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1. Introduction

A critical issue in the area of portfolio perforncanevaluation is the choice of the appropriate
measure used to quantify risk. Different risk measuhave been developed and, consequently,
different risk-adjusted performance metrics carapplied to the evaluation of investment portfolios.
Besides well known risk-adjusted measures, downsgkeadjusted measures of performance can
also be used to evaluate investment portfolios.s Tiasises the issue of whether or not the
performance of investment funds is sensitive tgoidormance measure used.

The mean-variance paradigm of Markowitz (1952) Iee ttheoretical basis for the
development of the traditional framework establishe assess risk-adjusted portfolio performance.
The Sharpe (1966) ratio (SR) is probably the mogtortant representative of the set of classic risk-
adjusted measures of performance.

The limitations of mean-variance based models amoressequence of one of its major
assumptions: that returns are normally distributagd in a more general way, elliptically
symmetrically distributed. If returns do not folloan elliptically symmetric distribution, the use of
the mean-variance approach is questionable. Therefte assessment of performance in the context
of skewed distributions requires the use of nonddad measures to adjust for risk. The
development of a downside risk measurement framewas the natural answer to the problems
associated with the use of standard measures lofwigen distributions are skewed. Generally
speaking, downside risk measures focus on thenethat fall below a certain value, enabling us to
look at the tails of the distribution. Despite atigvious potential, there is still an ongoing debate
the literature on the usefulness of downside rislasares for performance evaluation purposes.

In the context of non-elliptical symmetry in retarrone might expect a lack of correlation
between performance ranks based on traditional dodnside measures of risk-adjusted
performance. However, recent research in this pregides evidence suggesting no impact of the

choice of a particular performance measure on Hrkings between alternative investments.
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Pfingsten et al. (2004) compared rank correlatifmisseveral risk measures on the basis of an
investment bank’s 1999 trading book and conclubdatdifferent measures result in largely identical
rankings. Eling and Schuhmacher (2005) also coedudr significant rank correlation between
different performance measures. Their study focoselsedge fund indices data from 1994 to 2003.
Finally, Eling and Schuhmacher (2007) analysedviddial hedge fund data instead of indices, but
the results were the same in the sense that idémdok ordering across hedge funds was clearly
identified. These authors conclude that despitaifstgnt deviations of hedge fund returns from a
normal distribution, the first two moments seemdescribe the distributions sufficiently well.
Similar results were also obtained by Eling (20@8)a large sample including different types of
funds (mutual funds, real estate funds, hedge futi@gs and CPOs).

Contrasting with these findings, Ornelas et al0@0and Zakamouline (2010) argue that the
choice of the performance measure does influereevhluation of investment funds. These authors
apply and test the equality of ranks based on akmerformance measures and both identify
significant differences for some of the measurepliegh Zakamouline (2010) emphasizes the
importance of the absolute value of the skewnesshenchoice of the performance measure by
demonstrating that the rank correlation betweerSth@pe ratio and other measures of performance
decreases as the absolute values of skewness kedogher. He also remarks that, even in the
presence of non-normally distributed returns, tise of alternative performance measures can
produce identical ranks. As the author explaingleWiations from normality are of the same kind
across all the return series under analysis, afsignt difference between performance ranks should
not be expected.

The main objective of this paper is to contribudetis debate by providing evidence on the
impact of using different risk measures to adjustfgrmance. For that purpose, different
performance measures will be computed on a dataf 4# investment trusts. The contributions of

this study in relation to the previous studieshiis area are fourfold. As far as we are awarehd,is
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the first study to investigate the impact of the o$ standard and downside risk-adjusted measures
of performance on the evaluation of UK investmeunsts.

Secondly, we provide a discussion on downside mglasures that can be used to evaluate
portfolio performance and suggest the use of ergestortfall (ES), given its desirable properties a
a measure of risk. There have been very few stuzhethe performance of investment portfolios
using ES.

Additionally, the value-at-risk (VaR) and ES mea&suof risk will be computed using a full
valuation method based on a filtered historicalutation (FHS) proceduréds far as we know,
performance ratios based on FHS estimates of VaRE&have never been empirically tested.

Finally, while most of previous studies rely on theplication of the Spearman rank
correlation test, we innovate by using several mmessof correlation, both parametric and non-
parametric, to assess the level of associationdsithe performance results. In order to claskiy t
strength of association reported by the estimatedsore of association, statistical inference based
on confidence intervals around the observed vauyserformed. To assess the level of association
between different performance measures, four ate measures are applied. The Pearson
correlation coefficient is applied in the contexXt the parametric approach. Additionally, two
alternative non-parametric measures of rank cdroelaare used: Spearman’s coefficient and
Kendall’s Tau. As an alternative to these rankeatation analysis, Cohen’s Kappa, a non-parametric
measure based on contingency table statisticisascamputed.

This paper is organized as follows. In Section 2digeuss the literature on downside risk
measures and its use in portfolio performance ewiao. In Section 3 we describe the methodology
used to assess fund performance and estimate eakures. Section 4 focuses on the data and on the
empirical properties of the UK investment trustuuratseries. Section 5 provides and discusses the
empirical results. Section 6 presents the analyased on simulated return series. Finally, secion

summarises the main results and presents someudomgiremarks.



2. Literature Review

Based on the mean-variance approach, the well krioaditional measures of performance
(Jensen, 1968; Sharpe, 1966; and Treynor, 1965kitiser the standard deviation or beta as risk
measures. These measures are quite similar andr aadain market conditions, produce rankings
of portfolios that are not significantly differeffom each other. The use of traditional measures of
performance is fully justified under the assumptadrelliptically symmetric distributed returns and
hold for any well-behaved utility function (see ldmsman and NeSlehova, 2008)

However, the SR can lead to misleading concluswanen returns are significantly skewed
(Bernardo and Ledoit, 2000). It is a well knowntf#lzat investors have a preference for positive
skewness, which means that upside risk is lessriiamtoto investors than downside risk. If only the
first and second moments are assessed, the ndgakesved returns will generate the appearance of
outperformance. Hence, asymmetric distributionsuireqalternative evaluation approaches that
integrate higher moments of the distribution beythredfirst and second moments.

When dealing with asymmetric empirical return dmitions, downside measures of risk
provide an alternative framework to assess riskusdfl performance. The issue is whether
performance evaluation results based on these mesaame different from those obtained in the
context of the mean-variance paradigm.

