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In memory of my best friend, Manos Kerpinis.

He was a remarkable engineer and operations manager, always trying to operate at 
the frontier.
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Backtesting superfund portfolio 
strategies based on frontier-based 
mutual fund ratings

Olivier Brandouy,1 Kristiaan Kerstens,2 and
Ignace Van de Woestyne3

1IAE – Sorbonne Graduate Business School, Université Paris 1, France
2CNRS-LEM (UMR 8179), IESEG School of Management, France
3Hogeschool-Universiteit Brussel, Belgium

7.1 Introduction

Professional mutual fund managers and individual investors face an increasingly large set of 

investment opportunities. Among these opportunities, the subset of mutual funds (MF) offers 

an amazing heterogeneity. For example, Morningstar, one of the best established rating agencies 

in this business (one can also cite Lipper, Standard & Poor’s, Fitch Ratings, EuroPerformance, 

etc.), offers access to more than 160000 MF all over the world through its database ‘Morningstar 

Direct’ (about 77000 in Europe and about 26000 in the United States). Consequently, the 

ratings offered by these rating agencies, and particularly their reliability, are of major interest 

for investors considering selecting some of these MF shares for their portfolios.

For example, Blake and Morey (2000) examine the Morningstar rating as a predictor of 

US domestic equity MF performance: these authors find little evidence that Morningstar’s 

top-rated funds outperform the second- and third-rated funds. More recently, Kräussl and 

Sandelowsky (2007) offer a much more extensive study: not only US domestic equity MF, 

but also international equities, taxable bonds, and municipal bonds as well, with not a 5-year 

but a 10-year horizon. Their sample allows assessing Morningstar’s revised rating since July 

2002 when ratings got based on 64 categories rather than four broad asset classes till then. 
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The upshot of their study is that Morningstar’s rating till July 2002 can predict severe 

underperformance, but cannot discriminate between 3- to 5-star-rated MF. But, the results of 

the revised rating system are even worse: there is no significant performance difference in out 

of sample periods between 1- and 5-star MF. The merits of the 2011 Morningstar announce-

ment of a new so-called analyst rating that intends to look forward rather than backward and 

that will coexist with the current ratings obviously remains to be evaluated.

Since about two decades, there have been successive attempts to transpose the successful 

frontier estimation methodologies from production theory to the analysis of financial problems. 

Sengupta (1989) is probably the first to introduce an explicit efficiency measure into a mean-

variance (MV) portfolio model. In a MF rating context, the seminal article proposing some 

efficiency measure is Murthi, Choi, and Desai (1997). But, it is likely the article by Morey and 

Morey (1999) proposing both a mean-return expansion and a risk-contraction function that has 

in fact triggered a series of new developments in the use of efficiency measures in portfolio 

theory and in MF rating in particular (e.g., Briec, Kerstens, and Lesourd, 2004; Lamb and Tee, 

2012; Lozano and Guttiérez, 2008, among others). Anyway, these developments have led to a 

burgeoning literature of about 40 or so related articles, published in a variety of journals and 

covering a collection of MF types (ethical MF, hedge funds, pension funds, etc.). Somewhat in 

parallel, starting with the seminal article of Alam and Sickles (1998) one can mention an 

emerging literature providing frontier-based asset selection and integration in portfolio models 

(e.g., Abad, Thore, and Laffarga, 2004 or Nguyen and Swanson, 2009).

Starting from the foundations of Modern Portfolio Theory, an enormous literature on 

portfolio performance evaluation has been developed using total-risk foundations (e.g., the 

standard deviation or variance of returns). Among the wide variety of financial performance 

indexes, one classic is the Sharpe ratio (also known as the reward-to-volatility). A recent 

survey summarizing these and more recent developments of financial and portfolio perfor-

mances gauges is found in the book by Bacon (2008).

While a MV utility-maximizing agent should aim at a portfolio with the highest reward-to-

risk ratio (a tangency portfolio or maximum Sharpe ratio portfolio), very few operational 

procedures in finance are in fact available that guarantee such a position on the MV frontier. For 

instance, market-cap-weighted indices are known to provide inefficient risk–return trade-offs. 

This has recently led to a stream of articles aimed at making hitherto inefficient benchmarking 

indices efficient (see, e.g., Martellini, 2008 or Clark, Jokung, and Kassimatis, 2011). 

Independently of the above frontier-based literature applied to financial topics, in the finance 

literature some authors have proposed to define a relative performance measure using the 

portfolio frontier as benchmark. For instance, the work of Cantaluppi and Hug (2000) proposes 

an efficiency ratio in relation to the MV-efficient frontier and contests the arbitrary and nonfron-

tier nature of most current proposals that define performance with respect to some other, 

supposedly relevant, portfolio or index. These authors suggest looking for the maximum 

performance that could have been achieved by a given portfolio relative to a relevant portfolio 

frontier. Also Broihanne, Merli, and Roger (2008) stress the importance of measuring perfor-

mance relative to a portfolio frontier and underline that such an approach avoids the choice of a 

risk-free rate and a market portfolio as some kind of absolute benchmark. While this review may 

be incomplete, it is an understatement to conclude that the use of relative performance efficiency 

measures evaluated relative to some frontier is marginal at best in the current finance literature.

The purpose of this chapter is not to offer a complete overview of these rather recent 

frontier applications in a MF rating context. For instance, it completely ignores the question 

of the determinants of MF performance (examples include sector- and country-specific 
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factors, such as different time paths of technological innovations, fluctuations in the 

macro-economic environment, etc.). Also the question about the precise attribution of the 

role of the MF manager, traditionally focusing on stock picking and market timing capabili-

ties, is sidestepped. Instead, the goal is to offer the first detailed backtesting analysis of these 

frontier-based MF ratings compared to the Morningstar rating (representative for the fund 

rating agencies) and some traditional financial performance measures. While this is not the 

first backtesting analysis of frontier MF ratings (see, e.g., Matallín, Soler, and Tortosa-

Ausina, 2011), it is – to the best of our knowledge – the most extensive backtesting analysis 

provided in the literature focusing on the relative merits of different backward-looking per-

formance rating tools in predicting future MF performance.

7.2 Frontier-based mutual funds rating models

7.2.1 A taxonomy

Given the rather widespread criticisms of traditional financial performance measures, several 

authors have recently been introducing nonparametric frontier methods to assess MF perfor-

mance.1 Following Tsolas (2011), it is useful to distinguish between four different modeling 

approaches:

(i) Models directly transposed from production theory;

(ii) Models combining traditional performance measures (e.g., Sharpe ratio) with 

additional dimensions;

(iii) Models directly transposed from portfolio theory;

(iv) Hedonic price models (a new proposal launched in Kerstens, Mounir, and Van de 

Woestyne, 2011b).

We discuss each of these modeling approaches in turn to develop our own selection of models 

put at a test in the Empirical section.

(i) Frontier models can handle multiple dimensions and yield a single efficiency measure 

with respect to a frontier composed of similar units. Directly transposing these basic models 

from production theory to financial applications, there seems to be a wide variation of speci-

fications around in the literature. A rather up-to-date and fairly comprehensive review of this 

literature is offered in Glawischnig and Sommersguter-Reichmann (2010). A mix of tradi-

tional and frontier-based performance studies as well as an international perspective is pro-

vided in the Gregoriou (2007) book.

