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Imost forty years ago, Sharpe [1966] developed

a measure then called reward-to-variability

for evaluating and predicting the performance

of mutual fund managers. Under the name of
the Sharpe ratio, it has become one of the most popular
indexes in practical application.

Although the Sharpe ratio is fully compatible with
normally distributed returns (or, in general, with ellip-
tical returns), it will lead to incorrect investment deci-
sions when returns present kurtosis or skewness (see,
among others, Leland [1999] and Bernardo and Ledoit
[2000]). Specifically, returns on assets exhibit heavy tails,
and many researchers recognize the limitations of this per-
formance measure (see Ortobelli et al. [2003]).

Several alternatives to the Sharpe ratio for optimal
portfolio selection have been proposed such as the mini-
max ratio, the stable ratio, the mean absolute deviation
ratio, the Farinelli-Tibilett ratio, and the Sortino-Satchell
ratio; see Young [1998], Ortobelli et al. [2003a, 2003b],
Farinelli and Tibiletti [2003a, 2003b], Sharpe [1994],
Dowd [2001], Sortino [2000], Pedersen and Satchell
[2002], Szego [2004], and Uryasev [2000]. All these per-
formance measures are theoretically valid and lead to
different optimal solutions, so it is unclear how an investor
should decide on a criterion.

Our goal 15 to find a criterion whose application
would lead to correct investment decisions in the case of
heavy-tail distributed returns. We use an ex post analysis
considering recent historical data. In our study period,
stock returns were volatle and far from normally (Gaus-
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sian) distributed. We suggest new mean risk models that
perform better than other models in the case of non-nor-
mal return distributions. Thus, the new performance mea-
sures take into account a more realistic behavior of stock
return distributions. Using nine assets in the German mar-
ket, we show that the Sharpe ratio does not perform as well
as other criteria or the new ones introduced here.

RISK MEASURES

Before Markowitz [1959], there had been no attempt
to quantfy risk. Financial risk was considered a correct-
ing factor for expected return. The Markowitz mean-
variance framework was an excellent beginning, with the
main innovation being measurement of the dependence
structure of returns while accounting for their correlation.
The dependence structure represented by the variance-
covariance matrix, which quantifies the impact on port-
folio selection of each asset with respect to the others,
exemplifies the importance of diversification.

Sharpe’s [1966] capital asset pricing model (CAPM)
extended the Markowitz theory to an equilibrium theory.
The simplicity and the intuitive appeal of mean-variance
analysis and the equilibrium results attracted considerable
rescarch attention on generality and extendibility.
Markowitz theory also found its way into the basis of arbi-
trage theory and stochastic dominance analysis.

Mean-variance theory has survived both theoreti-
cal criticism and empirical rejection. Roll [1977, 1978,
1979] was the first to understand the weaknesses of the
theory and its empirical deficiencies. Alternative mean risk
models have been proposed since then in response.

Many researchers have investigated the best risk
measure to be applied in portfolio selection. See, for
example, the mean-lower partial moment approach of
Markowitz [1959], Bawa |1977], and Fishburn |1977]; the
mean-Gini portfolio analysis of Yitzhaki [1982] and Shalit
and Yitzhaki [1984]; the mean-absolute deviation (MAD)
approach of Konno and Jamazaki [1991]; the mean-sta-
ble dispersion analysis of Ortobelli et al. [2003, 2004a];
and the mean-VaR models of Uryasev [2000] and Gia-
cometti and Ortobelli [2004]. These mean risk approaches
admit a CAPM approach, and can be easily extended to
a multiparameter framework according to stochastic dom-
inance rules because they are a subcase of the analysis pro-
posed by Ortobelli [2001] and Ortobelli et al. [2003].

In a mean risk world, we can describe the uncer-
tainty of future wealth with two summary statistics: a risk
measure, and the mean representing reward. Various port-
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folio selection approaches differ in the risk measure used.
In particular, we can distinguish two distinct categories
of risk measures used in portfolio theory: dispersion mea-
sures, and safety risk measures. These categories differ in
their consistency with stochastic dominance order.

