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Abstract

We analyse the performance persistence of Islamic and Socially Responsible Investment
(SRI) mutual funds. We adopt a multi-stage strategy in which, in the first stage, partial
frontiers’ approaches are considered to measure the performance of the different funds in
the sample. In the second stage, the results yielded by the partial frontiers are plugged into
different investment strategies based on a recursive estimation methodology whose persistence
performance is evaluated in the third stage of the analysis. Results indicate that, for both
types of funds, performance persistence actually exists, but only for the worst and, most
notably, best funds. This result is robust not only across methods (and different choices
of tuning parameters within each method) but also across both SRI and Islamic funds—
although in the case of the latter persistence was stronger for the best funds. The persistence
of SRI and Islamic funds represents an important result for investors and the market, since
it provides information on both which funds to invest in and which funds to avoid. Last but
not least, the use of the aforementioned techniques in the context of mutual funds could also
be of interest for the non-conclusive literature.
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1. Introduction

Over the last twenty years a relatively high number of studies have dealt with analyzing persistence
in mutual funds’ performance. The importance of the topic is related to how relevant it might be
to include past performance as a key criterion for selecting mutual funds. Given the importance
of this question, i.e. whether good past performance is followed by good subsequent performance
(and likewise for bad performance), for both academics and practitioners, the related literature
has grown remarkably over the last two decades.

Until the mid 1990s, several contributions provided competent efforts to document the issue,
although, as indicated by Carhart (1997), explanations were generally not entirely satisfactory.
Some of these studies would include, for instance, Hendricks et al. (1993), Goetzmann and Ibbot-
son (1994) and Brown and Goetzmann (1995), who attributed the persistence found over short-
term horizons (up to three years) to common investment strategies (i.e. “hot hands”), whereas
Grinblatt and Titman (1992), Elton et al. (1993) and Elton et al. (1996) found it over longer time
horizons (five to ten years), attributing it to managerial stock-picking skills. Although most of
the influential initial studies were published in the early and mid 1990s, a few contributions, such
as Jensen (1969), had previously contributed to the topic, finding no evidence of persistence.

The study by Carhart (1997) has been perhaps the most influential and successful in finding
some convincing explanations related to the existence of persistence found in the literature. Ac-
cording to this author, persistence could be caused by managers’ costs and the momentum effect,
rather than managers’ skills. With the exception of the worst performing funds, Carhart’s study
revealed no significant evidence of persistence in his analysis of investment strategies based on
past performance.

However, the literature has not stood still and the most recent contributions have not reached
a consensus as to the lack or existence of persistence, as well as its potential explanations. Some
more recent studies such as Quigley and Sinquefield (2000), ? and Massa and Patgiri (2009) found
similar conclusions to those by Carhart (1997) in terms of no significant evidence of persistence in
the analysis of investment strategies based on past performance. In contrast, Lynch and Musto
(2003), Cohen et al. (2005), or Kosowski et al. (2006) found persistence among winning funds,
but not among losers. Chen et al. (2000), Cohen et al. (2005) or Cremers and Petajisto (2009)
have also found evidence of persistence and others report a list of causes as well. These studies
would include, for instance, Gottesman and Morey (2007), who consider persistence to be caused
mainly by the expense ratio, Fama and French (2010), who identify costs as the main source of
persistence and Bollen and Busse (2004), who found persistence beyond expenses and momentum.
Wermers (2003), by examining managers’ momentum, finds evidence of persistence in superior
growth funds, whereas in the case of Kosowski et al. (2006), using net returns after trading costs
and fees, they find evidence of persistence in growth-oriented funds, but find no evidence for the
managerial skills of income-oriented funds.

A good review of this important literature is provided by Droms (2006), who summarizes con-
clusions one might draw after reviewing the relevant literature, among which we might highlight,
above all, that past performance counts, i.e. persistence exists, at least in the short run. However,
according to Droms (2006), the literature has also found that: (i) poor past performance counts
more than good past performance; (ii) within-category performance is more persistent than per-
formance relative to overall market; (iii) short term performance persistence is much stronger
than long-term persistence; (iv) international equity funds show very strong short-term perfor-
mance persistence but no longer-term persistence; (v) findings of persistence may be sensitive to
the period tested; and that (vi) Morningstar within category ratings provide useful information
for selecting mutual funds based on past performance (Droms, 2006).

In the last few decades, a particular branch of the literature on mutual funds’ performance
has been interested in analyzing ethically oriented funds, a number of which have become very
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popular. Investors in ethical funds (such as Socially Responsible Funds and Islamic Funds)
apply both financial and social criteria when evaluating their investments in order to ensure
that the securities selected are consistent with their personal value system and beliefs (Sauer,
1997). As different ethical funds exhibit distinct investment styles (Bauer et al., 2005) and apply
varying screening criteria (Derigs and Marzban, 2008), the diverse constraints applied are likely
to influence the performance and performance persistence of different types of ethical funds.

In the specific case of the literature analyzing ethical funds and SRI performance persistence,
the number of available studies is low (compared with the literature focusing on conventional
funds) and results provide mixed empirical evidence. While Sauer (1997) finds that well di-
versified benchmark portfolios suggest that application of social responsibility screens does not
necessarily have an adverse impact on investment performance, Gregory and Whittaker (2007),
covering UK SRI funds, provide empirical evidence that supports persistence in performance,
particularly over longer time horizons. However, they find that performance appears to be time
and model-varying. They also find some evidence that for domestic funds, past “winning” SRI
responsibility screens do not necessarily have an adverse impact on investment performance and
flow. A number of other studies found performance persistence for ethical or SRI funds (Gre-
gory and Whittaker, 2007; Renneboog et al., 2011). Bauer et al. (2005) find that ethical mutual
funds are typically less exposed to market return variability compared to conventional funds,
which could lead to persistence. Renneboog et al. (2011) find that ethical money is less sensitive
to past negative funds, outperforming “losing” SRI funds to a greater extent than their control
portfolio counterparts.

For Islamic funds, a handful of studies compared the performance of these funds with their
conventional counterparts (Ahmad and Ibrahim, 2002; Girard and Hassan, 2008; Hashim, 2008;
Albaity and Ahmad, 2008; Dharani and Natarajan, 2011; Mansor and Bhatti, 2011; BinMah-
fouz and Hassan, 2012). Most of the studies found that there is no significant difference in the
performance of restricted Islamic funds from their conventional counterparts except Hussein and
Omran’s (2005) study, in which Islamic indices performed better than their conventional equiva-
lents. When it comes to explicitly analyzing the persistence in Islamic mutual fund performance
the literature is yet to be written. Therefore, our study combines two relevant stems of research
in mutual fund performance evaluation, in which the evidence is either scarce or entirely yet to
come. Namely, we conduct a performance persistence analysis for two particular types of ethical
funds—SRI funds and Islamic funds. However, there are added reasons justifying undertaking this
analysis. As indicated in the paragraph above, Islamic mutual funds have very specific features
such as investing in Shari’ah compliant assets, as well as other relevant characteristics, which
bear some similarities with others attributable to SRI funds. It could therefore be hypothesized
that investing in some specific types of assets could have a payoff in terms of higher persistence,
especially for the best performers.

These two types of funds use restricted universes due to strict screening criteria. As a result,
their constituents probably enjoy more stability compared to their conventional counterparts due
to the stability in the filtering criteria (Askari et al., 2010). This stability in the constituents might
lead to persistence in the performance of these funds. In addition, in the case of Islamic funds,
they apply further financial ratio filters on the equity selected, such as leverage and percentage
of interest paid or received, which restrict their universe further. Moreover, Bauer et al. (2005)
find that ethical mutual funds are typically less exposed to market return variability compared
to conventional funds which could lead to persistence.

Our empirical strategy will be based on a recursive estimation methodology, similar to that
initially proposed by Carhart (1997)—although several refinements were proposed afterwards
by Bollen and Busse (2004), Kosowski et al. (2006), Busse et al. (2010) and Fama and French
(2010), among others. The main purpose of this method is to ascertain whether performance
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persistence exists based on the evaluation of portfolios which are built following a past perfor-
mance investment strategy. Should persistence exist, past performance investment strategies
would succeed—i.e. the best funds remain so the year after and vice versa.