Pedersen and Rudholm-Alfvin (2003), using equitynre data from global financial services
institutions and UK micro-firms, compare a SR-basaaking with other alternatives that assess
performance by using downside risk-adjusted measub@plying Jarque-Bera tests and rank
correlation analysis, they concluded that, for sytria distributions of returns, there is a high
correlation (80% in some cases) between the raskingt result from the application of different
measures of performance. On the other hand, wreediglribution of returns is asymmetric, there is

a significant absence of consistency in the measeme of performance, with the rank correlations
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dropping below 5% in some cases. These resultsosuppe use of alternative performance

evaluation framework when a departure from ellgdt&ymmetry in the series of returns is identified.
Later, Eling and Schuhmacher (2005, 2007) compé#nedSR with other downside risk-adjusted

measures of performance. Their results, basede8pearman rank correlation coefficient, indicate
that the choice of the performance measure doesaffiett the rankings of hedge funds. These
findings are somewhat surprising, considering thedge fund returns differ significantly from a

normal distribution. Eling (2008) obtain the samgeet of evidence not only for hedge funds but also
for mutual funds.

More recently, Zakamouline (2010) recognizing theé conclusions from Eling and
Schuhmacher (2007) and Eling (2008) are rather lpugzgives further explanations for these
findings. He argues that in order to produce chiifierences in rankings, investment funds must
exhibit distinctly different return probability dr#utions. Even when returns are non-normally
distributed, the differences in performance migbt be significant if the probability distribution
exhibits the same kind of deviation from normaliurthermore, Zakamouline (2010) demonstrates
that the rank correlation of other measures ofquerdnce with the SR decreases as funds present
higher absolute values of skewness.

Critics of volatility have proposed alternative apgiches to assess risk when basic underlying
assumptions, like the symmetry of the distributiminthe returns, do not hold. Downside risk
measures are a way to overcome these limitatiorntid paper, downside risk-adjusted performance
measures include lower partial moments (LPM) messsof performance, such as the Sortino ratio
(Sortino and Price, 1994) as well as performancasmes using value-at-risk (VaR) and expected

shortfall (ES).



The Sortino ratio, developed by Sortino and Prit@4) was, at first, largely criticised for
not being derived in the context of a market eftiilim theory* However, Pedersen and Satchell
(2002) added further motivation for the use of 8wetino ratio in a modified version using the risk
return as the target return. As Pedersen and S&a{2002) remark, this modified Sortino ratio is
equivalent to the Sharpe ratio, except that stahdaviation has been replaced by the semi-standard
deviation in the denominator. The authors supgartuse of the modified Sortino ratio by placing it
on a relevant theoretical foundation and by disogsis relative qualities in contrast with altetina
approaches to assess performance. Moreover, PedardesSatchell (2002) have shown that there is
a utility-based one-period CAPM that promotes tke af the Sortino ratio, just like the traditional
CAPM promotes the use of SR.

Throughout the years, VaR has become a standarduneeaf risk and has been receiving
increasing attention by academics. Alexander angti&a (2003) and, more recently, Eling and
Schuhmacher (2007) recommend the use of a VaR-basegdure of performance that is closely
related to the SR. In the particular context ofdeedunds, Eling and Schuhmacher (2007) assess
performance on the basis of VaR by applying a perémce ratio that explicitly measures the excess
return on VaR (ERVaR).

Under the assumption of elliptically symmetric dissitions (with a mean equal or very close
to zero) the proposed VaR-based measure of perfam@nproduces the same portfolio rankings as
the SR. In the specific context of non-ellipticadlymmetric distributed returns, the portfolio witte
highest ERVaR ratio may not be the portfolio whie highest SR.

VaR presents several shortcomings. The most obwbogcoming with respect to VaR is its

threshold character. Basak and Shapiro (2001) ghatvVaR investors often optimally choose a

! Leland (1999), for instance, states that the Bortatio is arad hoc attempt to recognize the greater importance of
downside risk.



larger exposure to risky assets than non-VaR inovgsand consequently incur larger losses, when
they occur. This is a direct consequence of thbilityaof VaR to penalize a potentially very large
loss more than a large loss. This is particulariiical when dealing with non-normal heavy tailed
distributions. In this context, the probability @flarge loss is non-negligible and a risk meashae t
truly penalizes large losses is needed. By disdigarthe loss beyond the quantile of the underlying
distribution, VaR disregards the risk of extremesikes in the tail of the underlying distribution.

An alternative measure to VaR is expected shortieH). Unlike VaR, ES has the desirable
property of focusing on the size of the loss andunst on the frequency of losses.

The origins of ES can be traced down to Artznegrlet(1999), who have formalized an
alternative measure of risk that they called taihditional expectation. Bertsimas et al. (2004),
define ES as being the average of VaRs for alll¢elbelowa . Consider a sample af returns. In
order to estimate ES the sample of returns mustobed in increasing ordé&; < R, < --- < Ry.
The ES natural estimator is the average of thé di¥6, represented by the firét outcomes (where

k = [aT]),

k
1
i=1
The above equation represents a natural non-paiamastimator of ES. It does not rely on
any kind of distributional assumptions with respiecportfolio returns and therefore this definition
of ES is valid for general distributions.
Artzner et al. (1999) defined an axiomatic methodglto characterize desirable properties
for risk measures and they named risk measuressttatfied their axioms as coherent. ES is

generally proposed in the literature as a coheraasure of risk in the sense of Artzner et al. §199



and a superior alternative to the industry stand&® (Yamai and Yoshiba, 2002Despite all the
positive features of ES as a measure of risk, € hat been fully exploited for performance

evaluation purposes.

3. Methodology
3.1. Performance ratios

Different measures of risk-adjusted performancecamsidered for empirical computation,
namely the Sharpe ratio (SR) and three downsit#teadgusted measures of performance: the Sortino
ratio, Excess return on VaR and Excess return onTeScompute the risk-adjusted performance
ratios, four different risk measures are used:dstethdeviation, lower partial moments (LPM), VaR
and ES.

For each portfoliop under evaluation, based on estimated values frasanaple of daily
returnsk, , ..., R, the SR (Sharpe, 1966) is computed as:

R,—R
SR, =2 7L, )

Sp

whereR,, is the average daily return estimated for thefpliot over the sample period of analysis,
Ry is the average risk-free rate of return a,@ Is the estimated standard deviation of the sample
of portfolio daily returns.

The version of the Sortino ratio that will be usedempirical application purposes is the one

suggested by Pedersen and Satchell (2002), whpresents the ratio between excess return and

semi-standard deviation, as follows:

2 VaR is not a coherent risk measure because, foehiptically symmetrically distributed returns,dlearly violates the
axiom of sub-additivity presented by Artzner et(4D99).
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R, - R,

SSD,

®3)

S ortino, =

whereSSD,, represents the usual definition of the semi-sdahdieviation estimated for the sample
of portfolio daily returns.