Without any ambition of completeness or representativeness, Table 7.1 reviews a limited 

selection of articles. Several observations can be made. First, apart from a variety of costs, 

1 Stochastic frontier models have been more rarely employed for MF rating purposes: an example is Annaert, van 

den Broeck, and Vander Vennet (2003). However, notice that little of what is developed in this chapter is really 

conditioned by the use of some specific frontier estimation method.



138 EFFICIENCY AND PRODUCTIVITY GROWTH

there seems to be a need for models accounting for higher-order moments (especially for 

hedge funds, and the like). Most articles we are aware of include at most up to the third 

moment (e.g., Glawischnig and Sommersguter-Reichmann, 2010, or Wilkens and Zhu, 2001). 

Second, some articles use standard moments (e.g., Galagedera and Silvapulle, 2002), while 

other articles use lower or upper partial moments or some combination of these partial 

Table 7.1 Frontier models of MF performance: a selection.

Article Inputs Outputs Model

Basso and Funari 

(2003)

Subscription and 

redemption cost

Return (or 

excess return)

VRS

Beta Ethical score

Standard deviation returns

Standard semi-deviation 

returns

Choi and Murthi (2001) Standard deviation returns Gross return VRS

Expense ratio

Loads

Turnover ratio

Galagedera and 

Silvapulle (2002)

1, 2, 3, and 5 year standard 

deviation returns

1, 2, 3, and 5 

year gross return

VRS

Sales charges

Expense ratio

Minimum investment

Glawischnig and 

Sommersguter-

Reichmann (2010)

Mean lower return

Lower mean 

semi-variance

Mean upper 

return

Upper

VRS

Lower mean semi-variance

semi-skewness Upper

semi-skewness

McMullen and Strong 

(1998)

Standard deviation returns 

Sales charges

1, 3, and 5 year 

annual returns

VRS

Expense ratio

Minimum investment

Murthi, Choi, and Desai 

(1997)

Standard deviation returns 

Expense ratio

Gross excess 

return

CRS

Loads

Turnover

Wilkens and Zhu (2001) Standard deviation returns Average return VRS

% Negative monthly 

returns per year

Skewness

Minimum return
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moments (e.g., Glawischnig and Sommersguter-Reichmann, 2010), or even combine standard

and partial moments (e.g., Basso and Funari, 2003). Third, there are quite a few attempts to 

offer assessments over several time horizons simultaneously. For instance, McMullen and 

Strong (1998) include one-, three-, and five-year annualized returns, but do not apply these 

same time horizons to the other factors in their model. A more consistent model in this respect 

is probably the article by Morey and Morey (1999) (see also (iii)) who evaluate both returns 

and standard deviations over three time horizons simultaneously.

This literature suffers in our view from a variety of problems. First, by defining some fron-

tier on a sample of MF, one in fact seems to target at defining a series of superfunds to assess 

in turn each of the underlying MF. But, such an approach ignores diversification and interac-

tion effects among moments. It could at best be considered a type of linear approximation of 

a possibly nonlinear portfolio model. An open question of how good such approximation 

turns out to be then remains.

Second, these nonparametric frontier-based articles assessing MF raise three crucial 

specification issues (following Kerstens, Mounir, and Van de Woestyne, 2011b). First, the 

very notion of returns to scale may not necessarily be directly transposed to the finance 

context. Second, the inclusion of higher-order moments is sometimes rather arbitrarily 

stopped at some order and rarely is based on a systematic moment approximation strategy. 

And third, related to the first problem, the hypothesis of convexity may or may not provide 

a suitable linear approximation. But, if it offers just an approximation, then an open ques-

tion is the meaning of the resulting projection points. Depending on the closeness of the 

approximation, such projection points can or cannot in fact be obtained by an investor. If so, 

then how can these projection points be of any help to the investor looking for advice from 

MF ratings?

(ii) Some frontier models combine a traditional financial performance measure with 

some additional variables. There is some variation of specifications: for instance, Basso 

and Funari (2001, 2003), Chang (2004), and Sengupta and Zohar (2001) add the Beta 

coefficient from the Capital Asset Pricing Model (CAPM), while Haslem and Scheraga 

(2003) include a Sharpe index. In fact, such models can be interpreted as a special case of 

the first category.

Being just a special case of the first category, these models in our opinion share all of their 

defects. In addition, there is the risk of one major interpretational problem: what does the 

efficiency measure in such a frontier, being a combination of a traditional financial 

performance measure and some additional variables, mean? For instance, Haslem and 

Scheraga (2003) define an input-oriented frontier model with the Sharpe index as the single 

output combined with a series of inputs (% cash, % stocks, total assets, expense ratio, price/

earnings, and price/book ratios). By contrast, the articles of Basso and Funari (2001, 2003) 

pay a lot of attention to the interpretation of the resulting efficiency measure.

Specifically for the use of Beta in some of these articles, it is widely recognized that 

CAPM does a poor job at explaining gross returns (even in a MV world). This has led to 

alternative multifactor models, some of which are theoretically grounded (e.g., Arbitrage 

Pricing Theory) and others that are just empirically validated (so-called Fama-French 

models).2 Furthermore, CAPM presupposes normality and relates a MF to a market portfolio 

2 See, e.g., Peterson Drake and Fabozzi (2010) for more background information.
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benchmark approximated by a factually suboptimal market index. Beta as such measures 

undiversifiable risk with respect to this supposedly universal market benchmark. Thus, it has 

little meaning in a nonnormal world that many of these frontier models aim to focus on. 

Obviously, depending on the number of moments to be integrated in the frontier model, one 

could eventually consider looking at 3CAPM and 4CAPM (e.g., Jurczenko and Maillet, 

2006). The latter possibilities remain to be explored, subject to the caveats already 

mentioned.

(iii) Starting with Sengupta (1989) and especially Morey and Morey (1999), portfolio 

models with either return-expansion or risk-contraction efficiency measures have been 

developed that can handle diversification and interaction effects among eventually multi-

ple moments and/or multiple time horizons. For instance, Zhao, Wang, and Lai (2011) 

develop a special MV model that includes Beta and that aims at increasing both return and 

return above the market benchmark, while Lamb and Tee (2012) develop an iterative 

approximation procedure to deal with the traditional failure of frontier models to cope 

with diversification.

These efficiency measures have been generalized by Briec, Kerstens, and Lesourd (2004) 

who propose transposing the shortage function as an efficiency measure into the MV model 

and who also develop a dual framework to assess the satisfaction of MV preferences. By 

analogy to other fields, a decomposition of portfolio performance into allocative and port-

folio (technical) efficiency is proposed. The key advantage is that this shortage function is 

perfectly compatible with a general mixed risk aversion preference structure (i.e., a prefer-

ence for augmenting odd moments and reducing even moments). Therefore, the approach can 

be extended to higher-dimensional portfolio spaces: for example, MV-skewness (MVS) 

space (see Briec, Kerstens, and Jokung, 2007) or even higher-order models (see Briec and 

Kerstens, 2010). Another advantage is that a slight variation on the shortage function (see 

Kerstens and Van de Woestyne, 2011) can handle negative data that occur naturally in a 

financial context, while maintaining a proportional interpretation – a convenience for 

practitioners.