In a previous stage, we explicitly measured mutual fund performance, for which the literature
has grown remarkably over the last two decades. However, in more recent times, the approaches
based on frontier methodologies, such as Data Envelopment Analysis (DEA), have flourished.
Both DEA and its non-convex variant, FDH (Free Disposal Hull) share the attractive feature
of easily accommodating several dimensions of performance (inputs and outputs), instead of
confining the analysis to a few attributes (e.g. mean and variance), although they are not free
from criticisms. In particular, they may be severely affected by outliers and the so-called “curse
of dimensionality”, but more recent proposals in the field such as the order-m (Cazals et al.,
2002) and order-α (Aragon et al., 2005) (which we will follow) are much less affected by these
and related issues.

The combination of our recursive estimation methodology for measuring performance persis-
tence with the robust nonparametric estimators proposed by Cazals et al. (2002) is particularly
interesting, since it provides information not only as to whether performance persists for different
parts of the funds’ performance distribution (not only the upper and lower tails), but also whether
this persistence is actually significant or not. As we shall see, although persistence is actually
found for several deciles of the distributions, only for the best and worst funds (especially in the
case of SRI funds) is it found to be significant. This result, which was partly found in previous
studies such as Goetzmann and Ibbotson (1994), also held for the different specifications of tuning
parameters allowed by the nonparametric robust techniques used in the first stage.

The article is structured as follows: after this introduction, section 2 briefly reviews the
literature in the field of SRI and Islamic mutual fund performance. Section 3 presents the details
of the models and methods that we use to both evaluate performance and its persistence, whereas
section 4 and 5 describe the data and the main results, respectively. Finally, section 6 presents
some concluding remarks.

2. SRI and Islamic funds

Over the past two decades, some types of mutual funds have grown exponentially. This includes
socially responsible investment (SRI) and faith-based mutual funds which have paralleled the
growth in the business ethics literature as a result of recent reports of environmental and ac-
counting scandals. These funds use techniques that combine investors’ financial objectives with
their commitments to social and/or religious concerns (Hiagh and Hazelton, 2004). These types
of funds apply ethical restrictions on investments which can adversely affect portfolio performance
and performance persistence (Bauer et al., 2007).

The earliest SRI screening was appliedby religious groups such as the Lutheran Brotherhood
and the Quakers which excluded “sin industries” such as tobacco and alcohol (Schepers, 2003). The
PAX world fund was launched in 1971 as the first SRI mutual fund which avoided investments
in military-related stocks (Fowler and Hope, 2007). A number of other funds with social and
peace-driven goals have been initiated leading professionally managed SRI assets in the U.S. to
reach $3.07 trillion at the start of 2010 (Social Investment Forum, 2010) and EUR 129.49 billion
in Europe as of June 2012.

According to Ernst & Young (2011), Islamic mutual funds to the tune of $1,033 billion are
managed, making this type of finance the fastest growing of its kind within the Islamic financial
industry. Dating back to 1994, Islamic equity investment is a new phenomenon. In 1994 Muslim
investors, under a new ruling1 were permitted to trade in international stocks, within prescribed

1The decree issued by International Fiqh Academy relaxed the Shari’ah constraints on interest-based activities
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guidelines (Hayat and Kraeussl, 2011). From then on, Islamic investment has increased expo-
nentially, with many global players subscribing to the Islamic investment market. By the end of
2010, FTSE, Dow Jones, S&P and MSCI had been offering Islamic equity indices in the hundreds,
leading to over 800 managed Islamic mutual funds according to Ernst & Young (2011).

Four pillars represent the defining prohibitions of Islamic finance, namely Gharar (excessive
uncertainty); Riba (usury);2 Maysir (speculation); and investing in prohibited activities. The
fifth pillar is the encouragement of risk and return sharing (Shanmugam and Zahari, 2009; Hayat
and Kraeussl, 2011). By Islamic standards, charging a fixed rate of interest on an investment loan
is deemed unfair and discriminatory, as the borrower, or entrepreneur, shoulders the full risk and
the lender, whether or not the venture succeeds, gains the set income. Conversely, when there is
a very high profit, the lender will receive a relatively low portion of the profit, while the borrower
will receive the lion’s share implying an unequal sharing of both risk and profit (Novethic, 2009).
A panel of Shari’ah experts, the Shari’ah Supervisory Board or SSB, keeps a close check on the
compliance of funds and companies with the strictures of Shari’ah.

As explained by Forte and Miglietta (2007), both types of funds have social, ethical, and
financial objectives, and both use negative screening (filtering) criteria in the selection of stocks
for their portfolios to reflect these objectives. For Islamic funds, the source of guidance is Shari’ah.
However, due to the lack of a global Shari’ah supervisory body, different funds appoint their
own Shari’ah Supervisory board (SSB) and apply differing interpretations of Shari’ah screening
criteria.3 For SRI, they were historically derived from religious factions that evaded investment
in stocks considered “Sin” reserves. Nonetheless, the idea of SRI was gradually developed and
was additionally advanced and expanded by ecological policies, human rights filters and anti-war
projects.There are no comprehensively recognised definitions for Sustainable and Responsible
Investment (SRI) and Environmental, Social and Governance (ESG) principles.

In terms of investment activities and instruments, Islamic funds exclude investments in in-
struments with fixed income, such as certificates of deposit (CDs), corporate bonds, preferred
stocks and some derivatives (e.g., options). While equity mutual funds represent the largest slice
of Islamic funds, SRI mutual funds can freely choose between equity-bearing investments and
debt-bearing investments, as long as the chosen stocks adhere to sustainable and responsible
investment strategies and governance principles.

In addition, Islamic funds apply further financial ratio filters on the equity selected, such as
leverage and percentage of interest paid or received.4 There is no positive screening practiced by
Islamic funds. However, SRI funds apply different strategies for positive filters, such as best in
class environmental filters, human rights and transparent corporate practices.

According to portfolio theory, investors choose portfolios that maximize returns while mini-
mizing risks, thereby receiving the best possible return on their investment. Constraining funds
by ethical and religious filters is likely to influence the returns and risks of restricted portfolios
(Binmahfouz, 2012). Ongoing research is being conducted and analysis made of the various in-
vestment traits of restricted Islamic funds, thereby delineating their difference in performance

for companies whose main industry sector is permissible (Halal) (Hayat and Kraeussl, 2011).
2Riba is prohibited in “all monotheist religions” (Hossain, 2009).
3The research by Derigs and Marzban (2008) has illustrated that there is a lack of a commonly recognised

comprehension of how to convert the prescribed Shari’ah regulations into a structure of investment guidelines that
can be monitored. The research has additionally illustrated that implementing the alternative Shari’ah screens,
employed by the more renowned Islamic indexes and funds that are Shari’ah-compliant to a general standard
asset universe (S&P500 index), has caused considerable variations in the size as well as the constituents of the
resultant portfolios of halal assets. For the purpose of dealing with the discrepancy it is thus essential for a Shari’ah

authority of global standing to be established, so as to address the variation of the Shari’ah screening guidelines.
4A purification process must be carried out to eliminate or clean the portfolio of interest income, or other

impermissible revenue sources. Impermissible income has to be donated to charities and NGOs. However, for SRI
there is no purification process necessary.
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from unrestricted equivalents.

3. Methods

As indicated by Kerstens et al. (2011b), the theoretical foundations of modern portfolio theory—
which combine the expected return and variance data to assess performance—have been subject
to criticisms, from both theoretical and applied points of view including, for instance, strong
assumptions on probability distributions and Von Neumann-Morgenstern utility functions. Since
the foundations of traditional performance measurement were established, a vast literature has
emerged on portfolio performance measurement.

