The t-value of the test in Equation

1 is calculated. The t-value is bold if it is significant on the 5% level.

Table 30: FF-corrected alpha’s upside volatility

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10
Uncorrected | 3.77 250 222 086 091 -0.01 -1.06 -2.95 -2.67 -7.77 11.54
Adj. Size 3.84 266 250 1.18 133 048 -049 -231 -195 -6.89 10.73
Adj. Value 3.57 231 203 066 073 -0.14 -1.11 -2.88 -2.40 -7.26 10.83
Adj. Mom 432 324 311 172 171 053 -0.90 -3.28 -3.84 -9.75 14.08
Adj. All 251 183 194 042 078 -0.08 -0.78 -2.14 -096 -4.58 7.09

In the table the uncorrected (CAPM) alpha and corrected alpha for the known factors Size, Value, and Momentum is shown for the

downside volatility portfolios shown in Table 28. Further, the alpha corrected for all factors is shown. The alphas are obtained by

regressing the decile portfolio, or long-short portfolio return on the market factor, and the respective factor(s) that are controlled for.
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A.2 Extreme value sorts

A.2.1 Decile returns extreme value sorts

Table 31: Decile returns extreme value sort ES; 59,

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) 8.72 1292 1295 13.00 11.59 12.65 12.41 11.57 10.52 10.31 -1.59  11.23
Std Dev (%) 30.05 2452 20.81 1835 16.99 16.04 1495 13.90 1259 11.13 27.08 14.59
SR 0.29 0.53 0.62 0.71 0.68 0.79 0.83 0.83 0.84 0.93 0.77
(t-value) -13.20 -7.75 -5.56 -2.45 -3.55 0.70 2.15 2.09 1.88 3.35
Beta 1.74 1.46 1.29 1.15 1.07 0.99 0.92 0.84 0.72 0.54 1.19
Alpha (%) -10.19  -3396.00 -1.56 -0.03 -0.40 1.40 1.95 2.04 2.33 4.04 -14.23
(t-value) -3.33 -1.47  -0.92 -0.02 -0.31 1051.00 1.54 1.62 1.77 2.72 -3.61

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 32: Decile returns extreme value sort TRy 59

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) 10.01 1291 11.28 1291 1290 11.36 11.87 10.75 11.41 11.25 -1.25 11.23
Std Dev (%) 22.00 19.63 1830 17.23 17.05 16.26 15,55 15.02 15.00 14.59 12.81 14.59
SR 0.45 0.66 0.62 0.75 0.76 0.70 0.76 0.72 0.76 0.77 0.77
(t-value) -10.69 -4.83 -6.21 -0.87 -0.58 -2.96 -0.27 -2.23 -0.36 0.07
Beta 1.34 1.25 1.15 1.09 1.09 1.03 0.99 0.95 0.95 0.90 0.45
Alpha (%) -480 -1.13 -1.58 0.51 0.58 -0.17 0.68 0.13 0.73 1.10 -5.89
(t-value) -2.54 -0.81 -1.15 0.41 0.48 -0.14 0.62 0.11 0.66 0.91 -2.81

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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A.2.2 Regression on VaRs

Table 33: Regression on 1-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.17 0.87
VaR 0.50 0.36 1.39 0.16
Rio1 0.05 0.09 0.54 0.59

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.

Table 34: Regression on 2-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.61 0.54
VaR 0.56 0.28 2.00 0.05
Ri1 0.03 0.08 0.36 0.72

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.

Table 35: Regression on 3-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.27 0.79
VaR 0.41 0.28 1.48 0.14
Ri—1 0.01 0.07 0.07 0.94

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.
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Table 36: Regression on 4-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.57 0.57
VaR 0.47 0.24 1.93 0.05
Ri1 0.00 0.07 0.06 0.95

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.

Table 37: Regression on 5-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.33 0.74
VaR 0.38 0.27 1.43 0.15
Ry -0.00 0.07 -0.04 0.97

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.