The article by Morey and Morey (1999) on multihorizon return-expansion or risk-

contraction MV frontier models has been extended into a more general time-discounted 

model based on the shortage function in Briec and Kerstens (2009). Brandouy et al. (2010a) 

propose a Luenberger portfolio productivity indicator to estimate changes in the relative posi-

tions of portfolios with respect to the traditional MV frontier, and the eventual shifts of the 

frontier over time. Analyzing the local changes relative to these MV (or higher-moment) 

portfolio frontiers, this productivity indicator separates performance changes due to portfolio 

strategies and performance changes due to the market evolution. Applications of this new 

portfolio modeling approach include reconstructions of MVS portfolio sets (see Kerstens, 

Mounir, and Van de Woestyne (2011a) for the general-moment case and Brandouy, Kerstens, 

and Van de Woestyne (2010b) for the lower partial-moment case), comparisons with alterna-

tive portfolio models (e.g., Lozano and Guttiérez, 2008), and applications to hedge fund 

industry (see Jurczenko and Yanou, 2010).

While the promise of this new multimoment approach to portfolio analysis remains to 

be thoroughly assessed, the application of such portfolio approach to rate MF could face 

at least the following two problems. First, there is the choice of the MF universe that is 

unclear. Should one be comparing MF among themselves in different classes? Or, should 

one be comparing the MF relative to some supposedly common underlying asset universe 
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for a given class of MF (as if the investor could pick his/her own MF from the underlying 

assets)? Second, for even small classes of MF, the computational burden is very high 

when adding higher moments and/or multiple time horizons. For some of the larger MF 

classes of considerable size, the computational burden could be prohibitive, even with 

today’s computing power. Probably, this makes these models currently unsuitable to 

implement in practice.

(iv) A new proposal launched in Kerstens, Mounir, and Van de Woestyne (2011b) is to 

found MF rating on a hedonic pricing model. Based on the characteristics’ approach to 

consumer theory, utility is a function of the characteristics of products and services, not a 

function of the goods vector itself. The study of market equilibria for heterogeneous goods 

differing along multiple characteristics derives an implicit price for the vector of observed 

characteristics aggregating these into a single measure of market value. While the estima-

tion of price–qualities functions and frontiers has become quite common in consumer and 

marketing applications, the use of this characteristics’ approach in the finance literature 

remains rather rare.3 In finance, authors like Blake (1990), Dodds (1986), Heffernan (1992), 

among others, have argued in favor of interpreting several financial products in terms of a 

variety of characteristics.

In essence, the proposal of Kerstens, Mounir, and Van de Woestyne (2011b) is to consider 

MF as fee-based (e.g., various loads) financial products characterized by some distributional 

characteristics as summarized by a combination of moments. Thus, the traditional price–

qualities frontier of consumer goods and services simply becomes a fee–moments frontier for 

MF: the investor pays a series of loads and fees to benefit of some future, uncertain return 

when he/she resells his/her shares depending on the investment horizon.

This viewpoint disregards any repercussions at the portfolio level. In fact, given investor 

preferences for higher-order moments and the current lack of any summary performance 

measure in this multimoment portfolio theory, one could argue that any private or profes-

sional investor can only judge the suitability of any financial product, such as a MF, by 

explicitly testing whether it could improve his/her particular portfolio. The MF rating based 

on the hedonic pricing model then only has the modest aim to offer a list of potentially suit-

able candidates of MF to consider for inclusion in any given portfolio.

As argued at length in Kerstens, Mounir, and Van de Woestyne (2011b), there are 

important issues to tackle when constructing hedonic rating models. Firstly, there is the 

issue of specifying the nature of returns to scale to be used in the model. From the existing 

literature, we observe that variable returns to scale (VRS) and constant returns to scale 

(CRS) are quite common assumptions. Kerstens, Mounir, and Van de Woestyne (2011b) 

discuss this issue of choosing the proper returns to scale in detail and conclude that VRS 

is more meaningful from a theoretical perspective. Furthermore, their empirical tests also 

favor VRS to CRS. Secondly, one can opt for either convex or nonconvex models. Kerstens, 

Mounir, and Van de Woestyne (2011b) raise the issue of indivisibilities, that is, the impos-

sibility of combining some dimensions of several MF because this ignores diversification 

effects (see also the discussion in (i)). This leads to a preference for a basic nonconvex 

model avoiding the interpretation problems raised above that projection points should be 

3 Friedman (1983) offers a detailed survey and critique on the use of the characteristics’ approach in various 

industries (see his ch. 4).
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feasible. On occasion, also frontier studies from the first category apply a nonconvex 

model (see, e.g., Matallín, Soler, and Tortosa-Ausina, 2011).

While such a basic nonconvex model in a production context sometimes leads to a 

majority of efficient units, yielding a lack of discrimination, the potentially huge amount of 

observations around in most financial settings creates the hope to mitigate this problem. 

Anyway, Kerstens, Mounir, and Van de Woestyne (2011b) preliminary empirical tests favor 

nonconvex compared to convex models with a variety of higher moments.

In summary of these four different modeling approaches, the upshot of this discussion is 

that especially the first and the fourth approaches show some promise for practical MF rating 

purposes. Therefore, we consider both the traditional convex and nonconvex VRS models 

when developing our empirical research strategy.

7.2.2 MF frontier rating models retained

Following this conclusion, we now introduce the convex and nonconvex VRS-based shortage 

function (sometimes also known under the name directional distance function). Assume the 

set of n MF under evaluation is indexed by j=1,…,n. Each MF is characterized by m input-

like values x
ij
,  i=1,…,m and s output-like values y

rj
,  r=1,…, s. Assume that MF o∈{1,…,n}

needs to be evaluated. Then, its inefficiency determined by the convex VRS-based shortage 

function is obtained by solving a mathematical programming problem:
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(7.1)

The inefficiency determined by the nonconvex VRS-based shortage function can be computed

with the help of the following mathematical program:
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(7.2)

Notice that both models specify the direction vector following the proposal made by 

Kerstens and Van de Woestyne (2011). This specification allows to have negative data values, 

which is indeed the case when examining periods involving a financial crisis (e.g., negative 

returns). Furthermore, both models project the MF o under evaluation in the direction 

g = (−½x
1o½,…,−½x

mo½,½y
1o½,…,½y

so½). Consequently, all output-like values, y
ro
, (r=1,…, s),
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are increased and the input-like values, x
io
, (i=1,…,m), are decreased simultaneously in 

proportion to their initial values. Furthermore, l measures the amount of inefficiency (i.e., 

larger values indicate less efficientMF), while an efficient MF has a shortage function value 

of 0 (l = 0). Finally, note that model (7.1) results in a linear programming (LP) problem, 

while model (7.2) leads to a mixed integer programming (MIP) problem.

As an example, Figure 7.1 visualizes the convex (dashed line) and nonconvex frontiers 

(solid line) determined by the 814 MF (gray circles) from the main database of this research 

(see Section 7.3.3). For these funds, the expected return and variance computed over the first 

three-year period are considered as output and input, respectively. This time window of three 

years used in these computations is identical to the one employed by Morningstar in its three-

year rating. This particular restriction to one input and one output is considered here only for 

visualization purposes. In the procedure described later (see Section 7.3.1), multiple inputs 

and/or outputs are considered. In order to focus on the interesting region of the frontiers, 

Figure 7.1 only shows the area with positive returns and a variance limited to 5. Consequently, 

not all initial MF are visible here.

To show the projecting capabilities of the shortage function, MF number 502 (‘LBBW 

Dividenden Strategie Euroland R’) is located as a black solid circle. For this fund, the 

expected return is equal to 0.0307 while the variance equals 4.2238. The optimization pro-

gram determined by model (7.1) returns the inefficiency value of l
C

=0.6457. From this 

value, the location of the optimal frontier position (visible as the black circled point) can be 

derived easily following the right-hand sides of the inequality constraints in model (7.1). This 

resulting optimal point has an expected return of 0.0505 and a variance of 1.4964. Note that 

the return is increased while the variance is decreased compared to its initial position. 

