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Abstract

Many performance measures, such as the classic Sharpe ratio have difficulty in evaluating the
performance of mutual funds with skewed return distributions. Common causes for skewness are the use
of optionsin the portfolio or superior market timing skills of the portfolio manager. In this article we
examine to what extent downside risk and the upside potential ratio can be used to evaluate skewed
return distributions. In order to accomplish this goal, we first show the relation between the risk
preferences of the investor and the risk-adjusted performance measure. We conclude that it is difficult to
interpret differences in the outcomes of risk-adjusted performance measures exclusively as differences
in forecasting skills of portfolio managers. We illustrate this with an example of a simulation study of a
protective put strategy. We show that the Sharpe ratio leads to incorrect conclusions in the case of
protective put strategies. On the other hand, the upside potential ratio leads to correct conclusions.
Finally, we apply downside risk and the upside potential ratio in the process of selecting a mutual fund
from a sample of mutual funds in the Euronext stock markets. The rankings appear similar, which can
be attributed to the absence of significant skewnessin the sample. However, find that the remaining
differences can be quite significant for individual fund managers, and that these differences can be
attributed to skewness. Therefore, we prefer to use the UPR as an aternative to the Sharpe ratio, as it
gives a more adequate eval uation of the use of options and forecasting skills.

Introduction
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In this article we study the performance of mutual funds from the perspective of an investor who
considers selecting one from alarge universe of mutual funds. Most of the literature on thistopic is
devel oped from the Capital Asset Pricing Model and focuses on risk-adjusted performance measures.
such as the Sharpe ratio and Jensen’s alpha. These have become quite popular in academic research as
well as practical applications. These measures rely on the assumption that returns are normally
distributed. In academic research, differences between the outcomes of these measures for different
portfolio managers are often interpreted as differences in the forecasting skills between these
managers.

Bookstaber and Clarke [1984] and Dybvig and Ross [1985] showed that the assumption of normality is
crucia in order to facilitate thisinterpretation of the risk-adjusted performance measures based on
CAPM. For example, a portfolio with stocks and put options results in areturn distribution that is
positively skewed. Indeed, as has been shown by Bookstaber and Clarke [1984] and more recently by
Leland [1999], the risk-adjusted performance of portfolios with options depends on the amount of
optionsincluded. They showed that an uninformed investor can increase his Sharpe ratio above that of
the market index by adding call optionsto a portfolio based on the market index.

Even without options in the portfolio the assumption of normality can be violated in away that
prohibits interpretation of the performance measures in terms of forecasting skills. Surprisingly, this
violation isthe result of the portfolio choices made by an informed investor. For example, Dybvig and
Ross [1985] and Merton [1981] showed that investors with market timing information create portfolios
with returns that do not follow a normal distribution.

These violations of normality make it difficult to interpret the differences in risk-adjusted performance
measures as differences in forecasting skills. From the perspective of an investor who considers
investing in a portfolio with a particular return distribution, the forecasting abilities of the portfolio
manager may be of secondary choice. His primary concern is the shape of the return distribution, and
only to alesser extent he will be interested in the process that created this distribution. Therefore, we
choose an alternative interpretation based on preference functions to measure risk-adjusted
performance. We interpret the outcome of arisk-adjusted performance measure as the expected value
of a preference function. The outcome of the risk-adjusted performance measure represents the
attractiveness of the investment and is not a measure of the forecasting skills of the portfolio manager.

Thisinterpretation of a performance measure is different from that of the management of an
investment management company that is interested in monitoring and controlling the investment
process. As part of the management and control process, they will be interested in measuring the
factors that contributed to the performance as well. Other authors also interpreted performance
measures as preference functions. For example, Stutzer [2000] develops a performance indicator that is
based on an exponential utility function.