Table 38: Regression on 6-month rolling window VaR

Estimate Std. Error z-value p-value
Intercept -0.00 0.01 -0.20 0.84
VaR 0.32 0.24 1.34 0.18
Ri1 -0.00 0.07 -0.04 0.97

In the table the coefficients of the regression of the market return on VaR, and one-month lagged market return are shown. The VaR
is defined as the minimum return in the rolling window. The z-, and p-value of the coefficients are also shown, and bold if they the

coeffiecient is significant on the 5% level.
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A.3 Size, value and momentum

Table 39: Decile returns size

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 10.51 11.87 12.64 11.90 1273 11.86 1190 12.14 10.17 10.85 -0.31 11.23
Std Dev (%) 19.05 18.61 1762 17.84 18.15 1731 16.37 1561 15.02 14.49 10.52  14.59
SR 0.55 0.64 0.72 0.67 0.70 0.69 0.73 0.78 0.68 0.75 0.77
(t-value) -7.41 -4.47 -194 -3.81 -2.80 -3.68 -2.04 038 -5.54 -1.91
Beta 1.15 1.12 1.09 1.10 1.14 1.10 1.06 1.00 0.99 0.98 0.18
Alpha (%) -231  -0.74 033 -048 -0.18 -0.51 0.01 0.81 -0.87 -0.10 -2.20
(t-value) -1.37  -0.44 023 -033 -0.13 -0.42 0.01 077 -1.14 -0.21 -1.14

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 40: Decile returns value

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 13.75 11.93 11.55 11.02 10.87 10.65 10.66 11.34 1139 13.75 0.00 11.23
Std Dev (%) 2081 1793 1732 1739 1694 1644 16.69 17.13 17.52 20.92 2036 14.59
SR 0.66 0.67 0.67 0.63 0.64 0.65 0.64 0.66 0.65 0.66 0.77
(t-value) -2.89 -3.27 -3.48 -5.04 -5.21 -5.47 -6.13 -4.44 -3.79 -2.85
Beta 1.14 1.06 1.05 1.07 1.07 1.05 1.07 1.08 1.04 1.12 0.02
Alpha (%) 0.72 0.03 -0.19 -098 -1.04 -1.08 -1.31 -0.76 -0.23 0.98 -0.26
(t-value) 0.31 0.02 -0.12 -068 -0.81 -096 -1.21 -0.59 -0.14 0.39 -0.07

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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Table 41: Decile returns momentum

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 14.79 13,51 10.96 1049 11.39 11.63 10.52 11.88 10.77 10.72 3.71 11.23
Std Dev (%) 2326 1743 14.83 1449 1516 1549 16.51 1793 21.21 29.86 29.14 14.59
SR 0.64 0.78 0.74 0.72 0.75 0.75 0.64 0.66 0.51 0.36 0.77
(t-value) -2.71 0.14 -1.08 -184 -0.69 -0.73 -5.11 -3.81 -8.56 -11.11
Beta 1.04 0.93 0.90 0.91 0.94 0.97 1.03 1.10 1.27 1.69 -0.65
Alpha (%) 2.76 2.79 0.79 0.30 0.77 069 -095 -044 -3.35 -7.85 10.62
(t-value) 0.82 1.34 0.61 0.27 0.63 0.57 -0.73 -0.28 -1.73 -2.46 2.03

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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B Results downside volatility: one tracking year

Table 42: Decile returns downside volatility constructed with daily data tracking 1 year

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) | 10.72 11,53 12.29 11.04 1249 11.92 1213 10.77 11.00 9.41 1.20 11.23
Std Dev (%) 1098 12.63 13.99 15.19 16.25 1734 1839 21.27 26.13 35.20 33.75 14.59
SR 0.98 0.91 0.88 0.73 0.77 0.69 0.66 0.51 0.42 0.27 0.77
(t-value) 4.11 4.13 3.58 -153 -0.04 -3.41 -4.51 -9.04 -9.72 -12.12
Beta 0.51 0.73 0.84 0.93 1.01 1.10 1.16 1.30 1.49 1.89 -1.38
Alpha (%) 4.80 3.15 2.63 0.59 1.04 -039 -0.88 -3.59 -543 -11.19 15.99
(t-value) 3.11 2.45 2.08 0.45 0.80 -030 -0.64 -195 -1.97 -2.69 3.11

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.