Analogously, when considering the nonconvex model (7.2), one obtains an inefficiency value 

0.08

0.06

0.04

0.02

0
0 1 2

C-VRS frontier NC-VRS frontier

3 4 5 V

M 0.10

Figure 7.1 Visualization of convex and nonconvex frontiers determined by 814 MF in 

the  main database: Expected return and variance are considered as output and input, 

respectively.
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of l
NC

=0.4973 leading to the optimal frontier point with an expected return of 0.0459 and a 

variance of 2.1235. This point is shown in Figure 7.1 as a diagonal cross. Also here, the 

expected return is increased, while the variance is reduced. Note that, due to the shape of the 

nonconvex frontier in relation with that of the convex frontier, the ‘distance’ from the initial 

position to the optimal frontier point is larger in the convex case compared with the noncon-

vex case: this explains the relation l
C

>l
NC

.

Intensive comparative testing of these two selected approaches, a selection of more tradi-

tional financial performance measures, as well as rating agencies ratings are needed to assess 

which MF rating methodology turns out to be better. It is exactly to this exercise that we now 

turn.

7.3 Backtesting setup, data description, and 
frontier-based portfolio models

In this section, we evaluate several strategies using a backtesting approach. Backtesting con-

sists in simulating financial strategies to assess their potential merit over historical data sets. 

On the one hand, in doing so one maintains the assumption that their factual implementation 

during past periods and market conditions would not have had an impact on historical prices. 

This conception is very neoclassical: it suggests a price taker framework describing how 

prices emerge in thick financial markets. For example, such a framework is widely used in 

risk management (e.g., for evaluating Value at Risk models: see Campbell, 2005), or in port-

folio management for comparing several investment strategies (for instance, DeMiguel, 

Garlappi, and Uppal (2009) or Tu and Zhou (2011) compare a naïve diversification strategy 

against several more or less sophisticated optimization strategies). On the other hand, this 

neoclassical approach appears to be inconsistent for those claiming that prices may well be 

influenced by factual implementation of the backtested investment strategies (see, for a gen-

eral example of a microscopic simulation, Levy, Levy, and Solomon, 1995). In line with this 

conception, an ecological competition approach is more suitable (see, e.g., Sprott, 2004 or 

Brandouy, Mathieu, and Veryzhenko, 2012).

In the following, we present a large number of strategies that are backtested in this 

chapter. Note that we have opted for a simple, direct backtesting approach illustrating the 

outcomes of different models over a given time window rather than, for example, exploring 

massive simulations of a single strategy over different time windows. Apart from Matallín, 

Soler, and Tortosa-Ausina (2011) to which we turn in some detail below, we are unaware of 

any other frontier study of MF involving backtesting.

7.3.1 Backtesting setup

We now consider two major backtesting strategies. The first strategy is called ‘EWP without 

optimization’ (where EWP stands for equally weighted portfolio) and composes for each 

period considered the EWP of the m best performing MF. For obtaining these best performing 

funds, a ranking is made according to some performance measure. This can be a particular 

hedonic rating model, or one of the traditional performance indicators (such as Morningstar’s 

stars or, for example, the Sharpe, Sortino, Treynor, Kappa, or Omega ratios).

The second strategy is called ‘EWP with optimization’ and starts off by identifying an 

EWP just like in the first strategy. Rather than using these portfolios directly as a guideline 
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for investment, these EWPs are now considered as starting points for an additional portfolio 

optimization process based on the position-dependent shortage function. This shortage func-

tion then projects the EWP onto an optimal portfolio frontier derived from a universe that is 

limited to only those MF present in the EWP. Three portfolio models are considered: the 

traditional MV model, a multimoment MVS model, and a MVS-kurtosis (MVSK) model. 

Since for each period the universe is restricted to only those MF considered in the EWP, the 

shortage function ensures that the projected optimal portfolio is also composed of only these 

same underlying MF. Consequently, this additional optimization process only changes the 

weights of the MF present in the EWP, not the set of MF considered.

An overview of all detailed backtesting scenarios considered further on in Section 7.3 is 

found in the first column of Table 7.3. The notation consists of two parts, that is, the parts 

before and after ‘to’. The first part of the notation indicates what model is used for ranking 

the MF for selecting the m best ones. This can be done using a convex (indicated with ‘C’) 

hedonic rating model or a nonconvex (indicated with ‘NC’) model. For example, ‘MVS +L-C’

refers to the convex model with expected returns, variance, skewness, and the loads/fees 

selected. Apart from a hedonic rating system, more traditional indicators are considered as 

well. In particular, we include the Morningstar rating and the traditional performance meas-

ures: Sharpe, Sortino, Treynor, Kappa, and Omega ratios.4 For example, ‘Stars’ refers to a 

ranking based on the three-year Morningstar ratings. The second part of the notation refers to 

one of the three portfolio models additionally used in the case of EWP with optimization (i.e., 

MV, MVS, or MVSK). Since the first strategy, that is, EWP without optimization, involves 

no portfolio model in the second stage, this is indicated with ‘NoOpt’ in the second part. 

Proceeding in this way, in total 48 backtesting scenarios can be identified for further 

investigation.

Note that in the backtesting scenarios considered in Section 7.3, a selection of the 10, 20, 

30, 40, or 50 best open-end funds is considered. In the case of ties (e.g., in the Morningstar 

ratings or particularly when using nonconvex hedonic models), MF are selected randomly 

among the tied observations.

The performance of all these backtesting scenarios is tested first and foremost by evaluat-

ing and ranking the realized terminal value starting with a capital of unity, with and without 

transaction costs. In addition, some representative traditional performance measures in 

finance, such as the Sharpe and Omega ratios, are computed and interpreted as performance 

gauges. The Sharpe ratio is traditionally conceived as suitable for the MV world, while the 

Omega ratio is supposedly capable of assessing a nonnormal world.

Notice that Matallín, Soler, and Tortosa-Ausina (2011) essentially follow our ‘EWP with-

out optimization’ strategy. These authors focus on the impact of some robustness parameters 

in the estimation of robust versions of the nonconvex frontier model (i.e., Free Disposal Hull 

(FDH), and its order-m and order-α robust versions) on some basic backtesting strategies. In 

fact, three backtesting strategies based on past efficiency are considered: (a) buying past top 

quantile and selling past bottom quantile; (b) buying past top quantile; and (c) selling bottom 

quantile. Thus, their study mainly differs from ours in that we also employ traditional convex 

frontier models and that we also apply an ‘EWP with optimization’ strategy.5

4 For definitions and detailed presentations of these ratios: see, for example, Bacon (2008).
5 There do exist some backtesting studies using frontier models for asset selection in terms of a financial strength 

indicator and then assessing the resulting portfolios over historic time (see, e.g., Edirisinghe and Zhang, 2007, 

2010).
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7.3.2 Frontier-based portfolio models

We now briefly describe the position-dependent shortage function in the portfolio context. 