This literature has moved gradually from total-risk foundations to performance indexes (where
returns in excess of the risk-free rate are compared to some risk measure (Kerstens et al., 2011b).
However, in the particular (and relevant) case of mutual funds, there is still no universally ac-
cepted assessment approach to measure their performance. In a relatively recent study, Eling
and Schuhmacher (2007) reviewed not only the most widely-used measures, namely Sharpe’s,
Treynor’s and Jensen’s, along with multifactor alpha measures, but also other measures which
are less popular but have had varying degrees of acceptance in recent times.5

In relatively recent times, partly in view of the criticisms of traditional performance measures,
some scholars and practitioners have been applying the so-called frontier estimation methodologies
from production theory to evaluate mutual fund performance. As indicated by Brandouy et al.
(2012), since the pioneering study by Sengupta (1989), who was probably the first to introduce
an explicit efficiency measure into a Mean-Variance (MV) portfolio model, an increasing number
of contributions in this particular field have been found in the literature, seeking to provide an
alternative to traditional mutual fund performance.

Nonparametric frontier alternatives such as Data Envelopment Analysis (DEA; see Charnes
et al., 1978) or its nonconvex variant (Free Disposal Hull, FDH; see Deprins et al., 1984) enable
an extension of the traditional mean-variance framework to incorporate further dimensions of
evaluation (rather than mean and variance alone). When evaluating a portfolio, the aspects
that investors want to minimize (such as risk) will be considered as inputs and those to be
maximized (such as return), outputs. Factoring in this information, these methods yield the
so-called (efficiency) scores which summarize the performance of the fund. This is a highly
attractive property, especially when considering that alternative investment returns often have
skewed distributions so that mean and variance (and possibly the performance indexes relying on
these two moments) will be insufficient to properly evaluate the performance of mutual funds.

As a result of these advantages, since the seminal paper of Murthi et al. (1997) was published,
the number of contributions in this particular field has grown remarkably, some of which have
recently been reviewed by Brandouy et al. (2012), Glawischnig and Sommersguter-Reichmann
(2010) and Kerstens et al. (2011a). According to Brandouy et al. (2012), this growing literature
can be classified in the following categories: (i) models directly transposed from production
theory; (ii) models combining traditional performance measures such as those referred to above
with additional dimensions; (iii) models directly transposed from portfolio theory; (iv) hedonic
price models. In the particular case of ethical funds, the number of contributions is much lower,
basically including Basso and Funari (2003). In the case of Islamic funds, as far as we know there
is no empirical evidence of these methods yet, although in the case of Islamic banking several
research papers have considered these methods.

As indicated by Glawischnig and Sommersguter-Reichmann (2010), most studies in this field
have considered nonparametric methods such as DEA and FDH, their non-convex counterpart.

5Among which we would also find Omega, the Sortino ratio, Kappa 3, the upside potential ratio, the Calmar
ratio and the modified Sharpe ratio.
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However, the most recent contributions have considered more state-of-the-art methods such as
the partial frontier approaches order-m (Cazals et al., 2002) and order-α (Aragon et al., 2005)
also including partial frontier methods. See, for instance, Daraio and Simar (2006b) or, more
recently, Matallín-Sáez et al. (2014).

3.1. Estimating mutual fund peformance: FDH and its robust variants

In the first stage of our analysis we will use two efficiency models based on Free Disposal Hull
(FDH) (which was initially proposed by Deprins et al., 1984) which, as indicated in the introduc-
tion are known in the literature as order-m (Cazals et al., 2002) and order-α (Aragon et al., 2005).
In the particular setting of the performance of mutual funds they have already been considered,
both in more theoretical contributions, such as those by Daraio and Simar (2006a) and Daraio
and Simar (2007b), as well as in recent applications, such as Matallín-Sáez et al. (2014). In these
and related contributions the authors provide the reader with some of the benefits of considering
not only FDH but also its two robust variants—order-m and order-α.

These types of frontiers—order-m and order-α—offer several advantages over DEA and FDH.
Specifically, DEA and FDH are highly sensitive to extreme values and noise in the data, whereas
order-m and order-α are not. In addition, they do not impose the convexity assumption (as is
the case with DEA) and they have several desirable properties that make them useful for drawing
inferences about efficiency. The asymptotic properties of both DEA and FDH also show that
they have slow rates of convergence, reflecting the curse of dimensionality (see Simar and Wilson,
2008, p.441), which is usually the case among nonparametric estimators. In addition, order-m and
order-α methods allow corrections for the impact of outlying observations which in the current
context might arise from atypical observations.

We will only present an intuitive description of the model(s). More formal discussions can
be found in, for instance, Cazals et al. (2002), Daraio and Simar (2007b) and Simar and Wilson
(2008), whereas a graphical representation is provided by Müller (2008).

3.1.1. The Free Disposal Hull model

The seminal paper by Farrell (1957) inspired researchers to consider performance as a relative
estimate, whereby any given decision-making unit (DMU) is evaluated against a frontier of best
practice observations. Consider n DMUs (in our case, mutual funds), which are using p hetero-
geneous and non-negative inputs x (x1 . . . , xp) to produce q heterogeneous and non-negative
outputs y (y1, . . . , yq). The FDH model relies on a free disposability assumption of inputs and
outputs: ∀(x,y) ∈ Ψ, if x̃ ≥ x and ỹ ≤ y then (x̃, ỹ) ∈ Ψ (where Ψ denotes the production
technology set: Ψ = {(x,y)|x ∈ R

p
+,y ∈ R

q
+, (x,y) is feasible}).6 The best practice production

set is defined as a free disposable hull of undominated input-output combinations:7

Ψ̂ = {(x,y) ∈ R
p+q
+ |(x,y) are attainable} (1)

The output-oriented efficiencies for the evaluated fund θ̂(x0,y0), which maximizes outputs
for given inputs, are obtained by estimating the distance to the best practice frontier:

θ̂(x0,y0) = sup{θ|(x0, θy0) ∈ Ψ̂FDH}. (2)

An efficient fund obtains an efficiency θ̂ = 1, while an inefficient fund yields θ̂ > 1. Given the

6In other words, if a particular input-output combination (x,y) is feasible, it should also be possible to produce
y with more inputs and to produce less outputs with a given input set x.

7Please note that we will refer to the multivariate case (multiple inputs/multiple outputs) by using vector
notation throughout the article.
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output orientation adopted, (1− θ̂) should be interpreted as the potential percentage increase in
output for the evaluated fund to catch up with the best (efficient) funds.

3.1.2. The robust FDH models

According to FDH, the efficiency measure is obtained by comparison with the full frontier of
all observations, defining the maximum output that is technically feasible with a given level of
inputs. However, as can be observed from Equation (1), the FDH frontier in the standard FDH
setting of Deprins et al. (1984) is deterministic in the sense that all observations from the sample
χ potentially constitute the frontier Ψ̂FDH .

Alternatively, according to the order-m estimators, what will actually be used as a benchmark
is the expected maximum output achieved by any m funds chosen randomly from the population,
which employs, at most, input level x0. This was initially suggested by Cazals et al. (2002) and
allows for mitigating the impact of outlying observations by drawing with replacement subsamples
of size m < n among those funds with fewer inputs than the evaluated fund (i.e., among those
yi so that x0 ≥ xi). Performance is then assessed relative to this smaller sample. Therefore, for
any y, the expected maximum level will be defined as:

y∂ = θ̃y. (3)

When we choose a high value for m (m → ∞), the order-m estimator gives the same bench-
mark as FDH, yielding the same results and, therefore, the most interesting cases will be those
for which m is finite. In these cases the order-m does not envelop all the data, being more robust
to the likely presence of outliers. These outliers which, in the particular output-oriented case we
are dealing with will have an efficiency score lower than 1, should be considered as super-efficient
with respect to the order-α frontier level.