In this article, we study the properties of the Sharpe ratio and the upside potential ratio (see Sortino,
van der Meer, and Plantinga [1999]). The Sharpe ratio uses standard deviation as a measure of risk,
whereas the upside potential ratio uses downside deviation as a measure of risk. Downside deviation
explicitly incorporates part of the preference function of the investor by including aminimal
acceptablerate of return (MAR). We claim that downside risk is able to overcome the problems with
ranking investment opportunities with skewed return distributions.

First, we discuss the relationship between preference functions and the risk-adjusted performance
measures. We conclude that the use of measures based on downside deviation is associated with
preference functions that model the risk attitude relative to areference rate of return. Next, we
investigate the properties of the Sharpe ratio and the upside potentia ratio in the context of asimple
simulation study of an investor considering to buy portfolio insurance. We find that the upside
potential ratio is better able to measure the performance of an investor aiming for put protection.
Finally, we examine the differences between the Sharpe ratio and the upside potential ratio in ranking
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asample of mutual funds. In order to attain this goal, we selected a sample of European mutual funds
from the Euronext markets.

Risk-adjusted performance measures and preference functions

In this section we examine the relation between risk measures, risk-adjusted performance measures,
and preference functions. We start with a discussion of the classic capital asset pricing model (CAPM),
which isrooted into utility theory. Next we discuss a more general class of preference functions
proposed by Jia and Dyer [1996] that can be used to model risk attitudes relative to areference rate.

Mean variance theory

Modern portfolio theory and in particular CAPM introduced the idea of aformal relationship between
risk and return as aresult of market equilibrium conditions. A logical application of the formal link
between risk and return was in the evaluation of the returns of managed portfolios. Thisresulted in the
introduction of risk-adjusted performance measures by Jensen [1968], Treynor [1966], and Sharpe
[1966].

CAPM isan equilibrium theory of asset prices and can be justified by either of the following
assumptions:

1. Thereturns of assets are normally distributed.
2. Theinvestors have quadratic utility functions.

Consequently, it is possible to replace the assumption of normality with that of quadratic utility. In our
introduction, we expressed doubts and cited evidence against the assumption of normality of the return
digtribution, and in particular, to the consequences for risk-adjusted performance measures. Therefore,
the use of risk-adjusted performance measures based on CAPM needs to be motivated by the
assumption of quadratic utility. The main objection against the use of a quadratic utility isthat at a
sufficient high level of wealth, the utility of an additional unit of wealth is decreasing. This seemsto
be avery unlikely property for the utility of wealth. However, in practiceit is possible to construct a
utility function model in such away that this part of the domain of the utility function will not be used
for realistic return distribution.

The relation between preference functions and risk-return measuresis discussed in Jia and Dyer
[1996]. They introduced arisk-value model that integrates risk measures directly into decision models.
In other words, arisk-value model is shown to be equivalent to a preference model. An important
condition for the use of arisk-value model isthe risk independence condition.

Risk independence condition
A risk-value model satisfies the risk independence condition if an individual prefers

aternative x over y for any level of wealth, given that the expected value of both
alternativesis equal to zero.

Jiaand Dyer [1996] show that the quadratic utility function is one of the two continuoudy
differentiable utility functionsthat can be represented in the form of a separable risk-value model. In

other words, the expected value of a quadratic utility function U =W - hW 2, can be rewritten in terms
of return and standard deviation as follows:

Eluow)=a - po?, 1)
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where a and f can be written as afunction of initial wealth 77, the expected return E/r], and the
parameter » from the quadratic utility function in terms of terminal wealth in the following way:

)
B=bWE.

Equation (1) shows that variance or standard deviation is arisk measure that logically associates with a
quadratic utility function. Jiaand Dyer prove that equation (1) isthe only way to represent the
quadratic utility function in term of mean and variance. Asthe Sharperatio is not consistent with this
function, it is aso not consistent with a quadratic utility function®. This has also been shown by
Plantinga and De Groot [2001], who ranked the performance of 105 mutual funds based on the Sharpe
ratio, and compared this with rankings based on quadratic utility functions. By maximizing the rank
correlation coefficient between the Sharpe ranking and the utility based ranking, they tried to solve for
the optimal value of 4. The highest achievable rank correlation was equal to 79%.