Absolute Deviation

The absolute deviation of a random variable is the
expected absolute value of the difference between the
random variable and its mean. The absolute deviation is
a linear risk measure consistent with a stochastic domi-
nance order.*

The primary aim of the mean absolute deviation
(MAD) portfolio optimization model of Konno [1990]
and Konno and Yamazaki [1991] is overcoming the lim-
itations of the CAPM. They propose a linear optimiza-
tion problem based on the absolute deviation that improves
and accelerates the computation of optimal portfolios.
Because of 1ts computational simplicity 1n solving port-
folio selection problems, the absolute deviation has been
popufar in the last decade.

Stable Dispersion Measure

The stable dispersion measure is the scale parame-
ter of a stable Paretian distribution (also called the ot-sta-
ble distribution). Therefore, the mean-stable dispersion
approach is a distributional approach based on the assump-
tion that returns are stable Paretian distributed.

The adoption of stable modeling is undoubtedly one
of the most interesting and promising ideas to arise in
finance. While alternative models based on other non-
Gaussian distributions appear in the literature, the stable
assumption has unique distinctive characteristics that make
it an ideal candidate. The functional central limit theo-
rem for normalized sums of independent and identically
distributed random variables theoretically justifies the sta-
ble Paretian approach.

Excess kurtosts found by Mandelbrot [1963] and Fama
[1965] led them to reject the normality assumption and pro-
pose the stable Paretian distribution as a statistical model for
asset returns. Ziemba [1974] and Rachev and Mirttnik
[2000], among others, extended these early studies of asset
returns, consolidating the stable Paretian hypothesis.

The stable dispersion measure is consistent with a
stochastic order, and it can be obtained as a function of a
centered moment. Thus, in some sense, this risk measure
can be seen as a generalization of absolute deviation.
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Gini Risk Measure

The Gini risk measure, or Gini’s mean difference,
is a statistic used widely to measure income inequality. It
is an index of the variability of a random variate, based
on the expected value of the absolute difference between
every pair of realizations. It admits a geometric interpre-
tation, and has been used for 80 years by economists to
describe economic and social conditions. Yitzhaki [1982]
and Shalit and Yitzhaki | 1984] have proposed a mean-Gini
porttolio selection theory that is consistent with a stochas-
tic dominance rule and presents many analogies with
mean-variance analysis.

An advantage is that the portfolio optimization
problem with the Gini risk measure 1s linear. Linearity sim-
plifies the complexity of the porttolio choice problem; this
is a major advantage over traditional risk measures. By
using the Gini risk measure, we can associate with each
portfolio a concentration curve that classifies its risk aver-
sion. Therefore, it is possible to identify defensive and
aggressive portfolio selection strategies depending on the
location of their concentration curves.

Lower Partial Moment

All the dispersion measures we have described are
measures of uncertainty; uncertainty, however, is not nec-
essarily risk. Unlike safety risk measures, dispersion mea-
sures consider both positive and negative deviations from the
mean as a potential risk. That is, overperformance relative
to the mean is penalized just as much as underperformance.

To address this anomaly, Markowitz [1959] pro-
posed the semivariance as a risk measure. A natural exten-
ston of semivariance is the lower partial moment risk
measure, also called downside risk or the probability-weighted

Sfunction of deviations below a specified target return (see Bawa

[1977] and Fishburn [1977]).

This risk measure depends on two parameters: 1) a
power index that is a proxy for the investor’s degree of risk
aversion, and 2) the target rate of return that is the return
that must be earned at a minimum to accomplish the fund-
ing of the plan within the cost constraint. Moreover,
considering the expected moment of deviations above a
specified target return, called the upper partial moment, we
obtain a measure of reward that can be used to value the
excess of return.

FaLL 2004

Value at Risk

One of the most important tasks of a financial insti-
tution is the evaluation of exposure to the market risks that
arise from changes in prices of equities, commodities,
exchange rates, and interest rates. Dependence on mar-
ket risks can be measured by changes in the portfolio value,
or profits and losses.