The excess return on VaR ratio (ERVaR) is a peréorre ratio quite similar to the SR. The
main innovation is that VaR takes the place of ddadh deviation as the selected measure of risk
used to adjust the excess return of the portfdliee ERVaR is the ratio between excess return and

VaR:

ERVaR, = ———, (4)

whereVaR,, , is the estimated value-at-risk (based on a sawipteturns) of the risky portfolip

with the probabilityx.
Alternatively to the use of VaR as a risk measaradjust the excess returns of the portfolio,
the ES can be applied. The excess return on ES SER&responds to the ratio between excess

return and ES.

R —
ERES, = —— L (5)
a,p

Whereb/“?a,p is the estimated (from a sample of returns) exgaeshortfall of the risky portfolip, if

the portfolio returns drop below itsquantile.

The ratio used in this paper represents a morergleversion of the stable tail adjusted return
ratio (STARR) introduced by Martin et al. (2003).dur paper, excess returns on ES are defined in
the context of general loss distributions and threation of ES is therefore not restricted to the
assumption of stable returns distributions. Apestrf this, the definition of STARR and the excess
return on ES coincide. The empirical charactesstt the return series under investigation do not

recommend the use of an ES estimator under a pararfmamework. Therefore, the non-parametric
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estimator of the ES proposed by Bertsimas et 8D4Ris used, as it does not rely on any restectiv

assumption about the functional form of the emplraistribution of returns.

3.2. The computation of VaR and ES

While VaR is conceptually simple and flexible, #éaR figures to be useful they also need to
be reasonably accurate. VaR is just an estimat@,itsnusefulness is directly dependent on its
precision.

Besides skewness, financial time series often éxlother types of distortions from
normality, like fat tails. Focusing on the non-naitity properties of the financial time series, some
analytical non-normal approaches to compute VaRl nede adopted. A commonly used approach
to account for the non-normality in the return dlttion consists on the use of the Cornish-Fisher
expansion (Cornish and Fisher, 1937) to estimat®/Zhis approach makes use of certain
additional parameters to allow for the fat tailsseewness and it was first introduced by Zangari
(1996) to estimate parametric VaR of portfoliosttieclude options. The Cornish-Fisher VaR
(CFVaR), also known as Modified VaR (MVaR), is astimator for VaR that estimates the true,
unknown quantile function by its second order Csltrfrisher expansion around the Normal quantile
function. The skewness and the kurtosis of the sogbidistribution of the portfolio returns are
incorporated in the estimation of the parametriR\&pproximated by the application of the Cornish-
Fisher expansion (Zangari, 1996) as follows:

CFVaR, ., = _(ﬂ + Za—vo-)l (6)

3 Favre and Galeano (2002), Amenc et al. (2003) aneyi® and Amvella (2006) are some of the authoss tsed
CFVaR in their studies
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where u is the meang is the standard deviation of the portfolio retuarsd Z,_,, is the (a —
v)quantile of the standard normal distribution and the adjustment provided by the Cornish-Fisher

expansion,
1 2 1 3 1 3 2
V= E(Z“ —1)SK + 4 (Zz; —3Z,)E — 36 (2Z; —5Z,)SK?, (7)

whereSK is the skewness aritlis the excess kurtosis of the series of portfainims.

The Cornish-Fisher expansion presented above iatequ(6) might not be reliable as an
approximation of certain distributions that depsignificantly from normality. In fact, in some
situations the use of fully parametric methodsdmpute VaR might be inadequate. In such a case,
an alternative method is required to estimate the émpirical portfolio return distribution in orde
to compute VaR.

More recently, a new methodology has been develop#t literature to compute both VaR
and ES. This new method successfully combines trapfsng techniques with the use of parametric
models and is generally known as Filtered Histbr&iaulation (FSH). FHS was first proposed by
Barone-Adesi et al. (1999). Under FHS the bootspageess is applied to the residuals of a time
series model (usually a GARCH-type model) used afBlter to extract autocorrelation and
heteroscedasticity from the historical time sewégeturns. Despite being numerically intensive,
FHS is quite simple to apply and as a result fagger to implement than several more sophisticated
methods. According to Hartz et al. (2006) FHS soalumerically extremely reliable.

By being free of any distributional assumptiongrétation to the behaviour of the returns,
FHS has a great flexibility in capturing all the@ncal properties of the time series of returnslem
analysis, including skewness and kurtosis. Basely @m the assumption of uncorrelated
standardized residuals from an appropriate timeesenodel, the use of the bootstrap resampling
algorithm allows a computationally simple and felsimethod to approximate the unknown return

empirical distribution. Under FHS a bootstrap skengenerally denoted by*, of any sizeM, is
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generated. Based on this bootstrap sample, teeefithistorical simulated VaR and ES estimates can
be easily obtained. VaR, under FHS, correspondseta quantile of the bootstrap sample generated
under FHS,
VaRpysa = —qar* (8)
To obtain ES under FHS the bootstrapped returnst fesranked in increasing order:
R; <R, <-- < Ry. The ES is the average of the fitgk returns in the sample of bootstrapped

returns, represented by the filst= [aM] outcomes withM being the size of the bootstrap sample,

K
1
ESpnsa = —7 ) Ry ©
i=1

In this paper, the performance of UK investmenstsuwill be assessed using these non-
parametric VaR and ES8stimators. By combining a non-parametric bootspeagcedure with a
parametric modeling of the time series under aimglyge are able to considerably improve the

quality of the VaR and ES estimafes.

4. Data

A sample of 109 UK investment trusts, alive on 81" of March of 2006, is analysed.
Investment trusts classified by the Associationlrofestment Trust Companies (AITC) as split
capital trusts were excluded because of their daaire> Given that the VaR and ES are estimated

using FHS, a ten year series was defined as themunin acceptable period of analysis. Daily

* Baroni-Adesi et al. (1999), Pritsker (2001) arii&uester et al. (2005), compare the performarideHS with other
parametric and non-parametric methodologies ineftematation of VaR and conclude in favour of thpesiority of

FHS. Additionally, Giannopoulos and Turanu (2008g aalso Harmantzis et al. (2006) demonstrate hov® feidn

provide an improved methodology to compute ES. Taegue that while resampling methods (such as F&) in

general, numerically intensive, they are quite $&p implement. Hence, it is faster to estimatd&k\Mand ES with FHS
than with other more sophisticated models. In @aidit-HS is also numerically reliable (Hartz et2006).