In contrast to either FDH or DEA, the efficiency scores yielded by order-m are not bounded
by 1. In these cases, values equal to unity correspond to efficient funds (i.e. those with the best
performance), whereas values higher than unity correspond to inefficient funds. Under order-m
one may find values for θ lower than one, signalling that the fund operating at the level (x,y)
is more efficient than the average of m peers randomly drawn from the population of funds with
fewer inputs than x. Formally, the proposed algorithm (Cazals et al., 2002) to compute the
order-m estimator has the following steps, for n funds (i = 1, . . . , n):8

1. For a given level of x0, draw a random sample of size m with replacement among those yi,
such that xi ≤ x0.

2. Obtain the efficiency measures, θ̃i.

3. Repeat steps 1 and 2 B times and obtain B efficiency coefficients θ̃bi (b = 1, 2, . . . , B).
The quality of the approximation can be tuned by increasing B, but in most applications
B = 200 seems to be a reasonable choice.

4. Compute the empirical mean of B samples as:

θ̄mi =
1

B

B∑

b=1

θ̃bi (4)

8This algorithm illustrates the main difference between FDH and order-m estimators. In the case of order-m,
the observation initially selected, (x0,y0) is compared only to the m funds randomly drawn from the population
of funds using less inputs than the unit being evaluated. Therefore, it consists of an expectation of the maximum
achievable output instead of the absolute maximum achievable output that we would consider under FDH.
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The order-α quantile-type frontiers share some of the underpinnings of order-m. In the case
of order-α the frontier is determined by first fixing the probability (1 − α) of observing points
above the order-α frontier. Therefore, under order-α we choose the proportion of funds lying
directly below the frontier.

The order-α partial frontiers, originally proposed by Aragon et al. (2005) for the univariate
case, were extended to the multivariate case by Daouia and Simar (2007) and, likewise for order-
m type frontiers, they have better properties than either DEA or FDH.9 However, the main
advantage of order-α estimators is the same as that of order-m, i.e. the fact that in finite
samples, order-α estimators do not envelop all the data and they are therefore more robust to
outliers than FDH and DEA.

In the case of order-α quantile frontiers the benchmark is the output level not exceeded by
(1− α)× 100% of funds among the population of funds providing input levels of at least x.10

Following Simar and Wilson (2008), for α ∈ (0, 1], the α-quantile output efficiency score for
the mutual fund operating at (x,y) ∈ Ψ can be defined as

θα(x,y) = sup{θ|Fy|x(θy|x) > 1− α} (5)

We have that θα(x,y) converges to the FDH estimator θ(x,y) when α → 1. In cases where
θα(x,y) = 1, the fund is “efficient” at the level α× 100%, since it is dominated by mutual funds
providing less input than x with probability 1 − α (Daraio and Simar, 2007a). In those cases
where θα(x,y) > 1 then the unit (x,y) has to increase its output to the level θα(y,y)x to achieve
the output efficient frontier of level α× 100%. We can also apply the plug-in principle to obtain
an intuitive nonparametric estimator of θα(x,y) = 1 by replacing Fy|x(·|·) with its empirical
counterpart to obtain:

θ̂α,n(x,y) = sup{θ|F̂y|x,n(θy|x) > 1− α} (6)

3.2. Analyzing mutual fund performance persistence using partial frontiers

Given the broad universe of available funds, an investor is interested in having tools to select
those with better future performance. One possible procedure is to analyse whether funds with
worse (better) performance in the past remain so in the future. This information could be used by
investors as a guide to plan their investments. In short, it is interesting to analyse the persistence
of funds’ performance.

To carry out this analysis we apply a methodology similar to that proposed initially by Carhart
(1997) and subsequently used in a high number of studies on performance persistence such as
Bollen and Busse (2004), Kosowski et al. (2006), Busse et al. (2010) and Fama and French (2010),
among others. This methodology evaluates the performance of portfolios that are built following
an investment strategy based on the past performance of funds. If there is persistence one would
expect that when investing in the worst (best) funds in the past, if they remain so in the future,
one would obtain worse (better) future performance.

To apply this methodology, which the literature refers to as a recursive portfolio, we first
estimate the performance of funds in each sample year through the appropriate methodology, as

9For instance, they are
√

n-consistent estimators of the full frontier, since the order of the frontier is allowed
to grow with sample size, they are asymptotically unbiased and normally distributed with a known expression for
the variance (see Aragon et al., 2005) and, in addition, it can be shown (see Daouia and Simar, 2007) that the
order-α frontiers are more robust to extremes than the order-m frontiers (see Daraio and Simar, 2007a, p.74).

10The monograph by Daraio and Simar (2007a) provides an excellent and comprehensive review of the non-
parametric frontier methods considered in this paper, both for the univariate and multivariate cases, as well as
illustrating input and output orientations. We have attempted to find a reasonable balance between the amount
of information provided in the paper and what can be found in relevant references, not only Daraio and Simar
(2007a) but also Simar and Wilson (2008), for instance.
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described above. Then funds are ranked according to their performance, from lowest to highest.
They are then clustered into deciles, the first decile corresponding to those funds with the worst
performance (although the efficiency value would be higher, since we are adopting an output ori-
entation) and the tenth decile including the 10% of funds with better performance (corresponding
to the lowest efficiency scores). Then we create portfolios that follow an investment strategy con-
sisting of selecting funds according to their decile in the previous year. For example, portfolio
D1 (D10) invests proportionally and in an equally weighted fashion in funds that were included
in the first (tenth) decile in the year before, i.e. last year’s worst (best) funds.

Each of these portfolios starts investing in the second year based on the efficiency of the first
year, in such a way that the portfolio is reassessed at the beginning of each year and until the
end of the sample period. Therefore, from the second year onwards and for each portfolio and
posterior years, we identify which are the funds in which we invest. With this information, we
compute the monthly return of each portfolio and from the returns it is possible to calculate
the values for different variables such as the average return, standard deviation, kurtosis and
skewness. In the same way, it is possible to compute the expenses corresponding to each of these
portfolios. Then, from these values, which correspond to what will be defined as inputs and
outputs, it will be possible to estimate the efficiency of these portfolios. Should persistence be
present (at least up to a certain extent) then a given portfolio investing in the worst (best) past
funds (such as, for instance, D1 (D10)) would obtain a poor (fair) performance.

In addition, it is convenient to provide results with a certain degree of statistical precision, i.e.
whether we can claim that the obtained persistence (or its absence) for the portfolios is significant
or not. This would entitle us to ascertain whether the performance of a given portfolio is actually
attributable to an investment strategy focusing on past performance, or if this performance is
obtained by simply investing in a certain group of funds. Therefore, in order to obtain this
statistical precision, we simulate portfolios which do not follow any particular investment strategy
but rather invest in our sample funds randomly and equally weightily.

For this, we follow a procedure similar to that considered when building portfolios with
strategies based on investing according to past performance. However, in this case funds are not
ranked according to past performance but randomly. By the end of each year, the simulated
portfolio is reassessed, investing and disinvesting in the sample funds without following any
particular investment strategy. Accordingly, we build 2,000 simulated portfolios and for each
of them we calculate both the monthly returns and expenses, which in turn allows us to calculate
the values for those variables that will be described as inputs and outputs. In the final stage,
we re-compute the performance of each portfolio following the partial frontier methods presented
above.

The performance of these 2,000 simulated portfolios is not due to any investment strategy in
particular, but rather to investing randomly in the sample funds. Therefore, their performance
would correspond to a probability distribution, which we compare with the performance of the
simulated portfolios built according to past performance—i.e. random investment strategies vs.
past performance investment strategies. This comparison entitles us to conclude whether the re-
sults obtained following these two different strategies differ significantly—although this procedure
is not a formal statistical test. Therefore, considering a given significance level (say 5%), it is
possible to conclude that persistence exists when the performance obtained following past perfor-
mance investment strategies lies outside the 95% central interval of the performance distribution
of the 2,000 simulated portfolios (random strategies).
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4. Data and performance measurement

4.1. Data sources

The database on SRI and Islamic equity funds that we use is Lipper and the sample period
covers from 2001 to 2011. The evolution since 1989 is illustrated in Figure 1, where the number
of each type of fund is represented in different axes. In both cases (SRI and Islamic funds) a
sharp increase can be observed, which has been particularly high during the “golden decade”
which started in 1995 and intensified during the first half of the 2000s. However, during this
decade many of the funds that were born did not survive. In order to avoid the bias generated
by this phenomenon (i.e. in order to avoid the survivorship bias), our sample is made of all funds
and, therefore, it includes new, survivors and non-survivors funds. During the crisis years, which
started in 2007, there has been a substantial decline, which has equally affected both types of
fund. This type of strategy (i.e. including all data), avoids some pernicious effects such as that of
including funds with a relatively low number of observations (which affects the robustness of the
performance results), but it comes at the price of comparing funds with different living periods,
which could result in some noise in the estimates.