Downside risk

Frank Sortino recognized the relevance of introducing investor’ s risk preferencesinto performance
measures with the introduction of the downside risk concept into the performance measurement
literature. Downside risk incorporates the risk preferences of the investor by introducing a minimal
acceptablerate of return (MAR), which represents the objective of the investor. Good volatility (above
the MAR) is distinguished from Bad volatility (below the MAR). Therefore, volatility per se, is not
synonymous with risk.

Downside risk is a measure related to the lower partial moments framework (Bawa and Lindenberg
[1977]). The n-th order lower partial moment of a random return » with distribution F and with respect
to areference point & is defined as:

k
LPM, = J’(k - )" dF(r), 2

—00

Downside risk as defined by Sortino is the second partial moment with respect to the MAR. Here, we
write downsiderisk in terms of a discrete distribution of » based on atime series of returns:

T
Omar :\/z[+pt(rt _rmar)2 (3)
=1

where ¢ is an index of the observation, r, isthe return in month ¢, p,=1/T is the probability of an
observation, and r,.., isthe MAR. An important advantage of the downside risk measure is that it also
captures a-symmetries with respect to the reference point.

Jiaand Dyer [1996] show that downside risk is associated with the following piecewise linear plus
power preference function:

Elr|-r
! The definition of the Sharpe ratio used by practitionersis usualy S = L . Sharpe [1994] aims at a more
o

general definition that facilitates the use of the Sharpe ratio as a statistic to test for the outperformance against
any benchmark.
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u(x):@ ax+x? ifx=20

4
élx—/\|x|’8 ifx<0, )

where a > 0 and «, B, and 4 are constants. From this preference function, they derived the so-called
standard mode! of risk, which shows that downside risk is a risk measure consistent with this
preference function if A=1 and f=2:

R(x)=AE" ax—E[x]B‘éLEJr%x—E[x”aE (5)

This standard model of risk shows that the benefits of areturn distribution can be measured with the
right hand side of the equation. For example, the benefits can be measured as the so-called upside
potential with a=1.

Sortino, Van der Meer and Plantinga [1999], suggested the idea of evaluating upside potential against
downside risk, called the upside-potential ratio (UPR)?. The UPR is defined asfollows:

T

UP Zl+pt(rt_rmar)
mar = Jmar —_ =1 , (6)

T
mar
\/Z/_pt(rt _rmar)z
t=1

with 7 = 1if 1, Stpar s £ =00f 1, > Foary 1 =1if 1, > P, and 17= 0 7,S 7,

UPR

We propose to use the UPR as an alternative for the Sharpe ratio. The measure differs from the Sharpe
ratio in two ways. Firgt, it allows the user to model the risk-preferences consistent with Jiaand Dyer’'s

standard model of risk, measuring risk relative to a reference point. Second, the measure is better able

to capture asymmetriesin the return distribution.

To illustrate the potential advantages of the upside potential ratio, let’s assume an investor has an
initial wealth equal to 100 and needs to have at least 100 at the end of the period. In other words, this
investor has aminimal acceptable rate of return equal to 0%. The investor considers constructing a
portfolio of risky assets consisting of an index fund and a European put option on the index fund.
Furthermore, it is given that the risk-free rate is equal to 5%, the index fund has an expected annual
return equal to 10% and that the index fund has an annual standard deviation of 20%.

Using a protective put strategy, the investor can accomplish this goal by buying a put option on the
index fund. Suppose that theinitial value of the index is equal to 100. Then, according to the Black
and Scholes model, the price of a put option on thisindex with astrike price equal to 111.5is
approximately equal to 11.59°. This strategy yields areturn that is at least 111.5 / (100+11.59) = 0%. If
the investor decidesto invest in this strategy he is able to meet his goal of attaining a return equal to at
least 0%.