This shortage function is first introduced in Briec, Kerstens, and Lesourd (2004) with respect 

to a MV universe. In Briec, Kerstens, and Jokung (2007), this model is then adapted to the 

MVS world. For a discussion of methods capable of visualizing the corresponding MVS-

frontier, we refer to Kerstens, Mounir, and Van de Woestyne (2011a). Briec and Kerstens 

(2009) show that this adaptation from MV to MVS can be generalized to an arbitrary multi-

moment universe. To save space, we restrict ourselves to only mentioning the position-

dependent shortage function with respect to the MVSK universe.

We introduce some basic notations. A portfolio consisting of n MF available in the financial 

universe can be considered as a vector of weights x= (x
1
,…,x

n
) indicating the individual propor-

tions of each MF. Obviously, 
1

1
n

i
i

x
=

=∑ . If short selling is excluded, then the condition x
i
≥0 for 

all i∈{1,…,n} must be satisfied. All MF in the financial universe are characterized by their raw 

returns registered over a given time window. From this information, the expected return vector, 

covariance matrix, and the skewness and kurtosis tensors can be derived. Additionally, either 

directly from the initial raw returns or indirectly from the statistical vectors, matrices, and ten-

sors computed, the expected return, variance, skewness and kurtosis of an individual portfolio 

x can be computed. We denote these by Ret(x), Var(x), Skew(x), and Kurt(x), respectively.

Consider a portfolio x
o
 under evaluation. Then, the position-dependent shortage function 

identifies an inefficiency value λ for x
o
 obtained from solving the following nonlinear optimi-

zation model:
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(7.3)

Note that if one needs the MV-based position-dependent shortage function, then the inequal-

ity constraints involving skewness and kurtosis must be dropped from model (7.3). 

Analogously, dropping only the kurtosis inequality constraint in (7.3) leads to the MVS-

based position-dependent shortage function.

The position-dependent shortage function results in an inefficiency value λ. Similar with 

the shortage functions introduced in models (7.1) and (7.2), the portfolio x
o
 is more efficient if 

its inefficiency value is closer to 0. Moreover, the optimal portfolio x corresponding with the 

optimal value of λ for x
o
 is located on the corresponding MVSK-frontier. Clearly, this optimal 

portfolio has a higher return and skewness than x
o
, while its variance and kurtosis are lower 

than that of x
o
. Put differently: even moments are increased, while odd moments are decreased.

7.3.3 Data description

For the empirical analysis in Section 7.4, we use several data sets extracted from the 

‘Morningstar Direct’ database. First, we extract a set of 814 open-end MF for which we have 

collected weekly returns from 9 October 2005 to 2 October 2011. This yields a total of 156 
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weeks. These open-end MF are rather homogeneous in that they all belong to the large caps 

European universe (Eurozone and the United Kingdom).

Second, running a MF business induces a variety of costs that are linked either to regular 

operations (brokerage, consultancy, marketing and distribution expenses, etc.), or to specific 

investors’ transactions (mainly purchases and redemptions). The former costs are gathered 

under the ‘Annual Fund Operating Expenses’ denominator, while the latter costs are usually 

gathered under the heading ‘Shareholder Fees’. The first cost category is indirectly covered 

by the fund shareholders with the proceeds of asset transactions decided by the fund manager 

and cash inflows coming from new investors. The second cost category is directly charged to 

the investor for each transaction of a fund’s share, or on a regular (e.g., yearly) basis. In the 

MF prospectus, these elements of information are available. Since we need part of this infor-

mation in the backtesting setup, we have downloaded for the 814 funds the ‘Front Load’ 

(entry fee), ‘Redemption Load’ (exit fee), and the ‘Annual Report Net Expense Ratio’. The 

‘Front Load’ and ‘Redemption Load’ are examples of shareholder fees and are fixed through-

out the whole period under evaluation. The ‘Annual Report Net Expense Ratio’ (which 

reflects the actual fees charged during a particular fiscal year) proxies the total annual fund 

operating expenses. Clearly, this information is only available for each particular year. 

Therefore, it is extracted for the years 2006 till 2010.

Third, since some of the backtesting models involve Morningstar ratings, we extract for 

the period October 2008 till September 2011 the three-year Morningstar rating, which is 

available on a monthly basis. Detailing the Morningstar rating system, it is based on the risk-

adjusted rate of return of a MF relative to its ‘Morningstar Category’. This rating system for 

each MF is based on the total return in excess of a 90 days T-Bill, adjusted for front-end 

loads, deferred loads, and redemptions fees, and decreased by a risk penalty that particularly 

takes into account downward deviations. Thus, the risk considered by Morningstar consists 

in the lower semi-standard deviation for the excess return (to be explicit: σ[min((r
i
− r

f
),0)]).6

The best funds obtain 5 stars, the worst ones, a single star. In fact, the distribution of these stars 

in each category is a priori fixed and nonuniform. In other words, 10% of the best performing 

funds receive 5 stars, 22.5% 4 stars, 35% 3 stars, 22.5% 2 stars, and 10% 1 star.

This Morningstar rating is calculated on subsets of MF belonging to the same Morningstar 

category.7 Furthermore, the composition of these Morningstar categories evolves over time 

following changes in the asset basket held by the MF. Notice that the time window of three 

years used in our MF frontier rating computations is identical to the one employed by 

Morningstar in determining its three-year Morningstar rating.

Fourth, since some of the backtesting models make use of traditional financial perfor-

mance measures, the values for the Sharpe, Sortino, Treynor, Kappa, and Omega ratios are 

also extracted. These data are again available on a monthly basis. Therefore, these are 

extracted for the same period from October 2008 till September 2011 as the one used for the 

Morningstar ratings data.

Fifth, backtesting also requires prices for the individual MF. Again, these prices are 

extracted from ‘Morningstar Direct’ for the selected MF. These data are available on a daily 

basis from 1 January 2007 till 1 December 2011. Evidently, all price data are expressed in 

euros and converted when needed at the ongoing exchange rate. However, this data set 

turns out to be incomplete. Whenever possible, this missing data is completed (e.g., by using 

the price of the previous transaction day). For 103 MF in the initial sample, completing 

6 One can also refer to Sharpe (1998) for a more detailed discussion of this measure.
7 These Morningstar categories are similar in nature to the Standard & Poor’s ‘GICS’.



148 EFFICIENCY AND PRODUCTIVITY GROWTH

missing data is impossible. Therefore, these MF are removed from the data set of prices. 

This reduces the number of MF to a total of 711. When prices are not needed, then 

computations are done on the data set containing the original 814 MF. Otherwise, the 

restriction to the 711 MF with full price information applies. Note that due to the monthly 

frequency with which the backtesting scenarios are executed, in fact we only need monthly 

prices from this daily prices database. Thus, this implies that monthly prices are used from 

5 October 2008 till 4 September 2011: this is a period of 36 months. However, note that all 

statistics necessary for the hedonic rating models are computed using the available weekly 

data (see the first point).

In conclusion, somewhat in contrast to Blake and Morey (2000) and Kräussl and 

Sandelowsky (2007), notice that our backtesting setup is particular in three respects. First, the 

sample is more homogeneous in that it focuses on a limited set of Morningstar categories. 

Second, while the other studies focus on testing the internal validity of the Morningstar rat-

ings (across stars), we backtest the external validity of solely the three-year Morningstar 

ratings compared to various alternatives in selecting top performers. Last but not least, we on 

purpose create the harshest possible testing environment by computing our ratings over a 

normal-to-bull market period (2005–2008), while we backtest all strategies over one of the 

worst financial crisis periods ever (2008–2011).