A common methodology for estimation of market
risks 1s value at risk (VaR ). Its primary characteristic is
that it synthesizes in a single value the possible losses that
could occur with a given probability (1 — 1}) in a given
temporal horizon. This feature, together with the (very
intuitive) concept of maximum probable loss, allows the
non-expert investor to figure out how risky a position 15
and the appropriate corrective strategies.

VaR models are increasingly adopted. Financial
institutions with significant trading and investment vol-
umes use a VaR methodology in their risk management
operations.

Conditional Value at Risk

To select a minimal set of properties that a risk mea-
sure must satisfy to be a coherent risk measure, Artzner
et al. [1999] define with remarkable financial insight the
so-called axioms of coherency, and find the explicit rep-
resentation of any coherent risk measure. In practice, a
coherent risk measure recognizes that: 1) the wealth at risk
declines when we add an amount of riskless wealth; 2)
more wealth is preferred to less wealth; 3) the aggregated
risk of two investments is lower than the sum of the two
associated single risks: and 4) when the wealth at risk is
multiplied by a positive factor, risk must grow also with
the same proportionality. These properties are mathe-
matically formalized in axioms that ensure the coherency
of a risk measure,

Even if there is no doubt that VaR ; provides use-
ful information, it is not a coherent risk measure, and it
cannot offer an exhaustive representation of an investor’s
preferences. To overcome these limitations and problems,
Artzner ct al. [1999] propose the conditional value at risk
(CVaR) as an alternative risk measure. The CVaR | also
called expected shortfall or expected tail loss, measures the
expected value of portfolio returns, given that the VaR
has been exceeded.

CVaR is a coherent risk measure, and portfolio selec-
tion with the expected shortfall can be reduced to a linear
optimization problem. Moreover, if we apply the CVaR con-
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cept symmetrically to the opposite part of the portfolio
returns distribution, we get a measure of portfolio reward.

Mini-Max

The mini-max risk measure was first used in port-
folio selection problems by Young [1998]. It represents the
maximum loss over all past observations. It is possible to
show that the mini-max risk measure is an extreme and
special case of the CVaR. Therefore, the mini-max risk
measure satisfies all the properties of the expected tail loss.

Power Conditional Value at Risk

To take into account the investor’s degree of risk aver-
sion, we have introduced power CVaR. This new risk mea-
sure is the expected value of the excess return raised to a
certain power, given that some threshold (usually the VaR)
has been exceeded by the excess return. Therefore, this risk
measure depends on an additional parameter, the power index,
which varies with the investor’s degree of risk aversion.

PERFORMANCE MEASURES

For each risk measure, there is a performance mea-
sure to identify superior, ordinary, and inferior perfor-
mance. In particular, the ratio between the expected excess
return and the relative risk measure 15 a performance mea-
sure P(.) that investors wish to maximize. The maximiza-
tion of the performance measure p(.) determines the
so-called market portfolio, because it represents the bench-
mark for the market. Therefore, the market portfolio found
for each performance measure p(.) is based on a diverse risk
perception and sometimes on a different reward perception.

Even if most researchers have tried to find the
“right” risk measure, our empirical analysis shows that the
right reward perception is also crucial to determine a
desirable risky investment strategy. We do not believe
there is a perfect performance measure, because a per-
tormance measure depends on only two parameters that
summarize the complexity of all admissible choices.

Some performance measures, however, take into
account typical investor opinions better than others. As
a matter of fact, most decision-makers have some com-
mon beliefs. For example, they prefer more wealth than
less, and they are generally risk-averse.

For this reason, most of the risk measures proposed
in the literature are consistent with at least one stochas-
tic dominance order. Thus, if we minimize a given risk
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measure (consistent with a stochastic order) for a fixed
expected return level, we find a portfolio that is optimal
for some investors. This does not mean that this portfo-
lio is the best choice for all decision-makers who want a
return with the same mean.

Similarly, when we maximize a performance mea-
sure, we determine the market portfolio that best repre-
sents a predisposition to risk and an inclination to invest
for a given category of investors. These investors do not
necessarily represent all the agents in the market, but we
see a common interest for all decision-makers, which 1s
to maximize final wealth.