Using Monte Carlo simulation, we constructed a distribution of the returns from this strategy. We
constructed 1000 random draws from anormal distribution with an expected return of 10% and a
standard deviation of 20%. We calculated the terminal value of the strategy, and performance
statistics, such as the average return, the Sharpe ratio, and the UPR. For the protective put strategy

2 Practitioners also use the Sortino ratio (see Sortino & Price[1994]), which is defined as: Sortino = M .

mar
The upside potential ratio is different from the Sortino ratio asit’s numerator only involves the returns above the
minimal acceptable rate of return.
% Aswe do not want to focus on the details of options pricing and portfolio insurance, we simplified the example
by assuming that the index does not pay any dividends.
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matching an appropriate MAR is 0%. Wefind that the average return is 6.67%, standard deviation is
10.2%, downside deviation is 0%, the Sharpe ratio is equal to 0.164, and the UPR is 117.9.

Table 1: The outcomes of protective put strategies with different levels of protection.

Maximum c Skewness 09 UPR Sharpe
loss
35.0% 19.8% 8.2% 8.57% 1.670 0.282
12.0% 17.1% 57.9% 5.48% 2.275 0.269
2.0% 12.1% 137.7% 1.32% 6.222 0.195
0% 10.2% 173.7% 0.06% 1179 0.164
-1.0% 9.0% 203.5% 0.00% +00 0.138

Given our MAR of 0%, the protective put strategy specified in our example is a good way of avoiding
all risks of falling below the target”. In Table 1 we present the outcomes of our simulation study for
protective put strategies with alternative levels of put protection. In the first column we present the
floor relative to the current wealth level. The second and the third column present the standard
deviation and the skewness. As can be seen, standard deviation decreases with the level of put
protection. We also see that skewness increases with level of put protection. In the fourth column,
downside deviation is calculated using a minimal acceptable rate of return of 0%. As expected,
downside deviation decreases with the level of put protection. The next column presents the UPR,
which increases with the level of put protection, as opposed to the Sharpe ratio (last column), which is
decreasing with the level of put protection.

This exampleillustrates that an investor who specifies an investment goal in term of a minimum
acceptable return and buys put protection, should not use the Sharpe ratio as an indicator of his
success. The better the investor is able to attain his goal, the lower the Sharpe ratio. Furthermore, this
example confirms Bookstaber and Clarke’ s conclusion that the Sharpe ratio cannot be used as a
measure of forecasting skillsif the investor uses options. The upside potentia ratio is superior in this
situation, asit increases with the level of put protection. Of course, as soon asthe desired level of put
protection is attained, downside deviation equals zero, and the UPR cannot be used to distinguish
between two alternatives with different levels of upside potential. Therefore, riskless strategies should
be ranked by upside potential alone.

Data

In order to investigate the differences between the Sharpe ratio and the UPR in an empirical setting,
we collect data on mutual funds were obtained from the Standard & Poor’s Micropal database on
European mutual funds. We collected 72 monthly observations of total rate of return for fundsin
Belgium, France, and the Netherlands from January 1994 until December 1999. The stock exchanges
of these countries announced in 2000 a merger resulting in the EURONEXT, which is competing in
size with the exchanges of London and Frankfurt.

Table 2: Characteristics of the mutual funds sample

# funds #funds  P(<0.80) E[r] o
(1/1/00) (1/1/94)
Belgium 759 186 103 0.94% 4.56%

*In our analysis, we ignore alternatives for the protective put strategy. For example, dynamic strategies such as
contingent proportion portfolio insurance (Perold and Sharpe [1988]) or contingent immunization (Hakanoglu,
Kopprasch and Roman [1989]) could also attain the desired level of protection.
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France SICAV 1,392 938 345 0.77% 4.74%

FCP 2,292 832 270 0.84% 4.82%
Netherlands 447 148 92 0.85% 5.37%
Tota 4,890 2,104 810 0.82% 4.81%

" Statistics are calculated based on the monthly observations of returns over the period
January 1994 to December 1999 measured in terms of local currency returns (until
31/12/1998) and Euro (starting from 1/1/1999).