Table 43: Decile returns downside volatility constructed with weekly data tracking 1 year

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 DI1-D10  Univ
Ex. Return (%) | 10.40 11.29 11.70 13.16 11.82 11.95 1251 10.85 10.01 9.53 0.80 11.23
Std Dev (%) 1099 1219 13.82 15.19 1637 1723 18.35 20.80 26.03 35.12 33.36 14.59
SR 0.95 0.93 0.85 0.87 0.72 0.69 0.68 0.52 0.38 0.27 0.77
(t-value) 3.67 4.60 2.63 3.52 -1.88 -3.15 -3.56 -8.71 -11.00 -12.06
Beta 0.52 0.71 0.84 0.94 1.02 1.09 1.15 1.28 1.51 1.89 -1.37
Alpha (%) 4.33 3.13 2.14 2.39 0.28 -0.28 -0.48 -3.28 -6.54 -11.06 15.40
(t-value) 2.89 2.58 1.76 1.92 022 -022 -035 -1.86 -2.47 -2.68 3.03

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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Table 44: Decile returns downside volatility constructed with monthly data tracking 1 year

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ
Ex. Return (%) | 10.66 1096 11.89 1243 12.75 1235 11.82 10.15 8.90 10.96 -0.27  11.23
Std Dev (%) 11.57 12.23 13.85 14.86 16.26 17.21 18.81 20.75 25.54 33.08 30.90 14.59
SR 0.92 0.90 0.86 0.84 0.78 0.72 0.63 0.49 0.35 0.33 0.77
(t-value) 3.56 3.99 3.23 2.64 0.59 -2.20 -5.70 -10.28 -12.01 -10.66
Beta 0.61 0.73 0.85 0.93 1.02 1.09 1.18 1.29 1.49 1.77 -1.16
Alpha (%) 3.70 2.66 2.16 1.82 1.14 0.05 -1.42 -4.08 -7.33 -8.43 12.12
(t-value) 2.60 2.32 1.88 1.60 0.92 0.04 -1.00 -2.45 -2.86 -2.14 2.47

In the table the excess return and standard deviation of each decile portfolio, long-short portfolio, and market portfolio are given.

The Sharpe Ratio (SR) is also calculated for the decile portfolios and market portfolio. The Sharpe ratios of the decile portfolios are

compared to the market portfolio, and the t-value of the test in Equation 1 is shown. The t-value is bold if it is significant on the 5%

level. Additionally, a CAPM regression is run for all decile portfolios, and the long-short portfolio. The t-value for the alpha is shown,

and is again bold if it is significant on the 5% level.
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C Sector Results

Health Care

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Health Care sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and market
portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation 1 is
shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it is

significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

Table 45: Quantile returns low volatility in Health Care

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 1542 16.21 15.57 12.67 10.74 4.26 13.99 11.23
Std Dev (%) 13.68 14.87 16.75 21.42 32.34 27.82 17.40 14.59
SR 1.13 1.09 0.93 0.59 0.33 0.80 0.77
(t-value) 738 742 430 -8.17 -13.96 0.82
Beta 0.61 0.71 0.86 1.12 1.62 -1.01 0.90
Alpha (%) 6.34 5.76 321 -281 -11.11 17.45 3.59
(t-value) 390 366 225 -1.69 -3.70 4.24 1.64

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 46: Quantile returns downside volatility in Health Care

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 16.41 16.15 15.07 12.11 10.70 5.20 13.99 11.23
Std Dev (%) 13.34 14.78 16.81 21.26 31.20 25.87 17.40 14.59
SR 1.23 1.09 0.90 0.57 0.34 0.80 0.77
(t-value) 9.74 8.39 3.35 -9.11 -14.24 0.82
Beta 0.61 0.74 0.87 1.12 1.59 -0.97 0.90
Alpha (%) 7.20 5.35 2.63 -3.26  -10.70 17.90 3.59
(t-value) 4.74 3.84 1.91 -2.02 -3.88 4.81 1.64

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Health Care sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and market
portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation 1 is
shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it is

significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 47: Comparison Sharpe ratios downside volatility and low volatility

QL Q2 QB Q4 Q5
SRNeg.Vol. | 1.23 109 090 057 0.34

SR Low Vol. 1.13 1.09 0.93 0.59 0.33
(t-value) 555 013 -1.25 -1.10 0.66

In the table the Sharpe ratios of the quintile portfolios shown in Table 45 and 46 compared to each other. The t-value of the test in

Equation 1 is calculated. The t-value is bold if it is significant on the 5% level.