Therefore, in our empirical analysis, we emphasize
the performance measures that maximized final wealth in
our sample period: the Sharpe [1966, 1994] ratio; the sta-
ble ratio (see Ortobelli et al. [2003]); the MAD ratio (see
Konno and Yamazaki [1991]); the Gini ratio (see Yitzhaki
[1982] and Shalit and Yitzhaki [1984]); the Sortino-
Satchell ratio (see Sortino [2000)], Sortino and Satchell,
[2001], and Pedersen and Satchell [2002]); the TaR,,, ratio
(see Favre and Galeano [2002] and Martin, Rachev, and
Siboulet [2003]); the CVaR,,, ratio (see Martin, Racheyv,
and Siboulet [2003]); the mini-max ratio (see Young
[1998]); and the Farinelli-Tibiletti ratio [2003a, 2003b|.
We also introduce two new performance ratios: the
Rachev ratio and the Rachev generalized ratio.

Rachev Ratio

The Rachev ratio (R-ratio) is the ratio between the
CVaR of the opposite of the excess return at a given con-
fidence level and the CVaR of the excess return at another
confidence level. That is:

CVaR, . (r,—x'r)
plxty) = el (1
CVaR, 5. (x'r—1r;)

or, alternatively:

ETL, . (r,— X'y
S -

B /
where @ and f belong to (0, 1). Here, if X is a return of
a given portfolio, then L = —X represents the relative
loss, and ETL, (X) = E(L/L > VaR,) is the expected
tail loss where 1aR , is defined by P(L > iR ,) = @,
and @ belongs to (0, 1). In our empirical analysis, we con-

sider this ratio for different choices of the parameters o

Yo
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and B:
Rachev ratiol (when = B = 0.01) (R1-ratio)
Rachev ratio 2 (when & = 8= 0.05) (R2-ratio)
Rachev ratio 3 (when &= 0.5, = 0.01) (R3-ratio)

The Rachev ratio is a very flexible performance
measure that generalizes the CVaR ,, ratio (the STARR
ratio). In many cases, a flexible measure of reward, together
with a coherent definition of risk, lets us value the
investor’s performance correctly. These characteristics
represent the principal theoretical advantages of the R-
ratio with respect to the other performance ratios proposed
in the literature.

Rachev Generalized Ratio

The Rachev generalized ratio (RG-ratio) 1s the
ratio between the power CVaR of the opposite of the
excess return at a given confidence level and the power
CVaR of the excess return at another confidence level.
That is:

ETLey.uw = x'r)
ETL; po(x'r = 17)

pxr) = 3)

where ETLW a(X) = E(max(L, 0)/L > TaR ) is the
power CVaR of X, and ¥ 1s a positive constant. In the
empirical study we analyze the RG-ratio with parame-
ters Y= 0= a /2, and &= = 0.5. The main advantage
of the RG-ratio relative to the R-ratio is given by the
power indexes yand & that characterize the investors™ aver-
sion to risk.

Further analysis, discussion, and detailed studies of the
characteristics of the performance ratios can be found in
Ortobelli, Rachev, Biglova, Stoyanov, and Fabozzi [2004].

EMPIRICAL COMPARISON

For ex post comparison of several performance
ratios, we assume that every day all wealth is invested in
the portfolio that maximizes a given performance mea-
sure P(.). There are two cases:

1. There is no riskless asset (mathematically, this can be
expressed assuming that the risk-free rate of return
1s equal to zero, 1.e. £ ="10),

2. The rate of return of the riskless asset . is represented
by LIBOR (daily observations).

Fart 2004

Thus, in the most general case, we analyze the prob-
lem of optimal allocation among n + 1 assets; n of those assets
are risky with returns (continuously compounded) r = [r,,
Fye -oos 1 'y and the (n + 1)-th asset is the risk-free asset (or
a market index) with return r.. No short-selling is allowed,
i.e., the portfolio weights x, corresponding to the risky
assets for every i = 1, ... nand the weight A=1-3" x, of
the risk-free asset are greater than or equal to zero. We
assume all portfolios are uniquely determined by the mean
and a risk measure consistent with some stochastic domi-
nance order. Under these assumptions, most of the risk
measures proposed in the literature are equivalent (see
Ortobelli, Rachev, Biglova, Stoyanov, and Fabozzi [2004]).