® In this specific kind of trusts, capital and ina@shares are common.
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continuously compounded returns for each fund, ¢iwerperiod March 1996 to March 2006, were
computed using price information available on Dé&ésn.

As one of the objectives of this research is alscanalyse the position of a particular
investment trust in relation to the market, the ETSLL-SHARE INDEX is used to proxy the
market for benchmarking purposes. As a proxy ferrisk free rate, the UK Interbank Overnight-
Offered rate is used. Daily data for the benchnzart for the risk-free rate was also collected from
DataStream.

A preliminary analysis on the empirical propertigsthe time series was perform&dhis
analysis was carried out to allow some conclusammshe distributional patterns of the data. For all
trusts, the skewness is different from zero, widohstitutes a first indication that all the serzes
non-symmetric. Only 7 trusts (approximately 6,4%)ibit positive skewness. For the great majority
of the trusts (approximately 93,6%), the valueh&f skewness is negative. In addition, the value of
the kurtosis is always greater than 3. For alltsrughe application of the Jarque-Bera ‘tesearly
rejects, for a confidence level of 99%, the hypsihehat the return data series are normally
distributed. To further investigate the source af+mormality, the Jarque-Bera test was split itdo i
skewness and kurtosis components and the componerggested separately. Only 10 trusts exhibit
skewness values that are not statistically diffefesm zero. For the remaining trusts, skewness is
statistically different from zero, indicating th#te empirical series of returns are in general
significantly (negative) skewed.

In addition, the hypotheses of independent retamm$ homoscedasticity were also tested.
Though independence has broader implications,dbesf of this paper is on whether or not returns
are uncorrelated. The Box-Pierce Q-Statistic wasprded, as well as Engle’s LM test. The results

for the Box-Pierce statistics indicate the presesfcgerial correlation for a 95% level of confidenc

6 Although not presented here, the table with thegeds is available from the authors upon request.

’ The results for the normality test as well as faoaorrelation and heteroscedasticity are alsdaai upon request.
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When applied to the squared returns, the Box-Pi€)eBtatistic can provide evidence for the
existence of heteroscedasticity. The null hypothedi homoscedasticity was rejected, with no
exception. Finally, the application of Engle’s Lbbt to the squared returns gave further support to
the existence of ARCH effects. With respect to lalk one fund, the test detected significant

autocorrelations for the'? 5" and 18'lag, at a 95% confidence level.

5. Empirical Results
5.1. The selection of the appropriate volatility model to estimate VaR and ES

The first step to the implementation of the FHShondblogy (to estimate both VaR and ES)
consists of a meticulous process of model fittimgelect an appropriate volatility model. To ensure
the validity of FHS, the model selected to be uasda filter must necessarily pass the residual
diagnostic tests for serial correlation and hetmrdasticity. Highly skewed and leptokurtic non-
normal daily returns and a strong phenomenon afcautelation and heteroscedasticity are the main
empirical properties of the data. Therefore, itigcial to adopt a volatility model that properly
deals with these empirical characteristics. Fos thurpose several GARCH-type models were
estimated. Letting m = 0,1,2,3 and n = 0,1,2,3, a set of ARMN) models, combined with
alternative GARCH-type specifications for the vaga equation were estimated with respect to each
investment trust.Alternative GARCH-type specifications were estiethaind tested: GARCH (1,1);
GARCH (1,1)-in-mean; GJR (1,1) and GJR (1,1)-in-mea

From the total set of 64 estimated models for éanh series under analysis, the best fitted
model was selected. The first step for the seleadiothe best model for each fund is to perform a

diagnostic check on the residuals for remainingakesorrelation effects and also remaining

8 The GARCH-type models were estimated using the mami likelihood (ML) approach according to the quasi
Newton method of Broyden, Fletcher, Goldfarb andr8te. The results were obtained using Ox versid0 4see
Doornik, 2007).

® For the estimation of the models the non-negatiavitd stationary conditions defined in the literatwere considered.
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heteroscedasticity. For each fund, only the models that passed simetiusly all the diagnostic
checks (at a 95% confidence leVklwere considered robust candidates to be selextatie best
model. Next, considering the set of robust modetsefich fund, the Akaike Information Criterion
(AIC) and Schwarz Information Criterion (SIC) warsed in the comparison of the models and the
final model selection was done by choosing the hatich generates the lowest AIC and/or EIC
For the great majority of the trusts under anajyie fitted best model has an asymmetric

specification for the variance equation. Table dspnts these results.

[Insert Table 1 here]

5.2. The performance of UK investment trusts

The resultdor the different risk-adjusted measures of performancepaesented in table 2:
Sharpe ratio (SR), Sortino ratio, excess returnvalue-at-risk (ERVaR) and excess return on
expected shortfall (ERES). Two alternative versiofghe excess return on VaR are computed.
Firstly, the VaR is estimated using the CornisHiErsapproximation (CFVaR). Secondly, the VaR

(as well as ES) is estimated using the FHS méthod

19 The well known Box-Pierce test was applied to ttendardized residuals in order to investigate tresgnce of
remaining serial correlation effects. When apptiethe squared standardized residuals, the Box@iesst can give us a
first indication of the correct specification of ethvariance equation by not rejecting the null higpets of
homoscedasticity. Additionally, the presence of agimg ARCH effects was investigated by the appiica of the
Engles’s LM test and the Residual Based Diagn¢R&D) of Tse (2002).

1 By using a confidence level of 95% instead of 99&ocare being more conservative on the selectioheobest model.

12 For those cases in which the AIC and the SIC dosetect the same model, a log-likelihood ratid (€RT) was

applied to assess the statistical significancenefdifference. In the case that the models selduyeithe two different
adopted selection criteria are significantly diffiet, according to the results provided by the aptibn of the LRT, the
model selected by the AIC was used as it is consitl® be superior in terms of fit improvement. &thise, the simpler
model was chosen and parsimony is ensured.

1370 obtain the 99% confidence level iaRand E$ys estimates of 100000 pseudo returns were geneitatedgh
the implementation of a bootstrap (with replacemgmbcedure based on the residuals of the GARCld-typdel
previously fitted for each of the investment trustssidered
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[Insert Table 2 here]

Among the five performance ratios, excess returrCéivaR presents the lowest mean and
standard deviation. The mean and standard deviat®mronsiderably higher for the Sortino ratio in
comparison to any of the other performance rat@ssicered. Performance ratios based on CFVaR,
VaR and ES exhibit a lower standard deviation (et as a lower mean) in relation to the SR. The
magnitudes of the standard deviation differ corrsidly between the Sortino Ratio and the other
metrics.