" Average standard deviation of fundsin the sample.

Table 2 gives the key characteristics of the funds. We chose to select those funds with areturn history
of 72 months as a compromise between avery limited selection of funds with avery long return
history and alarge selection of funds with avery short return history.

Aswe want to focus on funds with higher volatility and a more diverse behavior, we decided to omit
funds with a large exposure to bonds and money market instruments from the analysis. Therefore,
based on the style regression specified in equation (7), we omitted those funds with an exposure to
bonds of 80% or more. Many mutual fundsin Belgium and France had a double entry in the database,
asthey are sold through different distribution channels. We also omitted these double entries. Asa
result the number of selected funds was reduced from 2104 to 810.

The average returns and standard deviations of the selected funds are a'so shownin Table 2. The
average monthly returns are highest in Belgium and lowest in France. The volatility in thereturnsis
highest in the Netherlands. In France two legal forms of mutual funds exist: SICAVs and FCPs. A
SICAV (“Société d'Investissement a Capita Variable”) is an investment company with variable share
capital. A mutual fund that has a SICAV structure is an independent legal entity with its own set of
articles of incorporation and its own Board of Directors. Each sharein the SICAV entitles the
shareholder to a voting right at any shareholders meeting of the SICAV. A FCP (* Fonds Commun de
Placement” ) is not an independent legal entity. A management company manages it and the unit
holders have no vote and therefore cannot take control of the company. The decisions lie with the
board and the shareholders of the management company.

To analyze the performance statistics with respect to different asset classes, we performed returns
based style analysis using equation (7). In this equation, the return of amutua fund is determined by
market indices using a constrained regression analysis.

The return of mutua fund i in month 7 is;

J
Ris=rps=0a; +Zbl]'(rj,t _rf,t)+ei,tv (7)
7
where the coefficients are solved from minimizing the sum of the squared errors subject to:
b; 20
5 b =1

In Table 3 we present the market indices used as the factors;j in regression equation (7). As can be
seen from this table, the MSCI pacific index yielded a negative performance during this period, while
the US growth index generated the highest return. Furthermore, it should be noted that both value
indices exhibit considerable negative skewness, whereas the Pacific index exhibits positive skewness.

Table 3: Market indices used for style regression

E[r] c Skewness Ddev UPR
SB WGBI 0.01% 3.72% 0.134 2.61% 0.542
M SCI Pacific -0.09% 6.17% 0.258 4.26% 0.566
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MSCI Europe Growth 1.04% 4.50% -0.025 2.67% 0.867

MSCI Europe Vaue 1.03% 4.55% -0.601 2.94% 0.789
MSCI US Growth 1.76% 4.43% -0.311 2.43% 1.134
MSCI USVaue 1.04% 4.15% -0.685 2.61% 0.831

In Table 4 we present the outcomes of the style anaysis. Notice that the Dutch mutual funds have
more assets invested outside Europe (35.4%) than the Belgian funds (19.9%) and the French funds
(15.8% and 19.7%). During this period, European mutua funds had a higher exposure to the
European growth index than to European value index. With respect to the US, the opposite seemsto
occur: European mutual funds prefer a higher exposure to the US value index.