In addition, investors will choose an optimal port-
tolio that is a linear combination of the risk-free asset and
an optimal risky portfolio. The optimal risky portfolio is
given by the portfolio that maximizes the performance
measure p(.). Generally, this measure is a ratio between
the expected excess return and a risk measure of portfo-
lio return. Thus, for any performance measure p(.), we
compute the market portfolio x,,'r that is the solution to
the optimization problem:

maxp(x'r)
ST,
&=L B0 Ti=1, mn (4)

For different performance measures, we generally
obtain different optimal risky portfolios because all the
admissible choices are not uniquely identified by only two
parameters. Therefore, the market portfolio composition
Xy = l"'}..-'.r- o .\'”_‘_.'_,] found for each performance mea-
sure P(.) 1s based on a different risk perception and some-
times on a different reward perception. We could propose
a portfolio selection theory that depends on more than two
parameters (see Ortobelli [2001]), but the choice problem
becomes more complex.

Once we have computed the market portfolio as a
solution of the optimization problem in (4), we compare
the sample paths of the final wealth obtained using the dif-
ferent approaches.

We use daily data for the period January 27, 1999,
through June 30, 2003. We examine the optimal alloca-
tions among the risk-free asset (that is, LIBOR when we
assume the presence of a risk-free asset) and nine risky
assets in the German market (Adidas Salomon AG, Basf
AG, Bayerishe Motoren Werke AG, Continental AG,

THE JOURNAL OF PorTROLIO MANAGEMENT 107




ExHIBIT 1

Predicted Final Wealth of Market Portfolio—Risk-Free Rate = 0

14 T T T T T T T T T
il | Ratio Value of portfolio at day 1120
4B M}\I b Sharpe Ratio 0.616240415853423
*A Mini-Max Ratio O.804530138619293
ha \A{V)‘h j ! } | Stable Ratio 0.578139498466928
i L w K:: | & | [ MAD Ratio 0.628476996045711
E WW’N\| | M } Gini Ratio 0.625304181881120
g 08 fl"‘\ % iklf 1 Sortino-Satchell Ratio 0.617976033633241
@ ol "ﬂ Mq Farinelli-Tibiletti Ratio 0.839552761793775
. L l VAR,,, Ratio 0.605072926895815
| \ M j *
o CVaR ,, Ratio (STARR Ratio) 0.776588630065149
06} 1 ml'" .
Mg Rachev Generalized Ratio | 0.75368029/712404
U'goo soo 400 500 etlao 760 at'n aoo 1030 11lon 1200
Number of observations

Bayer AG, Hoechst AG, Fresenius Medical Care AG,
MAN AG, and Henkel KGAA).

Generally in the literature, there are different defini-
tions of return. Let us denote by r,  the return of the i-th
asset at time . Observe that the results in the optimiza-
tion problem could change, depending on whether returns
are defined as a percentage change:

F o= Si.r s Sl'.r—l
wr

Sufl
(where S, is the price of the i-th asset at time ), or con-
tinuously compounded returns:

r, =log S

i

Thus, we analyze the two cases separately.

Percentage Change Return

Let us suppose that decision-makers invest their
wealth and purchase the market portfolio. Considering
that each investor has a different risk perception and a dif-
ferent excess return perception, the market portfolio is
determined by maximizing one of the performance mea-
sures. To compare the efficiency of alternative performance
measures, we consider the sample path of the final wealth
obtained from the various approaches.

108

DIFFERENT APPROACHES TO Risk ESTIMATION IN PORTFOLIO THEORY

We assume the investor has an initial wealth of
W, = 1 on January 27, 2000. Thus, every day and for each
performance measure p(.), we solve the optimization
problem in (4) using the observations from the prior year
(the prior 250 observations) for calibration purposes.

Once we determine the market portfolio x',, . the final
wealth after n days is given by
WH = WuAl(l + 'rlMin)rl'm) (S)

where Py 18 the vector of returns gained between the n —
1 and the n-th day starting from January 27, 2000. We
assume either r-= LIBOR or r,= 0.