Performance rankings are also constructed for ehtiese measures. Table 3 presents these

rankings.

[Insert Table 3 here]

Considering our sample of trusts, the positionhef benchmark varies from 68 (according to
Excess Return on CFVaR) to 73 (according to Sh&aeo). This means that by changing the
performance measure used from the Excess Retu@FdaR to the Sharpe Ratio there are 5 trusts
that change from being underperformers to beahegnarket. It should be noticed that only Excess
Return on VaR and Excess Return on ES generasathe rank order for the benchmark

As reported in table 4, the percentage of fundh wie same rank order according to the use

of two different measures of performance is 10%awerage.

[Insert Table 4 here]

This ranges from 5% (Sortineersus Excess Return on ES and Excess Return on CRxedrs

Excess Return on ES) to 30% (Excess Return onwéedrs Excess Return on ES). Not surprisingly,
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the pair of performance measures Excess Return aR Wrsus Excess Return on ES exhibits
systematically and by far the highest percentagegaélity in ranks.

With respect to each performance ratio the top &iwel bottom five rankings were also
analysed. The number of changes in the top/botiteenrbinkings was tracked across the different

pairs of performance measures. Table 5 summahsea®sults for this analysis.

[Insert Table 5 here]

On average, 42% of the trusts change in the top fanking based on the use of alternative
performance measures. The bottom five ranking igensiable across the different pairs of
performance measures. In fact, the percentageustistthat change in the top five is always higher
than the percentage of trusts that change in thierhdive ranking.
In sum, this preliminary analysis of performanceksabased on alternative measures shows some
rank changes that may not be neglected by investors

Next, several statistical tests, will be appliedarder to assess the level of association

between different performance measures.

5.3. Association between different performance measures

To assess the level of association between thereiff performance measures and performance
rankings, both parametric and non-parametric amhes are used. A total of four alternative
measures of correlation are applied. We aim tostigate not the lack or perfect association but the
intensity of the association between the measurpsriormance. Therefore, statistical inferencd wil
be performed on the basis of confidence intervaaral the observed value.

For each measure of correlation, generally denloygd the theoretical values for perfect association

and lack of association are defined respectively as1 and p = 0. The observed value of the
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association, has no constraint with respect 4o but must satisfyp < p. Additionally consider
different threshold level§;,i = 1, ..., k ranked by their intensity of associatign< 6, < 8, < -+ <

0, < p. A one-sided confidence interval belgw, with a confidence level ap, can be computed

and denoted by,,. The hypothesis that exhibits at least the intensity of associatiorr&gwonding
to 6; if 6; = Ly, cannot be rejected Hr[p < Lw] = 1. Obviously, the perfect association and the
lack of association hypotheses will not be rejedtgd> Ly, and p < Uy, with Uy, denoting the one-

sided upper interval.

Under the parametric approach and in order to meashe level of correlation between
alternative performance ratios, Pearson’s coraatobefficient is applied. Under the non-parametric
approach we first consider the rankings producedthgy performance measures and test their
association using two different rank correlatiomféicients: Spearman’s coefficient, denoteddyy
and Kendall's Tau coefficient, denoted py. In addition, and to complete our non-parametric
approach, we apply a test based on contingencg #dhtistics. Cohen (1960) introduced the kappa
statistic, denoted by,, which is an appropriate measure to assess theomtance of judgements
made by different raters as it aims to measurgtbportion of matching pairs in the table thata$ n
merely due to chance. In our paper, the ratersharelifferent performance measures appfietihe
lower bound for one-sided confidence interval fmh€n’s kappa is computed according to Fleiss
(1971).

In order to classify the levels of association ot#d for the alternative performance

measures, we follow the approach of Hibner (200iFo defines a scale that is based on a

14 In order to build the contingency tables we firabk funds on performance and identify the mediamds with
performance above the median are classified as &8n(\W) and funds with performance below the mediam
classified as Losers (L). Comparing the resultdwad alternative performance measures, funds arssified in four
categories: The funds that are Winners or Loseirsgusoth measures of performance are classifieVds and LL,
respectively. The funds that are winners underammtlosers under the other ranking are denoted byaid LW.
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refinement of the work of Landis and Koch (1977j}iginally, Landis and Koch (1977) propose a
scale to assess the strength of association betweestatistics based on 5 levels of strenght:Hlig

(SL), Fair (F), Moderate (M), Substantial (SB) akdhost Perfect (AP). Later Hibner (2007) splits
the intervals that define the strength of assamaturther in lengths of 0.1 and defines 10 lew#ls

association that range from Slight-lower range }Sto Almost Perfect-upper range (AP+).
Whenever the association statistic is negativdebel of association is classified as Poor (P).l&@ab
6 describes in detail the scale that will be ugedsisess the level of association between perfa®nan

measures.

[Insert Table 6 here]

The results of the correlation analysis are sunsedrin tables 7 and 8. Table 7 shows the
results on the Pearson correlation coefficient avitidble 8 presents the results on the Spearman,

Kendall Tau and Cohen Kappa coefficients.

[Insert Table 7 and 8 here]

In general, the correlation valugs) @nd their lower bounds, with a one-sided confageat
5% level, are more conservative when we considgarametric measure than when we consider
non-parametric measures.

As can be observed in Table 7, when the Pearsaelabon coefficient is used we obtain
considerably high values and a strength of assoniainging from SB- to AP+.

Results on the non-parametric measures, reportélhlote 8, indicate that whatever non-
parametric measure is considered, the correlatadneg and their respective lower bounds are also

high. In particular, for the Spearman rank correfatoefficient, which is by far the most frequentl
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used measure in previous studies, all the coroslatialues are very high (superior to 0.90),
indicating a AP+ level of association between maisthe risk-adjusted performance measures.
However, the correlation values decreases wheKeneall Tau statistic is used. In a few cases, the
Cohen’s kappa coefficients are even lower. Nevéefise the level of association can still be
considered high, ranging from SB- to AP+. Theseifigs suggest that it makes little difference to
use either the traditional SR or any of the dowasidk-adjusted performance measure suggested
(Sortino ratio, ERCFVaR, ERVaR or ERES).

In summary, we find some differences in the stremgtthe association between performance
results and rankings, depending on the measureighaed. Pearson’s correlation coefficient and
Spearman’s rank correlation coefficient indicateaémost perfect association between the Sharpe
ratio and the downside risk-adjusted performancasmes. Taking as reference the results on the
Kendall Tau and the Cohen’s Kappa, the level ob@ason between the different performance
measures declines.