Financials

Table 48: Quantile returns low volatility in Financials

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 1046 10.50 11.19 13.74 12.33 -1.68 11.55 11.23
Std Dev (%) 14.45 17.13 20.48 2247 2791 19.64 19.24 14.59
SR 0.72 0.61 0.55 0.61 0.44 0.60 0.77
(t-value) 5.01 0.72 -3.77 0.85 -6.87 -4.84
Beta 0.69 0.85 1.03 1.14 1.34 -0.65 1.10
Alpha (%) 2.44 0.68 -0.68 0.45  -3.02 5.46 -0.73
(t-value) 2.23 0.71  -0.73 0.47 -1.50 1.92 -0.36

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Financials sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and market
portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation 1 is
shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it is
significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 49: Quantile returns downside volatility in Financials

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 10.60 9.74 13.13 1236 1248 -1.69 11.55 11.23
Std Dev (%) 14.32  16.71 19.93 23.27 2843 20.14 19.24 14.59
SR 0.74 0.58 0.66 0.53 0.44 0.60 0.77
(t-value) 5.53 -0.91 394 -518 -7.11 -4.84
Beta 0.68 0.82 1.00 1.18 1.37 -0.69 1.10
Alpha (%) 2.66 0.31 1.38  -1.23 -3.21 5.87 -0.73
(t-value) 241 0.30 1.48 -1.24 -1.59 2.06 -0.36

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Financials sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and market
portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation 1 is
shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it is
significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 50: Comparison Sharpe ratios downside volatility and low volatility

Ql Q2 Q3 Q4 Q5
SRNeg.Vol. | 0.74 058 066 053 044

SR Low Vol. 0.72 0.61  0.55 0.61 0.44

(t-value) 1.68 -2.72 9.93 -730 -0.36

In the table the Sharpe ratios of the quintile portfolios shown in Table 48 and 49 compared to each other. The t-value of the test in

Equation 1 is calculated. The t-value is bold if it is significant on the 5% level.
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Consumer Staples

Table 51: Quantile returns low volatility in Consumer Staples

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 10.71 10.25 11.81 11.49 11.22 -0.46 11.53 11.23
Std Dev (%) 1146 12.05 14.11 15.87 20.20 17.63 12.34 14.59
SR 0.93 0.85 0.84 0.72 0.56 0.93 0.77
(t-value) 0.00 -2.43 -3.41 -6.22 -9.56 3.70
Beta 0.77 0.83 1.03 1.10 1.32 -0.55 0.63
Alpha (%) 1.78 0.70 -0.04 -1.16  -3.81 5.59 4.26
(t-value) 1.45 0.58 -0.03 -0.74 -1.66 1.79 2.71

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Consumer Staples sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and
market portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation
1 is shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it
is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 52: Quantile returns downside volatility in Consumer Staples

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 11.72 9.84 11.18 12.14 10.24 1.35 11.53 11.23
Std Dev (%) 11.16 12,56 13.93 15.48 20.25 17.95 12.34 14.59
SR 1.05 0.78 0.80 0.78 0.51 0.93 0.77
(t-value) 290 -4.52 -4.25 -5.13 -10.75 3.70
Beta 0.73 0.88 0.99 1.12 1.33 -0.60 0.63
Alpha (%) 3.10 -0.17 -0.23 -0.77 -4.78 7.88 4.26
(t-value) 247 -0.14 -0.18 -0.58 -2.09 2.51 2.71

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market port-
folio are given for the Consumer Staples sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio and
market portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in Equation
1 is shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is bold if it
is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector portfolio.