Exhibit 1 presents graphs of the predicted final
wealth of the market portfolio for the best ratio and for
the Sharpe ratio as well as values of the final wealth W,
of the portfolio when r. = 0. The abbreviation W,
denotes that we consider the wealth accumulated after 870
periods of optimization.

Exhibit 2 presents the same information when we
assume .= LIBOR.

These exhibits show that the R 1-ratio and the RG-
ratio sample paths dominate the Sharpe ratio sample path.
Therefore, we can conclude that for our sample of stocks
and our study period investing in the market portfolio
every day, assuming either the R 1-ratio approach or the
R G-ratio approach, we become wealthier in the end. It fol-
lows that the R 1-ratio and R G-ratio models perform bet-
ter than the classic Sharpe ratio.
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EXHIBIT 2

Predicted Final Wealth of Market Portfolio—Risk-Free Rate = LIBOR

157

5 8 T T T p———— -
1_4|. A Ratio Value of portfolio ar day 1120
1.3L H 1 [Sharpe Ratio 0.617451929444473
| Minimax Ratio 0,775256808505809
12 4
| f Stable Ratio (1.536188972808025
i 110 M y' Il’ f‘ MAD Ratio 0,63823661 5004889
E ; L v‘ f% Gini Ratio 0.634635872560578
I
g w;\ er"' y ”Mfw S‘{ Sortino-Saichell Ratio 0.617522512797628
g o9 \Hv Farinelli-Tibiletti Ratio 0.989935546412939
4 . 7
08k e 1 |VAR,,, Ratio 0.630353899968129:
- wealth(Rachev generalized ratio) |
oF H\ ‘WA‘H 4 |CVaR,,, Ratio (STARR Ratio) 0.723743228580052
/ " Rachev Ratiol 1.006171785779270
ﬂ.ﬁr 'u\ m | .
W |
o_gl i i L R I i 1 L
00 300 400 500 600 700 800 900 1000 1100 1200

Number of Observations

Most of the other approaches are significantly differ-
ent from the mean-variance one, even though we see the
optimal portfolio weights are not always significantly dif-
ferent. This result implicitly supports the hypothesis that
the new ratios, the R1-ratio and the RG-ratio, appear to
capture the distributional behavior of the data (typically the
component of risk due to heavy tails) better than the clas-
sic mean-variance model.

Continuously Compounded Return

Assuming continuous compounding, we examine
the same optimal allocation among the risk-free return r,
and nine German assets during the study period (1,120
observations). We examine portfolio selection with and
without the risk-free asset.

We assume the investor has an initial wealth equal
to | and initial cumulative return CR,; = 0 on January 27,
2000. Thus, every day and for each performance measure
p(.), we have to solve the optimization problem in (4) using
the observations of the prior year (the prior 250 obser-
vations) for calibration purposes. Once we determine the
market portfolio x', 1y the cumulative return CR after
n days is given by

CR, = CR, (6)

It
1 +x Mun'

{n)

where r
(m)

returns gained between the n — 1 and the n-th day start-

is the vector of continuously compounded

Farr 2004

g January 27, 2000.

Exhibit 3 presents sample paths of cumulative
returns for the best ratio and for the Sharpe ratio and val-
ues of cumulative returns for some other ratios (after 870
periods of optimization and return accumulation) when
there is no risk-free asset. The plots show the R 1-ratio
always performs better than the Sharpe ratio, and it
yields the maximum total realized return (equal to
9.583%) at the end of the period examined.

To see the relevance of this result, we compare the
cumulative returns of the R 1-rato with one of the most rep-
resentative German indexes, the IDAX 30. Then we con-
sider the sample path of cumulative returns for the DAX 30
during the period examined. That is

|

where §“*(0) is the value of the DAX 30 on January 27,
2000, and S™(n) is its value n days from that date.

Exhibit 4 shows that the forecast based on the R1-
ratio produces the best result for the entire period, realiz-
ing a higher return than the DAX 30. If investors had put
all their wealth in the DAX 30 on January 27, 2000, at the
end of the period on June 30, 2003, they would have lost
16.606% of the initial wealth. If they had instead picked
a portfolio using the R 1-ratio every day, they would have
realized a return of 9.583%.