Our results based on the Spearman rank correlatefficient are thus similar to previous
findings. In fact, these results support the hypsit that the choice of the performance measure
does not have a significant impact on the relagvaluation of investment trusts, even in the
presence of empirical distributions that exhibibgtty) significant negative skewness. This type of
evidence is somewhat puzzling as it is well knohat the performance measures used (traditional
and downside risk-adjusted) are theoretically \disginct. As mentioned previously, under the SR a
normal distribution is assumed for the return dsition and only the first two moments are
considered. By contrast, excess return on VaR awdss return on ES (in the context of FHS
methodology) do not rely on any distributional asption and therefore the asymmetry (or even the
fat tails) of the empirical distribution are takieto account.

As pointed out by Zakamouline (2010), a possiblglaxation for this result is the fact that

although the investment trusts of our sample ekkidviations from normality, those deviations are
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not much different across funds. Our empirical tisexies of returns significantly depart from

normality and that is mainly driven by (mostly) aéige skewness and excess kurtosis. However, the
standard deviation of the skewness across our saofifilinds is only of 0.5. It would therefore be of

interest to investigate whether a higher variapitift skewness (and kurtosis) across funds would
produce different conclusions in terms of the asgimn between performance measures. To explore
this issue, a simulation exercise is implementedrter to generate new series of returns. The
analysis of the association between performanckings and measures is then repeated using the

simulated series of returns.

6. Simulation analysis

A sample of 110 return series was simulated in sumaip that the average returns and the
standard deviation of the returns are similar tosample of UK investment trusts, but the standard
deviation of the skewness and kurtosis of thosgrmeseries is much larger. For each return series,
100000 observations are simulated from a skewéitnéndez and Steel, 2000) distribution (the
shape parameter is random). This creates a sanmgleethe dispersion of the skewness and kurtosis
parameters is much larger than in the empiricalpgamf UK investment trust funds. The descriptive
statistics of the sampled simulated returns andgdneple of actual fund returns are presented ie tab

9.

[Insert Table 9 here]

The dispersion of the skewness of UK investmergtsrueturns is small (standard deviation
of 0.5) ranging from -2.38 to 1.35, whereas thenddad deviation of skewness from the 110
simulated return series is around 3, ranging fr8B7 to 6.65. The difference in the dispersion of

the kurtosis between the two samples is even larger
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Using this sample of simulated return series, wapae the same risk-adjusted performance
measures as before and repeat the correlation semdty assess the level of association between
them. Tables 10 and 11 report the results obtdimethe parametric and non-parametric correlation

tests, respectively.

[Insert Table 10 and 11 here]

The results show that in the case of the ERCFVa&cbrrelation values are very low. This
is observed for all the association measures. Hewdhese results might not be reliable given the
extremely high values of excess kurtosis. As reetty Mina and Ulmer (1989), when dealing
with extremely sharp distributions, the CornishHeis expansion may not be accurate and a non-
parametric method is recommended to estimate VaRagcuracy.

In relation to the other performance measuresaliothe correlation measures, the observed
values and the corresponding lower bounds showthigatorrelations between the Sharpe ratio and
the downside risk-adjusted measures are now lomigle those between the downside risk-adjusted
performance measures are slightly higher. Notwathding, we observe that in the case of the
Spearman rank correlation coefficient, the Kendall and the Pearson correlation coefficient, the
level of association continues to be high, varymagn AP- to SB- (not considering the ERCFVaR).
It is with Cohen’s kappa that we observe the miggtificant differences from the results in the
previous section. The lower bounds of the corretativalues of the Sharpe ratio with the downside
risk-adjusted performance measures (excluding tREE/aR) are now between 0.45 and 0.50,
which corresponds to a M- level of association. @arad with the results obtained with our sample
of UK investment trusts (with lower bounds for tberelations values superior to 0.71), we may
conclude that the choice of performance measurs idfleence the relative evaluation of investment

portfolios. These results suggest that Cohen’s Happ comparison to the most frequently used
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correlation coefficients (Spearman’s coefficientl dendall’'s Tau), seems to be a more appropriate

statistic test to capture differences between p@doce rankings.

7. Concluding remarks

Traditional measures of performance can producgebiastimates of fund managers abilities
when returns are not elliptically symmetric distriedd. Indeed, when dealing with highly negative
skewed returns, it is expected that downside rigasures can be superior risk estimators. As a
consequence, downside risk-adjusted measures trp@ance are considered, from a theoretical
point of view, more accurate.

The purpose of this paper was to empirically aralifee impact on fund performance evaluation
results from the use of traditional versus downgsidk-adjusted performance measures. Different
performance measures were computed for a dataf $¢K anvestment trusts. The time series of

returns from UK investment trusts exhibit signifitanegative skewness, a characteristic that is
relevant for the use of downside risk-adjusted messof performance. In this case, a significant
impact on performance assessment based on traditiersus downside risk-adjusted performance

was expected.

The Sharpe ratio assumes that the returns follewrenal distribution. In contrast, our VaR
and Expected Shortfall estimates were computedherbasis of FHS, which is a distribution-free
methodology and therefore particularly suitablecapture any empirical properties of the data.
Considering the characteristics of our data (high@nificant negative skewed returns), a relatively
low level of association was expected between tharf® ratio and the downside risk-adjusted
measures of performance.

A preliminary analysis of the performance resultgeialed some differences between ranks,
depending on the performance measure that is apfliese differences between performance ranks

are reflected either in the number of funds thatemperform/outperform the benchmark, the number
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of funds that maintain an equal order across ra@skiand the number of changes in the five
top/bottom performing funds.

A further analysis, consisting in the applicatioh four alternative statistical tests was
performed, in order to assess the level of assonidietween the performance measures. Both a
parametric and non-parametric approaches were uisdtie context of the parametric approach,
Pearson’s correlation was computed. Under the moarpetric approach, two rank correlation
coefficients were applied: Spearman’s coefficierd Kendall’'s Tau coefficient. As an alternative
non-parametric measure of association, the Coh€appa statistic, based on contingency tables,
was used.