The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 53: Comparison Sharpe ratios downside volatility and low volatility

Ql Q2 Q3 Q4 Q5
SRNeg. Vol. | 1.05 078 0.80 0.78 051

SR Low Vol. 0.93 0.85 0.84 0.72 0.56
(t-value) 5.68 -2.55 -1.29 225 -2.78

In the table the Sharpe ratios of the quintile portfolios shown in Table 51 and 52 compared to each other. The t-value of the test in

Equation 1 is calculated. The t-value is bold if it is significant on the 5% level.

Information Technology

Table 54: Quantile returns low volatility in Information Technology

Q1 Q2 Q3 Q4 Q5 QI1-Q5 Sector Market
Ex. Return (%) 15,50 16.21 16.39 20.27 16.33 -0.73 15.76 11.23
Std Dev (%) 17.86 23.90 29.77 33.07 40.52 28.50 29.19 14.59
SR 0.87 0.68 0.55 0.61 0.40 0.54 0.77
(t-value) 10.19 6.36 0.58 4.57 -8.20 -5.87
Beta 0.53 0.76 0.97 1.09 1.33 -0.80 1.57
Alpha (%) 6.62 3.85 1.04 254 -4.41 11.03 -2.10
(t-value) 4.06 2.40 0.58 1.51 -2.08 3.58 -0.61

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market portfo-
lio are given for the Information Technology sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio
and market portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in
Equation 1 is shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is
bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.
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Table 55: Quantile returns downside volatility in Information Technology

Q1 Q2 Q3 Q4 Q5 QI1-Q5 Sector Market
Ex. Return (%) | 1597 15.89 17.85 19.35 15.47 0.44 15.76 11.23
Std Dev (%) 1795 2430 29.50 33.45 39.80 27.90 29.19 14.59
SR 0.89 0.65 0.61 0.58 0.39 0.54 0.77
(t-value) 10.51 585 3.70 231 -8.50 -5.87
Beta 0.53 0.79 0.96 1.10 1.30 -0.77 1.57
Alpha (%) 7.05 3.23 2.33 1.64 -4.71 11.75 -2.10
(t-value) 420 2.19 1.41 092 -2.13 3.77 -0.61

In the table the excess return and standard deviation of each quintile portfolio, long-short portfolio, sector portfolio and market portfo-
lio are given for the Information Technology sector. The Sharpe Ratio (SR) is also calculated for the quintile portfolios, sector portfolio
and market portfolio. The Sharpe ratios of the quintle portfolios are compared to the sector portfolio, and the t-value of the test in
Equation 1 is shown. The Sharpe ratio of the sector portfolio is compared to the market portfolio. The t-value of the Sharpe ratio test is
bold if it is significant on the 5% level. Additionally, a CAPM regression is run for all quintile portfolios, long-short portfolio, and sector

portfolio. The t-value for the alpha is shown, and is again bold if it is significant on the 5% level.

Table 56: Comparison Sharpe ratios downside volatility and low volatility

Ql Q2 Q3 Q4 Q5
SRNeg. Vol. | 0.89 0.65 061 058 0.39

SR Low Vol. 0.87 0.68 0.55 0.61 0.40

(t-value) 165 -1.71 3.88 -2.56 -1.42

In the table the Sharpe ratios of the quintile portfolios shown in Table 54 and 55 compared to each other. The t-value of the test in

Equation 1 is calculated. The t-value is bold if it is significant on the 5% level.
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Consumer Discretionary

Table 57: Quantile returns low volatility in Consumer Discretionary

Q1 Q2 Q3 Q4 Q5 Q1-Q5 Sector Market
Ex. Return (%) | 12.44 11.66 11.98 9.00 14.90 -2.17 10.80 11.23
Std Dev (%) 1543 18.08 21.39 2459 30.81 22.19 20.76 14.59
SR 0.81 0.64 0.56 0.37 0.48 0.52 0.77
(t-value) 9.35 5.99 2.03 -8.21 -1.77 -7.68
Beta 0.66 0.82 0.97 1.12 1.39 -0.73 1.22
Alpha (%) 5.04 2.67 1.39 -2.93 -0.31 5.35 -2.76
(t-value) 3.67 2.27 1.02  -2.02 