Table 4: average style exposure

WGBI  Pacific Europe FEurope US US Avg. R?
Growth  Value Growth Value
Belgium 30.7% 7.2% 29.2% 20.4% 5.5% 7.2% 77.1%
France FCP 22.7% 9.1% 36.8% 24.7% 2.3% 4.4% 65.2%
France Sicav 17.6% 10.7% 39.9% 22.9% 4.0% 5.0% 72.8%
Netherlands 23.7% 19.5% 22.7% 18.2% 7.2% 8.7% 65.4%
All funds 22.1% 10.6% 35.3% 22.8% 3.8% 5.4% 69.3%

Results

In this section we use the upside potentia ratio (UPR) to rank the mutual fundsin our sample. The
minimal acceptable rate of return (MAR) is an important determinant in ranking mutual funds using
the UPR. Therefore, we start our analyses with examining the differences between downside risk and
standard deviation. In order to do so, we choose the MAR equal to the mean of the distribution. We
denote this special version of downside risk as dg. If » follows the normal distribution, and the MAR
isequal to the mean of the return distribution, then downside risk and standard deviation will result in
an equal ranking. As downside risk captures only the negative deviations, we heed to add the upside
deviations in order to get exactly the same number. So, given a symmetrical return distribution the
following deterministic relation between standard deviation and downside applies:

O, = \/Eo-E[r] . 8

As aresult, downside risk ranking based on the mean should be equal to the ranking based on standard
deviation. The rank correlation coefficient between downside risk and standard deviation turns out to
be 96.5%. Table 5 shows usthat on average the value of our adjusted downside risk measure is dightly
lower than the standard deviation. In other words, standard deviation on average overestimates the risk
of the individual fund. By calculating the downside risk measure with respect to the mean, the only
differences in ranking with the standard deviation is due to the fact that the empirical distribution
deviates from the normal distribution. Therefore, our results indicate that the upside volatility with
respect of the mean is somewhat larger than the downside volatility, which indicates that the return
digtributions are somewhat positively skewed.

Table 5: A comparison of downside deviation with standard deviation

c Ox[ P (o> dgr) P(skw>0)
Growth 4.8% 4.8% 60.0% 54.7%
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Vaue 5.3% 5.4% 39.3% 31.5%

Bonds 4.4% 4.4% 32.9% 37.2%
Pacific 7.1% 6.7% 93.3% 90.0%
Mixed 4.8% 4.8% 36.6% 35.7%
All Funds 5.0% 4.9% 49.1% 46.5%

A striking result in Table 5 is that almost all Pacific funds have positive skewness, and have also on
average the largest difference between the standard deviation and the adjusted downside risk measure.
We checked to seeif thisresult holds at the individua fund level. For all funds with a standard
deviation exceeding the adjusted downside risk, we find that 90.1% of the also have positive skewness.
Therefore, we conclude that the difference between standard deviation and the adjusted downside risk
is caused by skewness. Furthermore, the direction of skewnessis not equal for all fund styles. In
particular, value funds, bond funds, and mixed funds exhibit negative skewness.

Asweintend to use the risk measures in risk-adjusted performance measures, we calculated both the
Sharpe ratio and two versions of the UPR. As pointed out by Sharpe [1994], the Sharpe ratio can be
interpreted as atest for outperformance against a benchmark. In case of the classic Sharpe ratio with
the risk-free as benchmark, the Sharpe ratio provides atest for how well the risky return performance
in comparison with the risk-free rate. In the spirit of this interpretation we calculated the UPR with a
MAR of 0% (UPRy) and with aMAR equal to the risk-free rate in each of the three countriesin our
sample (UPRy). Like the Sharpe ratio, UPR; can be interpreted as a test of the performance of the
mutual fund in comparison with the risk-free rate.

We calculated the calcul ated the rank correlation between the Sharpe ratio and the UPR. This
correlation is 97.2% for the UPR; and 97.6% for the MAR,. Stutzer [2000], who also developed a
performance indicator accounting for skewness in returns, also found a very high correlation when
comparing his performance index with the Sharpe ratio. However, we do not believe that the choice
between the Sharpe ratio and the UPR istrivial. Aswe showed with our simulation study, the
correlation between the Sharpe ratio and the UPR can be negative with portfolio insurance strategies.
We attribute the high correlation between the Sharpe and the UPR in the sample of Euronext mutual
funds to the fact that most return distributions are normal. We performed a Jarque-Beratest for
normality on each of the individual fund return distribution, and we cannot reject normality in 90.5%
of the fundsin our sample at a confidence level of 95%.