With respect to the empirical dataset of UK investintrusts, the results are generally in
favour of a substantial or almost perfect assamathetween the Sharpe ratio and the proposed
downside risk-adjusted measures of performances fiilndings might be explained by the level of
variability of the skewness (and kurtosis) acraswf. To test this, a simulated data set, with elmu
higher variability of skewness (and kurtosis) asrusxds, was generated. For the simulated series of
returns, the level of association between the diffemeasures of performance drops substantially.
In fact, for the simulated data, the results bagedCohen’s Kappa indicate moderate levels of
association between the Sharpe ratio and all tinside risk-adjusted measures of performance. In
sum, our results suggest that the use of diffgperfbrmance measures (traditional versus downside
risk-adjusted) does have an impact in performamseilts, but only when the return series are
characterized by a high variability in the highmoments, particularly in skewness. When the
variability in skewness is lower, as in our emgtisample of UK investment trusts, the impact of
using different performance measures will mostlyike= not significant.

As with this paper, most of the empirical studiesperformance evaluation aim to assess the
performance of funds in a specific category, likelee funds or any other category of funds. In such

a case, even when funds returns within a categepard from normality, the deviations will most
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likely be of the same type across funds becausefdtlew similar investment strategies. Therefore
we may conclude that from an empirical perspecthe use of downside risk-adjusted measures
does not have a significant impact in assessind fuanformance, as long as the investment strategies
of the funds under evaluation are similar.

However, even if in empirical research statistitedts are not able to capture significant
differences between the measures, the economidiségite of these differences may be important
to investors and fund managers. This is an issatediserves further research. In fact, it wouldbe
interest to investigate whether the use of altéreatsk-adjusted measures, for investment decssion
would lead to different performance in future tiperiods. The issue would be to assess to what

extent theex ante use of each of these measures can lead to eefest performance results.
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Table 1 — List of best models used as filters foesal correlation and heteroscedasticity under
FHS

This table lists the best model fitted and selete@ach of the investment trusts (identified byia code)
and for the benchmark (the FTSE All share indexaggnted by R900).

IT Code Best Model Fitted IT Code Best Model Fitted ITCode Best Model Fitted

R10 GJR (1,1) ARMA (3,3) R167 GJR (1,1) ARMA (1,0) R45 GJR (1,1) ARMA (1,0)
R100 GJR (1,1) ARMA (3,3) R168 GARCH (1,1) ARMA (3,3) R46 GJR (1,1) ARMA (1,3)
R102 GJR (1,1) ARMA (1,1) R169 GJR (1,1) ARMA (3,3) R47 GARCH (1,1) ARMA (2,1) in-mean
R106 GJR (1,1) ARMA (1,2) R171 GJR (1,1) ARMA (3,3) R49 GJR (1,1) ARMA (3,3)
R107 GJR (1,1) ARMA (1,1) R172 GJR (1,1) ARMA (1,0) R5 GJR (1,1) ARMA (3,3) in-mean
R108 GJR (1,1) ARMA (1,1) R173 GJR (1,1) ARMA (2,0) R52 GJR (1,1) ARMA (3,1) in-mean
R109 GJR (1,1) ARMA (2,1) R174 GJR (1,1) ARMA (3,0) R53 GJR (1,1) ARMA (1,1)

R11  GJR (1,1) ARMA (3,1) in-mean R175 GJR (1,1) ARMA (1,1) R55 GJR (1,1) ARMA (3,3)
R110 GARCH (1,1) ARMA (3,3) R177 GJR (1,1) ARMA (1,2) in-mean R56 GJR (1,1) ARMA (3,3) in-mean
R111 GJR (1,1) ARMA (3,3) in-mean R178 GJR (1,1) ARMA (3,3) R60 GJR (1,1) ARMA (2,1)
R112 GJR (1,1) ARMA (1,1) R180 GJR (1,1) ARMA (1,2) R62 GJR (1,1) ARMA (1,1)
R113 GJR (1,1) ARMA (1,1) R184 GARCH (1,1) ARMA (1,1) R64 GJR (1,1) ARMA (2,0)
R114 GARCH (1,1) ARMA (3,3) R186 GJR (1,1) ARMA (1,1) in-mean R66 GJR (1,1) ARMA (1,1)
R115 GJR (1,1) ARMA (3,2) R187 GJR (1,1) ARMA (3,3) R69 GJR (1,1) ARMA (3,3)
R116 GJR (1,1) ARMA (3,3) R188 GJR (1,1) ARMA (3,3) R70 GJR (1,1) ARMA (2,0)
R122 GJR (1,1) ARMA (1,1) R189 GJR (1,1) ARMA (1,2) R72 GJR (1,1) ARMA (1,1)
R123 GJR (1,1) ARMA (1,1) R193 GARCH (1,1) ARMA (1,1) R73 GJR (1,1) ARMA (1,1)
R126 GJR (1,1) ARMA (3,0) R195 GJR (1,1) ARMA (3,0) R74 GJR (1,1) ARMA (1,1)
R128 GJR (1,1) ARMA (1,1) R196 GJR (1,1) ARMA (3,2) R75 GJR (1,1) ARMA (2,1)
R129 GJR (1,1) ARMA (3,0) R197 GJR (1,1) ARMA (3,3) R76 GARCH (1,1) ARMA (2,1)
R131 GJR (1,1) ARMA (2,0) R198 GARCH (1,1) ARMA (3,2) R77 GARCH (1,1) ARMA (1,2)
R134 GJR(1,1) ARMA (2,1)in-mean R2 GJR (1,1) ARMA (1,3) R78 GJR (1,1) ARMA (3,3)
R138 GJR (1,1) ARMA (1,1) R21 GJR (1,1) ARMA (1,1) R80 GARCH (1,1) ARMA (1,1) in-mean
R141 GJR (1,1) ARMA (1,2) R22  GJR(1,1) ARMA (2,1) in-mean R81 GARCH (1,1) ARMA (1,1) in-mean
R142 GARCH (1,1) ARMA (3,3) R23 GJR (1,1) ARMA (0,0) R82 GJR (1,1) ARMA (1,0)
R143 GJR (1,1) ARMA (3,3) in-mean R28 GJR (1,1) ARMA (1,1) R84 GJR (1,1) ARMA (1,1)
R144 GJR (1,1) ARMA (2,0) in-mean R29 GJR (1,1) ARMA (3,3) R85 GJR (1,1) ARMA (1,2)
R145 GJR (1,1) ARMA (2,2)in-mean R3 GJR (1,1) ARMA (1,2) R86 GJR (1,1) ARMA (3,0)
R147 GJR (1,1) ARMA (3,1) R30 GJR (1,1) ARMA (3,3) R900 GJR (1,1) ARMA (0,0)
R148 GJR (1,1) ARMA (1,1) in-mean R32 GJR (1,1) ARMA (1,1) R92 GJR (1,1) ARMA (3,3)
R150 GJR (1,1) ARMA (3,3) R34 GJR (1,1) ARMA (1,1) R93 GJR (1,1) ARMA (1,1)
R151 GJR (1,1) ARMA (1,2) R38 GJR (1,1) ARMA (2,0) R94 GJR (1,1) ARMA (1,1)
R152 GJR (1,1) ARMA (1,0) R4 GJR (1,1) ARMA (1,1) R95 GJR (1,1) ARMA (2,1) in-mean
R154 GJR (1,1) ARMA (1,0) R41 GJR (1,1) ARMA (3,0) R96 GJR (1,1) ARMA (3,3)
R155 GJR (1,1) ARMA (1,0) R42 GJR (1,1) ARMA (3,3) R98 GJR (1,1) ARMA (1,1)
R156 GJR (1,1) ARMA (1,2) R43 GARCH (1,1) ARMA (3,0) R99 GJR (1,1) ARMA (1,1)