Given these conflicting views, we selected a period and sample of mutual funds with the aim
of reaching a balance between the effects referred to above. Consequently, the sample period
is confined to the period between December 2000 and March 2011, requiring that the data for
any fund in the sample will cover at least 50% of the 123 months of that period. Following these
criteria, 9.8% of Islamic funds have to be removed and, therefore, the initial number of 153 Islamic
funds is reduced to 138. For SRI funds, 22% of the funds are removed, dropping from 815 to 636.
For the final sample, monthly returns were calculated as the variation relative to the monthly net
asset value (NAV). Table 1 reports some basic statistics about the mutual funds sample.

Considering Lipper data, mutual funds are grouped by the geographical area of their invest-
ments. East refers to the Pacific and Asia-Pacific area, Middle refers to Middle East, North
Africa and GCC countries,11 West refers to Europe and America and global does not have any
particular area of reference. We do this because the funds’ return is the result of both passive and
active management: whereas the return from the latter is the value added by managers above
the return from passive management, the return from the former hinges critically on the fund’s
investment objectives.

The descriptive statistics on mutual funds for the different areas is also reported in Table
1. As it is apparent in the table, there are no SRI funds which have the Middle East as their
investment target area. Comparing SRI and Islamic funds, the averages corresponding to the
percentage of data over the sample period and age are relatively similar. However, regardless
of the area-objectives considered, the average expenses of Islamic funds are higher than those
corresponding to SRI funds. In the case of the annual gross return, for those funds focusing on
the West the results are similar, but for others there are remarkable discrepancies. Of special
note is the low annual gross return for Islamic funds focusing on the Middle region (1%).

Since the expenses of SRI funds are less than those of the Islamic, the difference between
them is somewhat greater if comparing net returns obtained from NAVs. For net returns, Table
1 reports not only the mean but also the median of the cross-sectional distribution of the means
of the returns of any fund in each area-objective. In some particular instances the differences
are driven by mutual funds on the tails of the distribution of returns. However, discrepancies
are remarkable, for some regions in particular. Given the risk component also present in our
data, Table 1 shows the average and median of the distribution of the standard deviation for
the returns of the funds as well. In this case, the risk levels are similar for both types of funds.

11Gulf Cooperation Council countries, which include Bahrain, Kuwait, Oman, Qatar, Saudi Arabia and the
United Arab Emirates.
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Finally the last two columns report the average of the skewness and kurtosis of the distributions
of the monthly net returns of the funds in each area-objective.

In the specific case of the returns for all funds, the medians of the distribution of the means
of net returns for Islamic and SRI funds are 4.48% and 7.18%, respectively. In contrast, the
median of the distribution of the standard deviation is slightly higher for SRI funds, 20.57%,
with respect to 20.14% for Islamic. For the 2.70% of difference, 0.45% is due to expenses (1.53%
minus 1.08%) and the rest, 2.25%, is largely due to active management and the differing levels
of risk, or area-objective investment, can be attributed it to passive management. However,
although the prior descriptive analysis drives us to approximate the behaviour of the funds, it is
necessary to conduct a more rigorous analysis of fund performance—and, in this particular study,
performance persistence, which will be the objective of the following sections.

4.2. Input and output selection

As indicated in previous sections, one of the main advantages of using frontier techniques to
evaluate the performance of mutual funds is their ability to handle several dimensions of mutual
fund performance, which are modeled as multiple inputs and outputs. This represents an inter-
esting advantage since it is then possible to include several inputs and thus consider different risk
measures apart from standard deviation, or other outputs apart from the traditional mean return
measure (such as expected return or the expected excess return).

However, the appropriate choice of dimensions to be modelled, which in the case of frontier
techniques corresponds to the selection of inputs and outputs, is crucial. Nguyen-Thi-Thanh
(2006) argues that while some investors might be more concerned with central tendencies (mean,
standard deviation), others may care more about extreme values (skewness, kurtosis). In our
particular application, based on previous literature12 and data availability, as a main output (y1)
we consider the daily mean return over the sample period. Other outputs, such as skewness
(y2), have also been computed from the daily returns distribution. As inputs, the risk of the
fund is measured by the standard deviation of the daily returns (x1), as well as kurtosis (x2),
also computed from the daily returns. In some of the proposed models the management costs
of the fund are also considered as an input. In order to include this type of cost, we consider
two variables. First are the fees paid from the fund to managers; second are the loads, including
fees and other costs incurred for operational management, e.g. for turnover. Both variables are
measured as percentages (average of the sample period) of costs over the managed portfolio size
and included in the variable “expenses” (x3). Descriptive statistics for inputs and outputs are

12In their seminal paper, for computing their portfolio efficiency index, Murthi et al. (1997) considered the
standard deviation of returns, expense ratio, loads and turnover as inputs and mean gross return as output.
Choi and Murthi (2001) made the same choice, although adopting a different DEA formulation, whereas Wilkens
and Zhu (2001) considered standard deviation and percentage of periods with negative returns as inputs and
mean return, minimum return and skewness as outputs. In Joro and Na (2002) there is an extension of the
traditional mean-variance framework using DEA and their methodology includes the risk and cost associated with
the transaction as inputs and return and skewness are included as outputs. Chang (2004) proposed a new non-
standard DEA formulation based on minimum convex input requirement set: the standard deviation, β, total assets
and loads, while the output was the traditional mean return, whereas Briec et al. (2004) developed a quadratic-
constrained (mean-variance) DEA model applying the mean-variance approach with variance as input and mean
return as output. More recently, the degree of complexity of some studies has increased, but the selections of
inputs and outputs are similar. For instance, Joro and Na (2006) suggested a cubic-constrained mean-variance-
skewness framework similar to Briec et al. (2007), who consider both skewness and mean return as outputs,
whereas Lozano and Gutiérrez (2008) proposed a quadratic-constrained DEA model consistent with second-order
stochastic dominance (SSD) in order to get an optimal portfolio benchmark for any rational risk-averse investor
and Briec and Kerstens (2009) have introduced a quadratic program that extends the multi-horizon analysis by
Morey and Morey (1999) in several ways. Although the literature is now growing, our choice of dimensions to
be measured stands with most of the previous applications of these techniques as well as more classic studies on
funds’ performance.

11



reported in table 2.

5. Results

5.1. Expected order-m and order-α efficiency estimates

Tables 3 and 4 provide results on order-m and order-α efficiency estimates for the different mutual
funds in our sample. We report some additional statistics apart from the usual ones (not only
mean and standard deviation but also the quantiles 25th, 50th and 75th) so that it is possible to
obtain enhanced insights on the shape of efficiency scores’ distributions. Both Table 3 and Table
4 report the information for several choices of the tuning parameter—m in the case of order-m
and α in the case of order-α. The results for each tuning parameter are displayed in different
panels in each table. Both Tables 3 and 4 also provide results on performance according to each
mutual fund class (SRI or Islamic) as well as its geographical focus—i.e. East, West, Middle and
Global—as described in Section 4.

In the case of the order-m class of estimators, we choose different tuning parameters (m = 25,
m = 75 and m = 150), since it enables ust to ascertain how outliers might affect results; in the
extreme case, when m → +∞, the class order-m partial frontier yields the same results as FDH.
In the case of order-α, a reasonable choice, recommended by Daraio and Simar (2007a), could
consist of choosing α = .90, α = .95 and α = .99, similar to the choice of significance levels when
running an OLS regression. In this particular paper, though, we have taken advantage of recent
developments in the field of efficiency and productivity analysis, which analyse how order-m and
order-α indicators are related. Specifically, Daouia and Gijbels (2011) have established that the
two classes of indicators are closely related when α = α(m) = (1/2)1/m. Therefore, our choice of
α parameters is 0.9727, 0.9908 and 0.9954, which correspond to m = 25, m = 75 and m = 150,
respectively.