Skewed returns distributions can arise from either market timing skills (Merton [1981]) or the use of
call options (Bookstaber and Clarke [1984]). Therefore, we conclude that the mgjority of the fund
managers in the Euronext sample does not have market timing skills or employ options. Nevertheless,
an appropriate risk-adjusted performance indicator should be able to select such managers if they show
up at some time in the future. However, even in the context of the Euronext sample, the impact of not
being able to capture skewness can already have serious consequences for individual fund managers.
In order to stress the importance of this point, we investigated the differences in ranking between the
Sharpe ratio and UPRy. First we calculate the difference in ranking based on the Sharpe ratio and the
UPR; as:

DIFRANK; = RANKNR (Sharpe) - RANKNR (UPR,s) ()]

In Table 6 we present the relative frequencies of these differencesin rank number. A negative number
means that the fund is ranked higher in terms of the upside potential ratio as compared to the Sharpe
ratio. From this table, we deduce that 87.4% of the ranking differential refersto a deviation from —98
to + 78 places on the ranking. So despite the fact that the rank correation of 97.2% suggests that the
rankings are almost the same based on statistical grounds, the differences may be considerable from
the perspective of anindividual fund manager.
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Table 6: Relative frequencies of difference in ranking between Sharpe and UPR,¢

Interval Relative
frequency

<xs -276 0.1%

276 <xs  -217 0.2%
217 <xs -157 0.5%
-157 <x< -98 3.9%
98 <x=s -39 15.7%
-39 <xs< 20 48.2%
20 <x=s 79 23.5%
79 <x=s< 139 6.9%
139 <x< 198 0.8%
198 <x=< 0.2%

Based on our earlier results, we expect that these differencesin ranking are caused by skewness.
Therefore, we plotted in Figure 1 the variable DIFRANK against the level of skewness in the return
digtribution of the mutual fund. As can be seen from thisfigure, there is a positive relation between the
difference in ranking and skewness. In particular, omitting the extreme val ues of skewness above 4
and below minus 4 resultsin avery robust linear relation.

Table 7: Outcomes of regression model
with outliers without outliers
t-stat t-stat
Alpha -0.0147 (-0.981) -0.0063 (-0.665)
Beta 0.0035 (13.5) 0.0038 (23.33)
R? 17.48% 39.02%
DwW 1.97 1.91
n=810 n=807

In Table 7 we estimated the regression line using OL S, including and excluding the three outliers. As
can be seen, in both cases the slope of the regression lineis highly significant. The percentage of
explained variance indicates that a considerable part of the differences in ranking can be attributed to
the differencesin skewness.
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Figure 1: Scatter plot of ranking differential and skewness of return distribution
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In figure 2 we present the rank correlation coefficients between rankings based on downside
deviation and the UPR with different levels of minimal acceptable return. We calculated the
correlation relative to aranking of the Euronext funds based on aMAR of 0%. The MAR is
plotted on the horizontal axis and ranges from —2% to +3% on a monthly basis. As can be seen
in thisfigure, the calculation of downside deviation is not very sensitive to the choice of the
MAR. All correlation coefficients are well above 95%, even for very different MARS. On the
other hand, the upside potential ratio seemsto be affected more by the choice of the MAR.
However, even amonthly MAR of 1% that trandatesinto an annual average return of 12%
results only in arank correlation slightly above 0.90. These results suggest that the choice of
the MAR islessrelevant. Again, we refer to our earlier conclusion that the deviations from
normality in our sample is not big enough to generate different rankings.
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Figure 2: The impact of the minimal rate of return on downside deviation and the upside
potential ratio.
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Finally, we investigate whether the performance of the mutual fund differs across investment styles
and countries of origin. We use the outcomes of the style analysis to classify the investment styles. All
funds with atotal exposure to both growth indices exceeding 50% classify as growth funds. Similarly,
we classify the value style funds, the bond funds and the pacific funds. Finaly, all remaining funds
classify as mixed funds. In table 7 we present the average outcomes of the performance measures for
the different styles.