Snl’u\ (” )

CR (DAX30) = log) ———
Jlr ) 0}:‘[ S.fm(o)
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ExHIBIT 3

Change in Predicted Total Realized Return—Risk-Free Rate = 0

04 T T T T T
03r % i Ratio Value of portfolio at day 1120
&

02+ ¢ "rM 4 | Sharpe Ratio ~0.366585953821371

- Il H | [Minimax Ratio -0.098776164821371
i | Stable Ratio 0.437531232524888 |
g or 7 [ MAD Ratio -0.344087473821371

033062712382

04 - | Gini Ratio 0.350627123821371
g Sortino-Satchell Ratio -0.35921261382137]
% D& l\ Farinelli-Tibiletti Ratio 0.010434873821371
o | [~ total retum(sharpe) \ W \ v, ; -0.395411563821371

S | — total retum (Rachev-ratio1) tj’ 1 | YAR o Ratio

sl lﬂ || CVaR ,, Ratio (STARR Ratio) -0.142927703821371

!
05 - f |
W Rachev Generalized Ratio ~0.101643126273180
‘oa 1 I — L L | I 1 1 1 —t
200 300 400 500 €00 700  BOO 00 1000 1100 1200
Number of observations

ExXHIBIT 4

Change in Predicted Total Realized Return—Comparison with DAX 30

cumulative returns for the best ratio and for
the Sharpe ratio and values of predicted total
realized returns for other ratios when we

o : : : : | ' r assume r.= LIBOR. The RG-ratio produces
el . the best performance.

! Exhibit 6 shows that the R1-ratio
= sometimes yields a better performance than
i L e the RG-ratio. In any case, both the R1-ratio
i MA and the R G-ratio realize a cumulative return

i} Ay ﬁ greater than that of the German index. As a
% matter of fact, at the end of the period exam-
ar 1 ined, the cumulative return obtained using
; the R1-ratio is 12.933%, while the return
g 01 I \H 4 received using the RG-ratio 1s 17.375%.
; w
R R e - . T, k. | CONCLUDING REMARKS
03t This work compares alternative port-
folio selection models based on different risk
Bk S = . g i i - measures, including the most popular one,
200 300 400 50 800 700 80 600 1000 1100 1200 he Sharpe ratio.
Number of observations

Clearly, this analysis does not consider transaction
costs and taxes. Even adding proportional transaction costs,
though, we still obtain a positive return using a strategy
based on the R 1-ratio.

As one would expect, the final wealth increases when
we add a riskless asset. Exhibit 5 presents sample paths of
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Our empirical analysis of all these ratios
suggests that the Sharpe ratio forecasts are not
as accurate as other performance measures proposed in the
literature such as the mini-max ratio or the Farinelli-
Tibiletti ratio. We suggest two new performance measures
(the Rachev ratio and the Rachev generalized ratio) as
good criteria for portfolio optimization because they

Fair 2004



EXHIBIT 5

Change in Predicted Total Realized Return—Risk-Free Rate = LIBOR

04— — T

03

0.2+

DA

Predicted total realized retum

-0.2 H #'

03| —— total return(sharpe) 1 “‘
- total retum(Rachev generalized ratio)

06 L : ; I M

1 1 i A
200 300 400 500 600 700 800 900 1000
Number of observations

S\

Ratio Value of portfolio at day 1120
Sharpe Ratio ~0.304645423824371
Minimax Ratio ~0.135864083821371
1 Stable Ratio -0.520872263821371
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Gini Ratio -0.335808033821371
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1 Farinelli-Tibiletti Ratio 0.111626853821371
VAR ... Ratio -0.344402793821371
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Changes in Predicted Total Realized Return—DAX and R1- and Ré-Ratios
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*Generally, we say that a risk measure 1s
consistent with a stochastic order if, for a given
category of investors (either risk-averse or who
prefer more than less) the preference of random
1 wealth W, to random wealth W, implies that
wealth W is less risky than wealth W,
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