One of the advantages of considering two classes of partial frontiers along with different tuning
parameters is that it is possible to check out the robustness of results. The results indicate that,
on average, SRI funds perform better than Islamic funds. This result is robust across tuning
parameters (i.e. different values of m and α) and across partial frontier classes (i.e. for both
order-m and order-α. Recall that higher efficiency values represent worse performance. Also, as
one could a priori expect, because of the characteristics of both order-m and order-α, the higher
the tuning parameters, the higher the average inefficiency. Specifically, for m = 25, m = 75 and
m = 150 the average efficiency obtained for all funds is 1.0865, 1.1926 and 1.2340, respectively;
in the case of order-α, for α = .9727, α = .9908 and α = .9954 (which, following Daouia and
Gijbels (2011), would be the equivalent to m = 25, m = 75 and m = 150) these values would be
1.1340, 1.2378 and 1.2802, respectively.

Results are not entirely coincidental when examining different parts of the distribution. In
this case, for the worst funds (which would correspond to the 3rd quartile, or 75th quantile) the
SRI funds still outperform the Islamic ones. However, although the result is, in general, robust
across tuning parameters and partial frontier classes, in the case of order-α the differences shrink
substantially. In contrast, in the case of the best funds (which would correspond to the 1st

quartile, or 25th quantile), the differences are negligible, although this is partly due to the high
number of efficient funds in the vicinity of 1.

One might therefore think that there is something yet to be explained, since the average
performance differences between SRI and Islamic funds, regardless of the tuning parameter and
partial frontier class, are much higher than those corresponding to either the best funds (1st

quartile, which show little differences between both types of funds) or the worst ones (3rd quartile,
which show bigger differences). The explanation could lie in a relatively high number of Islamic
funds (compared with SRI funds) which perform poorly (i.e. those which lie beyond the 3rd
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quartile of the distribution). Actually, the heterogeneity in the performance of Islamic funds,
regardless of the tuning parameter and the partial frontier class, is much higher than that within
the category of SRI funds, as shown by very disparate standard deviation values (see last columns
of Table 3 and 4), which are at least twice as large in the case of Islamic funds than in the case
of SRI funds.

Both Tables 3 and 4 also split the results according to the geographical focus of the fund.
Although results can be explored from several angles, in this case we find two parallelisms with
the comparative analysis performed for Islamic and ethical mutual funds. Specifically, those
funds investing in the Middle East perform, on average, worse than the rest. This result is robust
across tuning parameters and partial frontier classes, without exception. However, analogously to
what we reported in the previous paragraphs, this might be partly explained by a relatively high
number of funds focusing on this region whose performance is poor which, besides, are responsible
for the high performance heterogeneity within this category. Actually, the standard deviation for
this specific geographical focus more than doubles that found for the rest. Therefore, we should
emphasize the fact that these results are strongly driven by some funds whose performance is
particularly weak, i.e. the fact that some of the worst funds are either Islamic or focus on the
Middle East should not mislead us to conclude that the funds in these categories perform, in
general, worse than those in other categories.

5.2. Results on mutual fund performance persistence

The methodology proposed in Section 3.2 for measuring performance persistence is applied sepa-
rately to both ethical and Islamic funds and also for measuring the results obtained using order-m
and order-α; as a consequence, the process was repeated four times and three times for each of
the tuning parameters (m and α), totalling 12 repetitions.

Table 5 shows the results achieved using order-m, whereas Table 6 provides analogous results
for order-α. Each of the two figures contains three panels, one for each tuning parameter value
considered. From left to right both tables show the performance and significance of portfolios that
invest following an investment strategy based on past performance (past performance investment
strategies). Recall that portfolio D1 (D10) invests in those funds with worse (better) performance
in the past and that higher efficiency scores correspond to worse performance (since we are
adopting an output orientation). If there were persistence in mutual fund performance, one
would expect the worst and the best funds to persist in their relative positions in the future.
Therefore, an investment strategy consisting of investing in the worst (best) funds in the past
should result in worse (better) performance.

In the case of order-m results, the first row in each panel of Table 5 reports the results for
SRI funds, for which performance improves from portfolio D1 to D10. This constitutes evidence
supporting performance persistence, since investing in the worst (best) funds in the past results
in worse (better) future performance—recall that the higher the efficiency score, the worse the
performance. This result is robust across the three tuning parameters considered (i.e. the three
panels). However, the p-values indicate that performance persistence is mostly significant (at
either 5% or 1% significance levels) for those portfolios investing in either the worst (deciles
D1 and D2) and the best (deciles D9 and D10) funds. For the other portfolios, results are
not always entirely coincidental for the three values of m and the strategy of investing in funds
whose performance is average (corresponding to the central deciles) does not result in significantly
different performance from that yielded by following random investment strategies.

Table 5 also provides results on performance persistence for Islamic funds (second row of each
panel). The pattern found is similar to that obtained for SRI funds, although the significance
is slightly worse. For the worst funds, corresponding to the D1 and D2 deciles, in the case of
m = 150, we find significance at the 10% level (although it reaches 5% in the case of D3). For
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either m = 25 or m = 75 significance is lost for D1, although it is better (5%) for D2. In the
opposite tail of the distribution (D9 and D10), investing in the best performing funds in the past,
results in the best future performance and this result is robust for the three tuning parameters.
Actually, in the case of m = 25 and m = 75 significance is also strong (1%) for D8. Therefore,
the results indicate that in the case of Islamic funds we also find persistence for both the best
and the worst funds—especially for the former. This constitutes completely new evidence, since
the empirical evidence available so far had not analysed the case of this particular type of fund.

Table 6 reports the order-α counterpart to the results reported in Table 5, for three values
of α. In the case of SRI funds, results are basically similar to those yielded by order-m. There
are some subtle differences, though, since the significant persistence obtained when investing in
those funds with worse past performance always affects a higher number of deciles—D1, D2, D3

are always significant at the 1% level and D4 are significant at the 5% level (for α = .9727 and
α = .9954) and D5 at the 10% level (although only for α = .9954). In the case of the best funds,
the portfolios in D9 and D10 show persistence, which implies that investing in the best funds
in the past results in better future performance and this result is significant and robust across
values of α.13

Table 6 also reports results for Islamic funds (second row of each panel). Results are similar
to those found for order-m, although we find some subtleties worth mentioning. The performance
of those portfolios which invest in the worst funds is generally worse than that obtained by those
which invest in the best ones, which should be interpreted as evidence of persistence. However,
similar to what we found for order-m in the case of Islamic funds (Table 5), the significance
for the worst funds is poor for some values of α (especially α = .9954). This implies that the
performance of those funds investing in the worst funds in the previous year could be barely
distinguished from that obtained when following strategies that invest randomly. In contrast, in
the case of the best funds, persistence is limited, since the pattern from decile D7 to decile D10

does not improve remarkably, although persistence is, in general, significant for both D9 and D10

and across α values (although in the case of α = .9954 it is only significant at the 10% level).
In sum, there is evidence supporting mutual fund performance persistence and this result is,

in general, robust to the technique chosen—order-m or order-α—as well as the tuning parameters
within each technique. In the case of Islamic mutual funds, the evidence supporting performance
persistence is slightly weaker, especially for order-α, but in the case of the best funds both SRI
and Islamic funds show strong persistence.

6. Conclusions

The development of mutual fund industries has motivated a large body of literature attempting
to measure mutual fund performance, which is a relevant issue for both investors and managers
due to its non-negligible impact on wealth. Although most of this literature has focused on
understanding mutual fund performance based on data from the past, future performance is also
a question of great concern. Therefore, both individual and institutional investors are particularly
interested in ascertaining those funds that will provide the best future results.