Table 8: Risk-adjusted performance for different investment styles

Sharpe  Upr,s Upr, E[r] UP, 09
Growth 1748% 77.75% 90.38% 1.20% 2.50% 2.79%
Value 955% 65.60% 76.03% 0.76% 2.37% 3.42%
Bonds 267% 58.20% 69.40% 0.44% 1.94% 2.89%
Pacific -0.01% 57.97% 64.60% 0.37% 2.88% 4.52%
Mixed 9.13% 65.98% 77.57% 0.71% 2.21% 3.01%

All Funds  10.50% 68.39%  79.80% 0.82% 2.34% 3.06%

An interesting result is that the diff erences between the five classes in terms of performance are bigger
in terms of the Sharpe ratio, whereas both upside potentia ratios yield much smaller differences
between asset classes. Although this may be considered a scaling issues, it also is related to the
skewness issue. Studying the funds with exposure to the Pacific, it is remarkable that the pacific funds
scoreworst on all of the criteria except for the upside potential . Positive skewness results in a higher
upside potentia. In the Sharpe measure this is captured partly in the expected return, but most of it is
accounted for as higher volatility and thus higher risk.
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Conclusion

In this article we discussed the impact of downside risk on risk-adjusted performance evaluation. We
concluded that it is difficult to interpret differences in the outcomes of risk-adjusted performance
measures exclusively as differencesin forecasting skills of portfolio managers. Therefore, we choose
to interpret arisk-adjusted performance measure as an aternative to a preference function. As has been
shown by Jiaand Dyer [1996], a piecewise linear plus power preference function can be used to
represent the preferences of an investor whose preferences changes relative to a minimal acceptable
rate of return (MAR). In this spirit of this preference function, we previously devel oped the so-called
upside potential ratio (UPR).

As an example we showed that a protective put strategy can be a suitable strategy for an investor
whose preferences are described relative to aMAR. Using a ssmple Monte Carlo simulation, we
showed that protective put strategies with guaranteed rates below the MAR of our investor resulted in
higher Sharpe ratios than those of the strategies with guaranteed rate above the MAR. On the other
hand, the UPR was increasing with the level of the guaranteed rate. A well-known property of a
protective put strategy isthat it resultsin a positively skewed return distribution. The skewness
increases with the guaranteed level. Apparently, the UPR is better able to capture this skewness, so we
concluded that the UPR is more suitable as an evaluation criterion than the Sharpe ratio for investors
seeking downside protection.

Next, we studied the relevance of downside risk and the UPR in the process of selecting a mutual fund.
We used a sample of mutual funds in the Euronext stock markets. In order to make afair comparison
between the Sharpe ratio and the UPR, we used a MAR equal to the risk-free rate. We constructed a
ranking based on both criteria, and we find a very high correlation between the Sharpe ratio and the
UPR. Thisisthe result of the fact that most funds in our sample have a normal return distribution.
Therefore, the conditions are not present for the UPR to yield different results. Apparently, managers
do not uses options or exhibit market timing skills on a scale that can be detected by analyzing the
return distribution. However, we cannot guarantee that managers using options or having superior
market timing skills may still show up. A useful application of the UPR may be in the research of
hedge funds. Hedge funds are used to leverage the forecasting skills of managers, and they also make
use of options and other derivative instrument.

Although the rankings appear similar based on the rank correlation coefficient, we analyzed the
differences and find that these differences can be considerable in the case of individual fund managers.
Individual managers may very well be ranked 50 places |ower than they should be. We analyzed the
causes of the differences and we concluded that the skewness again is a significant determinant.
Therefore, we prefer to use the UPR as an dternative to the Sharperatio, asit gives a more adeguate
evaluation of the use of options and forecasting skills.
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