7.4 Empirical analysis

7.4.1 Descriptive statistics

We analyze the characteristics of the returns distribution for the sample consisting of 814 MF 

over the whole period from 9 October 2005 to 2 October 2011. Figure 7.2a to d reports some 

basic descriptive statistics: in particular, the distributions of the expected return, standard 

deviation, skewness, and excess kurtosis are displayed. The most prominent features are situ-

ated at the third and fourth moments: there is a noticeable negative skewness and a substantial 

excess kurtosis. Both phenomena can be linked to the financial crisis resulting in a negative 

trend and a high volatility regime during the period under investigation.

Probably for the same reason, the potential diversification effects in this universe are rela-

tively weak due to rather high levels of correlation. Figure 7.3 reports a gray tone mapping of 

the covariance matrix computed for all 814 MF over the same period. Notice that off-diagonal

correlations vary widely between 0.097 (darkest gray tone) and 1 (lightest gray tone). 

Typically, several MF belonging to the same investment firm have very similar (or even 

exactly the same) composition and hence correlate very strongly. For example, two fund 

shares with a close-to-unity correlation coefficient are ‘Vanguard European Stock Idx Inst 

EUR’ and ‘Vanguard European Stock Idx Inst USD’, the first one being listed in euros while 

the second in US dollars. These substantial correlation levels may well mitigate the scope for 

diversification. The extent to which these may compromise the exploitation of higher-order 

moments and co-moments remains to be explored.

7.4.2 Analysis of both hedonic rating models

Since hedonic frontier rating models are considered in the backtesting procedures, we first 

compare the efficiency distributions obtained for some of these frontier models over all 814 

selected MF. For these comparisons, we use nonparametric Li (1996) tests. This test statistic 
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basically compares two entire distributions and it is valid for both dependent and independent 

variables. Notice that independency is not a valid assumption in frontier models where effi-

ciency estimates depend, among others, on the relative size of the sample, the dimensionality 

of the space under analysis, etc.

Table 7.2 reports the result of in total seven comparisons. The first two (columns 2 and 3) 

look for the effect of adding an additional moment to the nonconvex model. Similarly, the 

next two comparisons (columns 4 and 5) demonstrate the effect of adding an additional 

moment to the convex model. Finally, the last three comparisons (columns 6–8) evaluate the 

effect of switching between the convex and nonconvex models for an identical number of 

moments.

Notice that a comparison is made for all 36 months present in the time window under 

evaluation: each period is represented in a row. In terms of notation, the comparison between 
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Figure 7.2 Distribution of the first four moments for the 814 MF. (a) Mean, (b) standard 

deviation, (c) skewness, and (d) excess kurtosis.
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two models yields an equality sign (‘=’) if both efficiency distributions can be considered 

equal at a 5% significance level. However, if the efficiency distributions are significantly dif-

ferent, then the symbol ‘*’ is returned.

We now turn to the interpretation of these 252 (7 × 36) Li (1996) test statistics in 

Table  7.2. As to the number of moments needed, adding skewness to the nonconvex 

model has an effect, while adding kurtosis has no effect. For the convex model, adding 

the skewness only has an effect in some of the periods. Again, no effect is noticeable 

from adding the kurtosis to this model. Finally, the comparison of the effect of switching 

between convex and nonconvex models in the last three columns demonstrates that 

these  models are in a large majority of periods significantly different across the 

three multimoment models. This corroborates the results in Kerstens, Mounir, and Van 

de Woestyne (2011b).

A second step in the analysis consists in verifying whether the hedonic ratings are cor-

related with the other performance measures available. To answer this question, we run a 

nonparametric rank correlation analysis using Kendall’s τ statistics. Therefore, consider the 

rating pairs of rating matrices each of dimension (814×36) (i.e., funds per time windows) 

containing the efficiency values for all 814 MF and all periods present in the monthly back-

testing calendar (i.e., 36 periods). The first rating, hereafter denominated R
1
, systematically 

consists of a hedonic rating. The second rating, denominated R
2
 is either the Morningstar 

rating, or the Sharpe ratio matrix. The correlation estimates are computed over all time peri-

ods as follows: Cor
i ∈ [1,36]

(R
1
(.,i),R

2
(.,i)). Literally, this means that we use the set of 814 MF 

time window after time window (36 times) to assess how our hedonic rankings are in line 
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Figure 7.3 Visualization of correlation matrix for the 814 MF.
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with other traditional performance ratios. The resulting Kendall’s τ statistics are reported in 

Figure 7.4a and 7.4b. In these figures, a white patch denotes that the correlation is statistically 

insignificant. The horizontal axis reports the time windows, while the vertical axis indicates 

with which model the ratings are compared (1: MV+L-NC, 2: MVS+L-NC, 3: MVSK+L-NC,

4: MV+L-C, 5: MVS+L-C, 6: MVSK+L-C).

Starting with Figure 7.4a, most of the time the hedonic ratings delivered by the convex 

models (models 4–6 in the figure) obtain a negative correlation coefficient when compared to 

the Morningstar ratings. This result is to some extent expected, since the lower the hedonic 

ratings the better the MF efficiency levels. Thus, if our approach delivers ratings similar to the 

Morningstar stars (which increases in performance level), then one should observe a negative 

correlation coefficient. This is actually the case for most of the periods considered in the 

backtesting time window, except month 1 (October 2008) and months 35 and 36 (September 

and October 2011). However, this rather systematic negative correlation is not evident when 

analyzing nonconvex models. Turning now to Figure 7.4b, that is, the correlation between the 

hedonic ratings and the Sharpe ratios, no clear relationship can be discerned at all.

Thus, considering the potential impacts of these correlations on the backtesting strategy 

being tested, one could imagine that significant differences might be observed when using 

nonconvex models in conjunction with the Morningstar ratings, or when comparing with the 

Sharpe ratios.

7.4.3 Backtesting results for 48 different strategies

First, we start out by commenting on the first two Tables 7.3 and 7.4 containing terminal 

values for the different backtesting portfolio strategies in terms of the unity initial wealth 

without and with transaction costs respectively. Thus, terminal wealth is expressed as a 

percentage of unity initial wealth. Thereafter, we present some tables evaluating the same 

strategies in terms of a series of traditional financial performance measures. All of these 

tables share the same basic structure. The different sample sizes are in the column heading. 

The different names of the backtesting portfolio strategies following the coding defined in 

Figure 7.4 Rank correlations by model over time (Models 1: MV+L-NC, 2: MVS+L-NC, 

3: MVSK+L-NC, 4: MV+L-C, 5: MVS+L-C, 6: MVSK+L-C). (a) Hedonic versus 

Morningstar’s and (b) Hedonic versus Sharpe.

(b)
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Section 7.3.1 are in the first column. On the right-hand side of each terminal value as percent-

age of initial wealth one finds a rank in descending order over all possible backtesting strate-

gies within the same column.

Starting with the ‘EWP without optimization’ strategies, the following tentative conclu-

sions can be drawn. First, the frontier MF ratings are performing rather poorly without 

transaction costs (rank 22 at best and rank 48 at worst), with a tendency of performance to 

worsen as the size of the number of included MF increases. Second, the traditional financial 

performance measures slightly outperform these frontier MF ratings in terms of rankings. In 

terms of terminal wealth, the results are even more marked: traditional financial performance 

measures all gain money, while some of the frontier MF ratings lose money overall. Third, 

the Morningstar ratings systematically outperform all other strategies, except for the smallest 

sample size (column MF(10)).