The particular variant of the mutual fund performance literature which has been analyzing this
and related questions is referred to as the literature on performance persistence, which generally
deals with the question of whether the relative performance of mutual funds persists from one
period to another. This is now a well-established body of research where a number of relevant
studies have been published, but the variety of results achieved (as to whether we may conclude

13However, in the case of D9 for α = .9954 (lower panel) it is not possible to determine the result due to the
high number of efficient funds (with an efficiency score of 1) in this category, which makes it impossible to rank
them and clustering them into two categories, so that finally all of them are classified into D10.
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if persistence actually exists or not) is also high, as documented in several studies.
Two other variants of the literature on mutual fund performance are those dealing with socially

responsible investment funds and Islamic funds, which are both growing at remarkable rates—
although the number of studies available for the former is still significantly higher than that for
the latter. However, the available studies analyzing performance persistence for these types of
funds are virtually non-existent. Although in the case of SRI funds some authors have dealt
indirectly with this issue, in the Islamic case there is no evidence yet.

In this paper we have proposed a recursive investment approach based on recently developed
frontier methods for filling this gap in the literature—i.e. analyzing the persistence for both
SRI and Islamic funds. Although these techniques do not dominate the finance literature, in the
particular case of mutual fund performance measurement they have several advantages, consisting
mainly of their ability to model several dimensions of performance, not necessarily restricted
to risk and return. These techniques have rarely been considered for analyzing mutual fund
performance persistence and even less if we extend this particular combination to the analysis of
either SRI or Islamic funds.

We consider this mix of methodologies, which had never been done before, is particularly
interesting for several reasons. First, the recursive investment approach we are proposing for
measuring performance has only rarely been used in the literature. We refine this method by
making it possible to ascertain whether the results are statistically significant or not. Second,
combining the recursive investment approach with the nonparametric estimators used in the
first stage also has some advantages since, given how easily nonparametric frontier estimators
accommodate different tuning parameters, conducting the analysis for several of these parameters
makes it possible to add robustness to the results obtained.

Our results indicate that performance persistence actually exists for some of the funds under
analysis. Specifically, both the past year’s winners and losers persisted in their rankings and for
both types of funds analyzed—although in the case of Islamic funds the results for the losers was
less clear. In addition, although the techniques employed in the paper lie within the general field
of nonparametric frontier techniques, they allowed for a variety of different specifications. Our
results were robust across most of them.

The results we obtain might be partly explained by the existence of constraints for the types
of funds under analysis which require a stronger effort from managers in order to select those
investments which, while meeting these constraints, contribute obtaining a better overall perfor-
mance for the fund. Actually, the previous literature showed that, in the aggregate, there are
no significant differences between SRI funds and conventional funds. This would imply that,
in general, managers are able to offset the effects of constraints on some particular investments
(which might be interesting due to its combination of risk and return) via a stronger effort in
selecting assets with good performance.

Therefore, due to the relevant role (in terms of value added) of the managers of constrained
funds, one might expect that the effect of their active management on performance will be higher.
Indeed, while in the case of conventional mutual funds the evidence of persistence is not conclusive,
our results for SRI funds do actually show persistence for both the best and the worst funds. In
other words, the increased performance yielded by this extra effort necessary for managing funds
with constraints is consistent and is repeated in the future—i.e. it persists. However, in the
case of the worst funds managers face more difficulties to add value to overcome the effects of
constraints and improve performance and this outcome also persists over time.

In the particular case of the Islamic funds, the evidence for the best funds is analogous to
that found for the SRI funds, i.e. their managers are interested in adding value, which also
persists over time. However, in the case of the worst funds this persistence is not mimicked,
which might be indicating that the relatively worse performance might not be driven by their
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active management but by other external factors such as the evolution of markets. In this respect,
recall that, opposite to the case of SRI funds (among which there are no funds investing in the
Middle East), in the case of Islamic funds there is a remarkable number of funds investing in this
region and these are precisely those with the worst relative performance.

Therefore, we consider our study has implications in several dimensions. From a methodologi-
cal point of view, it combines different fields of research which, as far as we know, had barely been
combined—i.e. the analysis of mutual fund performance persistence and efficiency estimation us-
ing nonparametric robust techniques. The results we obtain are relevant for other dimensions as
well (not only the academic community but also practitioners, investors and the market), since
we focus on particular types of funds (SRI and Islamic funds) whose performance persistence had
barely been studied. Our results show that, although last year’s performance only persists for
the best and worst funds, the result are significant and, in addition, robust across methodologies
(which was only possible due to the techniques used). This persistence is particularly important
in financial crises such as the one we are still in that broke in August 2007, during which many
investors might be more interested in funds whose performance is more stable. Although both
SRI and Islamic funds had always been thought of as being more stable than conventional funds,
our paper provides compelling evidence that this is actually the case only for the best and worst
funds. Financial stability would consequently be closer to what these types of funds offer com-
pared to conventional funds but, given the importance of this topic, some more research in the
field would be welcome in order to either reinforce or refute our findings. In-depth analysis of
the persistence of poor performers, coinciding with some of Carhart’s (1997) results, as he found
that “only the strong, persistent underperformance by the worst-return mutual funds remains
anomalous”.
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Table 1: Descriptive statistics for Islamic and SRI funds distributed by geographical area (2001–2011)

Panel A: Islamic equity mutual funds sample

Geographical
focusa

Number
%

Date
Age

(years)
Annual
expenses

Annual gross
return

Annual net
return

Std.dev.
annual net

return

Monthly net
returns

Average Median Average Median Skewness Kurtosis

East 51 77% 9.92 1.53% 10.45% 8.92% 9.15% 20.95% 20.35% –0.47 2.73
Middle 39 68% 7.83 1.69% 1.00% –0.69% 2.46% 31.59% 17.48% –1.00 4.89
West 19 82% 10.41 1.41% 7.93% 6.52% –0.85% 18.11% 28.16% –0.58 1.86
Global 29 86% 11.22 1.40% 3.70% 2.29% 5.22% 19.19% 18.29% –1.77 10.75

All funds 138 77% 9.67 1.53% 6.01% 4.48% 4.88% 23.20% 20.14% –0.91 4.91

Panel B: SRI equity mutual funds sample

Geographical
focusa

Number
%

Date
Age

(years)
Annual
expenses

Annual gross
return

Annual net
return

Std.dev.
annual net

return

Monthly net
returns

Average Median Average Median Skewness Kurtosis

East 73 75% 10.16 1.26% 13.94% 12.67% 13.20% 24.40% 24.95% –0.72 2.44
West 350 86% 12.40 0.89% 7.61% 6.71% 5.58% 22.05% 18.84% –0.86 3.70
Global 213 85% 10.70 1.32% 7.38% 6.06% 4.99% 20.19% 20.83% –0.87 4.84

All funds 636 84% 11.57 1.08% 8.26% 7.18% 5.84% 21.70% 20.57% –0.85 3.94

a East refers to the Pacific and Asia-Pacific area, Middle refers to Middle East, North Africa and GCC countries (Gulf Cooperation Council
countries, which include Bahrain, Kuwait, Oman, Qatar, Saudi Arabia and the United Arab Emirates), West refers to Europe and America,
and global does not have any particular area of reference.
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Table 2: Descriptive statistics for inputs and outputs, Islamic and SRI funds (2001–
2011)a

Class: Islamic Mean 1st quartile Median 3rd quartile Std.dev.

Outputs
Gross return (y1) 0.0051 0.0023 0.0054 0.0093 0.0075
Skewness (y2) –0.9166 –1.0763 –0.5727 –0.2446 1.4745

Inputs
Std.dev. (x1) 0.0664 0.0499 0.0575 0.0758 0.0280
Kurtosis (x2) 5.0176 0.6650 1.5104 3.5814 13.0013
Expenses (x3) 0.0153 0.0150 0.0150 0.0175 0.0048

Number of funds: 138

Class: SRI Mean 1st quartile Median 3rd quartile Std.dev.