In the case of the net terminal value with transaction costs, this picture changes rather 

drastically. First, the frontier MF ratings are performing rather well in terms of ranks (rank 1 

at best and rank 19 at worst). There is now some tendency for performance to improve with 

the size of the number of included MF. Except for the smallest size classes (MF(10) and 

MF(20)), the average ranks are very decent to rather exceptional. In particular, the best ranks 

are obtained by some multimoment (in particular, MVS and MVSK) convex frontier MF rat-

ings: for MF(30), these models occupy ranks 1 and 2. The nonconvex model manages to 

obtain somewhat lower ranks for the larger size classes (rank 4 and 5 at best). Second, in 

terms of terminal wealth, all strategies lose money in the end, but traditional financial 

performance measures now tend to do worse than frontier MF ratings. Third, the Morningstar 

ratings still tend to outperform all other strategies, except for two sample sizes (i.e., MF(10) 

and MF(30)). Furthermore, for one sample size (MF(20)), Morningstar is the only strategy 

generating a positive net terminal gain at all.

One probable explanation for the contrasting results when comparing frontier MF ratings 

vs traditional financial performance measures is that the former yield relatively more stable 

portfolios. This seems to result in an edge in terms of economizing transaction costs. Perhaps, 

due to their multidimensional nature compared to the two-dimensional ratio nature of 

traditional financial measures, these frontier MF ratings seem intrinsically more stable. This 

probably requires further exploration.

Switching now to ‘EWP with optimization’ strategies, one can observe the following. 

Without transaction costs, the frontier MF ratings are clearly outperforming by large the 

traditional financial performance measures. There is always a whole series of MF rating strat-

egies that also beat any of the Morningstar-based strategies. Morningstar is now even beaten 

in a traditional MV world. This basic result holds fundamentally true over all subsamples.

When including transaction costs to look at net terminal wealth, the same basic conclu-

sions can be drawn. However, there are some particular differences worth highlighting. First, 

the best ranks are obtained by some multimoment (in particular, MVS and MVSK) convex 

frontier MF ratings for the two smallest size classes (ranks 1–4 at best) and by the same 

nonconvex models for the two largest size classes (ranks 7–9 at best). Second, one Morningstar 

rating strategy beats these frontier MF ratings for the class MF(30) solely in a MV context.

Notice that when comparing optimization strategies without and with transaction costs, 

there is a noticeable difference in the type of portfolio optimization models that seem to 

perform well. While without transaction costs, some strategies dominate using either MV, 

MVS, or MVSK portfolio optimization, with transaction costs only MV-based optimization 

strategies perform well, except for the MF(40) size class where a nonconvex model combined 
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with MVS and MVSK portfolio optimization yields the best ranks (ranks 7–8 at best). A clear 

reason for this remarkable difference in results is currently wanting. We return to this issue in 

Section 7.4.4.

Next, we turn to the evaluation of the same basic portfolio strategies in terms of some 

traditional financial performance measures in Table 7.5 and Table 7.6 reporting the Sharpe and 

the Omega ratios, respectively. While the Sharpe ratio is a standard MV-oriented performance 

measure, the Omega ratio by definition aims at capturing substantial parts of the whole return 

distribution. It can be interpreted as a ratio of gains over losses relative to some loss threshold 

(see Bacon, 2008 for details). Therefore, it should ideally be able to function in a nonnormal 

portfolio world. Notice that while the portfolio strategies have been phrased in terms of 

Sharpe, Sortino, Omega, Treynor, and Kappa ratios, we limit the evaluation of all 48 backtest-

ing scenarios due to lack of space to just a selection of two representative ratios. Fundamentally, 

the other ratios do not deliver any significant differences in basic conclusions.

Again starting with the ‘EWP without optimization’ strategies, according to the Sharpe 

ratio one can make the following observations. First, the Morningstar ratings overall beat the 

frontier MF ratings, though not in all size classes. In particular, in two size classes, convex 

frontier MF rating models do better. Second, the traditional financial performance measures 

do worse than the frontier MF ratings, except perhaps in the first size class. Notice that even 

some of the nonconvex frontier MF rating models perform decently well, often just behind 

their convex counterparts. Remark that the strategy based on the Sharpe ratio is beaten by both 

the Morningstar rating and the frontier MF rating models, except in the smallest size class.

Now considering the ‘EWP with optimization’ strategies, one immediately can reach the 

following conclusions. First, these strategies in general do poorer than the nonoptimized 

strategies, except for the smallest size classes. Second, in general, the frontier MF ratings do 

a better job than both the traditional financial performance measure and the Morningstar 

ratings.

Turning now finally to the Omega ratio, starting with the ‘EWP without optimization’ 

strategies one can conclude the following. First, the ranks are identical to the ones resulting 

from the Sharpe ratio, except for the MF(40) size class. Hence, the same basic conclusions 

can be transposed. One remark to make is that the strategy based on the Omega ratio is beaten 

by both the Morningstar rating and the frontier MF rating models, except again in the small-

est size class for some of the frontier MF rating models. Changing focus to the ‘EWP with 

optimization’ strategies, one can quickly reach consensus that the findings very closely 

follow the ones obtained for the Sharpe ratio previously.

Hence, both traditional financial performance measures yield close to the same conclu-

sions. But, since the strategies constructed on both of these traditional financial performance 

measures do worse than most of the other strategies, one may wonder to what extent these 

traditional financial performance measures are really suitable to gauge the performance of 

such wildly varying portfolio strategies. Perhaps, this question merits thorough further 

reflection.

7.4.4 Backtesting results for MF rating models: Some 
plausible explanations

This section aims to shed light on two plausible mechanisms driving some of the empirical 

results reported in Section 7.4.3. First, one may wonder why frontier MF ratings seem to do 

rather well compared to well-established financial performance measures that have a long 
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tradition in finance. The second question is why some strategies dominate using either MV, 

MVS, or MVSK portfolio optimization without transaction costs, while only MV-based 

optimization strategies seem to perform well when including transaction costs.

The answer to the first question is probably situated in the approximative nature of these 

frontier estimators compared to some of the underlying portfolio models these are related to 

in the second stage. For illustrative purpose, Figure  7.5 shows part of the MV portfolio 

frontier obtained from selecting the 40 best performing MF from the main database. For this 

example, the MF have been ranked according to the convex shortage function. For compari-

son, also the convex and nonconvex frontiers obtained earlier using models (7.1) and (7.2) are 

included in the image.

Clearly, for this example, the MV portfolio frontier and the convex frontier of MF corre-

spond quite well. By contrast, the fit with the nonconvex frontier model is a bit poorer with 

regard to this convex MV portfolio frontier.

In general, however, the goodness-of-fit of convex and nonconvex frontier MF rating 

models is an empirical issue. While it is hard or close to impossible to illustrate, one may 

speculate that a similar argument can be developed to explain why in some cases a multimo-

ment nonconvex rating model can outperform a convex model. While MV portfolio frontiers 

are convex, it is well-known that MVS and MVSK portfolio frontiers can be highly noncon-

vex (see, e.g., Kerstens, Mounir, and Van de Woestyne (2011a) for illustrations of the MVS 

case). In such nonconvex portfolio worlds, the nonconvex rating models may well prove to 

have better approximation capacity than their currently more widely applied, traditional con-

vex rating models. Obviously, it would be highly desirable to find ways to shed more light on 

this conjecture.