Outputs
Gross return (y1) 0.0071 0.0035 0.0061 0.0100 0.0056
Skewness (y2) –0.8614 –1.0260 –0.8229 –0.5883 1.0122

Inputs
Std.dev. (x1) 0.0620 0.0519 0.0587 0.0687 0.0151
Kurtosis (x2) 4.0704 1.6535 2.5617 3.6268 7.9252
Expenses (x3) 0.0108 0.0050 0.0113 0.0150 0.0071

Number of funds: 636
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Table 3: Order-m efficiencies, mutual funds (2001–2010)

m = 25

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.2030 0.9559 1.0010 1.2536 0.7584

SRI 1.0643 0.9048 1.0000 1.1939 0.3547

Geographical focus

East 1.2139 0.9864 1.0829 1.3835 0.4475
West 1.0186 0.8614 0.9805 1.1343 0.3701

Middle 1.3252 0.9822 1.0000 1.3145 0.9889
Global 1.1061 0.9413 1.0475 1.2168 0.4272

All funds 1.0865 0.9139 1.0000 1.2004 0.4475

m = 75

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.3092 1 1.0724 1.3708 0.8741

SRI 1.1704 0.9919 1.0686 1.2870 0.3852

Geographical focus

East 1.3076 1.0000 1.1430 1.4955 0.5059
West 1.1301 0.9807 1.0000 1.2250 0.4057

Middle 1.4596 1.0000 1.0895 1.4641 1.1628
Global 1.2060 0.9999 1.1294 1.3073 0.4730

All funds 1.1926 0.9939 1.0692 1.2930 0.4995

m = 150

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.3580 1.0000 1.1116 1.4165 0.9296

SRI 1.2104 1.0000 1.0972 1.3317 0.4109

Geographical focus

East 1.3471 1.0000 1.1747 1.5609 0.5398
West 1.1680 0.9988 1.0175 1.2693 0.4339

Middle 1.5237 1.0000 1.1279 1.5168 1.2466
Global 1.2507 1.0000 1.1654 1.3552 0.4993

All funds 1.2340 1.0000 1.1002 1.3401 0.5320

Notes: the numbers represent descriptive statistics for the efficiency scores yielded by
order-m, and for three tuning parameters (m = 25, m = 75, m = 150). Since we are
adopting an output orientation, efficiencies closer to one indicate better performance
and if a given fund achieves an efficiency score of 1 it implies it is fully efficient (best
performance). Efficiency scores lower than 1 indicate that the unit under analysis is an
outlier.
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Table 4: Order-α efficiencies (maximizing), mutual funds (2001–2010)

α = .9727

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.2121 1.0000 1.0000 1.2430 0.7747

SRI 1.1170 0.9988 1.0393 1.2283 0.3627

Geographical focus

East 1.2308 1.0000 1.0983 1.3882 0.4473
West 1.0868 0.9802 1.0000 1.1955 0.3962

Middle 1.3393 1.0000 1.0000 1.3172 1.0167
Global 1.1265 0.9898 1.0534 1.2283 0.4336

All funds 1.1340 1.0000 1.0302 1.2305 0.4655

α = .9908

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.3221 1.0000 1.0869 1.3865 0.8775

SRI 1.2194 1.0000 1.1235 1.3408 0.4042

Geographical focus

East 1.3284 1.0000 1.1843 1.5217 0.5094
West 1.1896 1.0000 1.0802 1.2975 0.4441

Middle 1.4738 1.0000 1.1059 1.4856 1.1588
Global 1.2305 1.0000 1.1466 1.3333 0.4821

All funds 1.2378 1.0000 1.1190 1.3446 0.5229

α = .9954

Mean 1st quartile Median 3rd quartile Std.dev.

Fund classification
Islamic 1.3713 1.0000 1.1246 1.4412 0.9284

SRI 1.2603 1.0000 1.1604 1.3889 0.4408

Geographical focus

East 1.3678 1.0000 1.2000 1.6027 0.5501
West 1.2249 1.0000 1.1111 1.3437 0.4791

Middle 1.5368 1.0000 1.1541 1.5096 1.2481
Global 1.2808 1.0297 1.1891 1.3841 0.5132

All funds 1.2802 1.0000 1.1558 1.3933 0.5617

Notes: the numbers represent descriptive statistics for the efficiency scores yielded by
order-α, and for three tuning parameters (α = 0.90, α = 0.95, α = 0.99). Since we
are adopting an output orientation, efficiencies closer to one indicate better performance
and if a given fund achieves an efficiency score of 1 it implies it is fully efficient (best
performance). Efficiency scores lower than 1 indicate that the unit under analysis is an
outlier.
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Table 5: Persistence results, order-m

m = 25

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1492 1.1396 1.0197 1.0794 1.0807 1.0195 1.0010 0.9617 0.7547 0.6447
(p-value) (0.000) (0.000) (0.600) (0.008) (0.007) (0.398) (0.152) (0.005) (0.000) (0.000)

Islamic 1.0549 1.0959 1.0842 1.0273 1.0811 1.0203 0.9677 0.7156 0.8767 0.9072
(p-value) (0.170) (0.041) (0.060) (0.359) (0.070) (0.579) (0.142) (0.002) (0.006) (0.014)

m = 75

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1670 1.1105 1.0890 1.0637 1.0858 1.0280 0.9952 1.0377 0.8566 0.7325
(p-value) (0.000) (0.001) (0.014) (0.137) (0.020) (0.336) (0.028) (0.492) (0.000) (0.000)

Islamic 1.0811 1.1142 1.0999 1.0888 1.0634 0.9173 0.9731 0.9094 0.9584 0.9639
(p-value) (0.143) (0.048) (0.077) (0.111) (0.249) (0.002) (0.031) (0.002) (0.016) (0.021)

m = 150

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1730 1.1380 1.0661 1.0651 1.0493 1.0384 1.0262 1.0402 1.0000 0.8397
(p-value) (0.000) (0.000) (0.205) (0.219) (0.436) (0.388) (0.227) (0.417) (0.042) (0.000)

Islamic 1.1222 1.1306 1.1476 1.1102 1.0498 1.0882 1.0000 1.0503 0.9528 0.9691
(p-value) (0.070) (0.057) (0.032) (0.113) (0.415) (0.234) (0.056) (0.419) (0.003) (0.007)

26



Table 6: Persistence results, order-α

α = .9727

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1490 1.1328 1.1766 1.0654 1.0361 1.0282 1.0884 1.0000 0.9464 0.8924
(p-value) (0.001) (0.003) (0.000) (0.046) (0.273) (0.590) (0.983) (0.153) (0.001) (0.000)

Islamic 1.0438 1.0859 1.0587 1.0697 1.0000 1.0000 1.0089 0.9815 0.8624 0.9264
(p-value) (0.194) (0.050) (0.115) (0.086) (0.632) (0.405) (0.491) (0.195) (0.003) (0.018)

α = .9908

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1562 1.2384 1.1792 1.0686 1.0349 1.0124 0.9735 1.0518 1.0000 0.9550
(p-value) (0.020) (0.000) (0.005) (0.148) (0.532) (0.150) (0.001) (0.733) (0.046) (0.000)

Islamic 1.1046 1.1057 1.1074 1.0692 1.0684 1.0000 1.0000 – 1.0598 0.9257
(p-value) (0.070) (0.068) (0.064) (0.227) (0.232) (0.140) (0.140) – (0.694) (0.004)

α = .9954

Worst performance Best performance

Decile

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Ethical 1.1595 1.0994 1.0916 1.0716 1.0000 1.0441 0.9697 1.0150 – 0.9643
(p-value) (0.000) (0.002) (0.005) (0.048) (0.058) (0.358) (0.000) (0.176) – (0.000)

Islamic 1.1125 1.1048 1.0942 1.1003 1.0470 1.0506 1.0000 1.0000 1.0000 1.0014
(p-value) (0.101) (0.126) (0.171) (0.146) (0.435) (0.300) (0.075) (0.075) (0.075) (0.080)
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Figure 1: Evolution of the number of SRI funds vs. Islamic funds, 1989–2011
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