The answer to the second question is not straightforward. We currently have at best some 

elements of an answer. First, recall that the period under analysis is characterized by strong 

M 0.10

0.08

0.06

0.04

0.02

0
0 1

MV frontier NC-VRS frontierC-VRS frontier

2 3 4 5 V

Figure 7.5 Visualization of MV-frontier based on the 40 best MF and the convex and non-

convex frontiers determined earlier in Figure 7.1.
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negative skewness for most MF (recall Figure 7.2). Second, in periods with strong negative 

skewness, the way in which the position-dependent shortage function projects relative to 

multimoment portfolio models seems to lead to optimal frontier portfolios close to the ones 

situated on a basic MV portfolio frontier. We can illustrate this plausible explanation with the 

help of Figure 7.6.

Figure  7.6 presents different views of the MVS-frontier corresponding to the same 

40 best performing MF used in Figure 7.5. Figure 7.6a and b shows two general views of 

the MVS-frontier. The black-colored part of the frontier refers to the strongly efficient 

Figure 7.6 Visualization of MVS-frontier based on the 40 best MF. (a) Overview 1, 

(b) overview 2, (c) MV projection of the MVS model, and (d) VS projection of the MVS

model.
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MVS-frontier, while the gray-colored part represents the weakly efficient MVS-frontier.8

Figure 7.6c shows the projection of the MVS-frontier in the MV-plane. The MV-frontier is 

clearly visible as the boundary of the black-colored area. This is the same MV-frontier as the 

one visualized in Figure 7.5. Figure 7.6d presents the projection of the MVS-frontier in the 

VS-plane. It is clearly visible from this figure that the MVS-frontier is situated in the area of 

negative skewness. As a consequence, projecting a portfolio according to the position-

dependent shortage function ends up most likely onto or close to the MV-frontier.

To illustrate this behavior of the position-dependent shortage function, the EWP and its 

projection onto the MVS-frontier are visualized in all four images of Figure 7.6 as the two 

big circle-shaped points. These points are best visible in Figure 7.6c. A projection by means 

of the MV-based shortage function results in exactly the same optimal point. Consequently, 

in this case adding a skewness constraint to the position-dependent shortage function does 

not alter the optimal solution obtained by merely optimizing over MV-space.

Thus, the use of a position-dependent shortage function in periods of negative skewness 

can lead to projections of MVS portfolio models close to the MV-frontier plane, making both 

models close to indistinguishable in practice. Consequently, the weak or nonexisting gains of 

using a higher-moment instead of a MV portfolio model are insufficient in combination with 

the seemingly slightly higher transaction costs to guarantee any strategic advantage. 

Obviously, this reasoning could benefit from further scrutiny. While it has already been estab-

lished that the choice of direction vector affects the relative ranking of MV portfolios (see 

Kerstens, Mounir, and Van de Woestyne, 2012), the current backtesting results are yet another 

reason to start further exploring alternative choices of direction vector for specific purposes 

(in casu, coping with a period of negative skewness).

7.5 Conclusions

We basically test the traditional convex vs nonconvex frontier MF rating models in an 

extensive backtesting framework against, on the one hand, traditional financial performance 

measures and, on the other hand, the three-year Morningstar ratings. The basic conclusions 

from this first intensive and extensive backtesting analysis can be summarized as follows.

First, without portfolio optimization strategies and ignoring transaction costs, frontier 

MF ratings are performing poorly compared to traditional financial performance measures. 

With transaction costs, the previous conclusion reverses. However, in both cases the 

Morningstar ratings tend to outperform all other strategies, except for some of the smaller 

sample sizes. In conjunction with portfolio optimization strategies without and with trans-

action costs, the frontier MF ratings clearly outperform traditional financial performance 

measures and even do better than the Morningstar-based strategies (except for one particular 

sample size). Overall, naïve diversification strategies seem to be working better than strate-

gies involving portfolio optimization. However, it is clear that especially MVS and MVSK 

multimoment portfolio models may currently suffer from the choice of period of analysis that 

is deeply marked by the financial crisis. Thus, for the time being, our results fall perfectly in 

line with those of DeMiguel, Garlappi, and Uppal (2009) and others.

Second, convex frontier MF ratings seem to work better than nonconvex ones, though the 

capability of the latter to better approximate nonconvex higher-moment portfolio models 

8 We refer the reader to Kerstens, Mounir, and Van de Woestyne (2011a) for more information on these notions.
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remains to be further investigated in view of the difficulty of multimoment portfolio models 

to operate properly during the current sample period.

Thus, somewhat in contrast to Blake and Morey (2000) and Kräussl and Sandelowsky 

(2007), our results do offer some benefit of the doubt to the three-year Morningstar ratings to 

pick MF shares that prove to perform decently in the nearby future, relatively speaking. But, 

some new alternative gauges founded on frontier estimation prove to function at least equally 

well. In particular, there seems to be some promise in combining multimoment frontier-based 

MF ratings in conjunction with corresponding multimoment portfolio optimization models 

using the same basic methodology. Obviously, there is plenty of room for further refinements 

and intensive backtesting to substantiate this preliminary conclusion.

In view of some of the difficulties encountered and conjectures made, there is a series of 

methodological refinements one can think about. First, while we have focused on standard 

moments in the entire analysis, the Morningstar rating is at least partially influenced by some 

elements of a lower partial-moments approach. Thus, the whole analysis may eventually 

benefit from being redone using partial rather than standard moments.

Second, while the frontier MF ratings as well as the traditional financial performance 

measures are applied to the whole sample, the Morningstar ratings in fact apply only to the 

same Morningstar category. There happen to be several Morningstar categories in our sample.

Furthermore, these Morningstar categories evolve over time following changes in the asset 

composition of the MF. To have a more refined comparison, one could envision computing 

frontier MF ratings and traditional financial performance measures on the same Morningstar 

categories as they evolve over time. Obviously, apart from complicating the analysis, this 

may also compromise the nonparametric frontier MF rating estimations depending on the 

size of these Morningstar categories, because of the curse of dimensionality characteristic for 

nonparametric estimators.

Third, while an equally weighted portfolio is a standard approach to backtest in a MV 

world, it remains an open question whether this starting point is useful in a nonnormal MVS 

or MVSK portfolio approach. This question is somewhat related to the issue of the choice of 

projection direction developed in Section 7.4.4.

In terms of further refinements of the backtesting setup, one can think of the following 

issues. First, it could be important to select a sample period that includes both clear boom 

and bust periods. Second, some of the doubts raised with respect to the traditional finan-

cial performance measures in relation to the multimoment portfolio models certainly 

require further investigation. We have hardly been able to scratch the surface in this chap-

ter. Third, the current results seem to vary somewhat in nonmonotonous ways across 

sample sizes. This is currently very hard to explain and probably merits some deeper 

investigation.

To some extent, one could also imagine that this experience could inspire another related 

literature using frontier models for asset selection purposes rather than MF rating (e.g., Abad, 

Thore, and Laffarga, 2004; Alam and Sickles, 1998; and Nguyen and Swanson, 2009). It 

clearly remains an open question whether the current approach attempting to define a super-

fund starting from some subsets of well-rated candidate MF offers the same scope as com-

posing a simple portfolio based on some well-rated candidate assets. A much more 

fundamental methodological issue is to what extent the use of two-stage approaches, with 

some frontier model in the first stage and another kind of portfolio selection model in the 

second stage, can be justified in view of some criticisms of such approaches in the frontier 

literature (Simar and Wilson, 2007).
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