R16 GJR (1,1) ARMA (3,0) R44 GJR (1,1) ARMA (3,0)
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Table 2 — Estimates of performance measures

This table summarises the results for differentgoerance ratios for each trust in the sample (ifledtby an IT
code) as well as for the benchmark (the FTSE Alir8mepresented by R900). The results for the eadhare
reported in bold. The mean and the standard dewiati each performance ratio are also reported.

IT Code SR Sortino ERCFVaR ERVaR ERES IT Code SR Sortino  ERGVaR ERVaR ERES
R10 0.0186 4.2678 0.0025 0.0097 0.0063 R196 0.0039 0.6833 0.0012 0.0018 0.0016
R100 0.0117 1.8699 0.0040 0.0057 0.0047 R197 -0.0147 -2.0081 -0.0046  -0.0105 -0.0080
R102 -0.0107 -1.2568 -0.0023 -0.0061 -0.0047 R198 0.0337  8.2999 0.0063 0.0188 0.0121
R106 0.0131 1.8356 0.0045 0.0068 0.0050 R2 0.0195 2.6294 0.0035 0.0199 0.0146
R107 0.0095 1.8644 0.0022 0.0037 0.0028 R21 0.0079 1.0152 0.0027 0.0039 0.0033
R108 0.0198 3.2254 0.0068 0.0107 0.0082 R22 0.0090 1.1939 0.0028 0.0050 0.0037
R109 0.0352 5.1765 0.0089 0.0252 0.0181 R23 0.0051 0.8675 0.0018 0.0022 0.0018
R11 0.0065 1.3608 0.0022 0.0036 0.0028 R28 -0.0026 -0.5039 -0.0003 -0.0012 -0.0008
R110 -0.0047 -0.5596 -0.0017 -0.0025 -0.0020 R29 -0.0001 -0.0111 0.0000 0.0000 0.0000
R111 0.0024 0.2787 0.0007 0.0012 0.0008 R3 0.0109 1.5639 0.0024 0.0062 0.0046
R112 0.0337 7.0166 0.0110 0.0184 0.0141 R30 0.0596 15.2758 0.0184 0.0249 0.0180
R113 0.0064 1.1522 0.0023 0.0027 0.0022 R32 0.0020 0.3470 0.0005 0.0011 0.0009
R114 0.0372 8.2197 0.0065 0.0188 0.0154 R34 0.0685 33.4412 0.0103 0.0275 0.0151
R115 0.0289 3.7571 0.0077 0.0160 0.0121 R38 0.0032 0.5751 0.0010 0.0014 0.0011
R116 0.0175 3.4072 0.0046 0.0075 0.0062 R4 -0.0107 -1.2568 -0.0023 -0.0061 -0.0047
R122 0.0192 2.6133 0.0035 0.0146 0.0092 R41 0.0041 0.6919 0.0011 0.0020 0.0017
R123 -0.0053 -0.9103 -0.0012 -0.0028 -0.0022 R42 0.0129 2.8989 0.0022 0.0055 0.0040
R126 0.0040 0.8430 0.0011 0.0016 0.0013 R43 0.0220 1.9757 0.0027 0.0111 0.0064
R128 0.0278 6.8346 0.0069 0.0104 0.0075 R44 -0.0052 -0.6462 -0.0015 -0.0029 -0.0022
R129 0.0023 0.3175 0.0007 0.0014 0.0011 R45 -0.0049 -0.8343 -0.0018 -0.0026 -0.0021
R131 0.0053 0.9521 0.0015 0.0023 0.0019 R46 -0.0138 -2.0396 -0.0022 -0.0117 -0.0085
R134 0.0162 3.1641 0.0039 0.0097 0.0064 R47 0.0164 4.2676 0.0028 0.0084 0.0063
R138 0.0151 3.9423 0.0028 0.0089 0.0061 R49 0.0044 0.7782 0.0011 0.0032 0.0026
R141 0.0181 3.3597 0.0063 0.0076 0.0060 R5 0.0345 7.6784 0.0110 0.0137 0.0111
R142 0.0199 4.4735 0.0041 0.0107 0.0076 R52 0.0133  2.1493 0.0034 0.0071 0.0059
R143 0.0076 1.6689 0.0027 0.0039 0.0030 R53 0.0048 0.9071 0.0007 0.0018 0.0013
R144 -0.0002 -0.0381 -0.0001 -0.0001 -0.0001 R55 0.0215 5.0257 0.0029 0.0093 0.0069
R145 -0.0165 -1.8926 -0.0016 -0.0156 -0.0110 R56 0.0185 1.8480 0.0036 0.0132 0.0095
R147 -0.0077 -1.6760 -0.0014 -0.0070 -0.0055 R60 0.0140 2.0985 0.0043 0.0086 0.0064
R148 0.0351 8.4777 0.0051 0.0207 0.0141 R62 0.0457 8.0228 0.0151 0.0238 0.0188
R150 0.0031 0.4517 0.0006 0.0024 0.0016 R64 0.0471 9.3662 0.0111 0.0110 0.0090
R151 -0.0195 -2.0958 -0.0059 -0.0129 -0.0094 R66 0.0139 2.8858 0.0032 0.0069 0.0055
R152 0.0040 0.4424 0.0011 0.0032 0.0026 R69 0.0047 0.7272 0.0016 0.0027 0.0023
R154 0.0150 2.6972 0.0051 0.0057 0.0047 R70 0.0136 2.0164 0.0040 0.0083 0.0066
R155 -0.0156 -1.7005 -0.0046 -0.0102 -0.0084 R72 0.0194 2.8916 0.0052 0.0137 0.0113
R156 0.0291 12.4271  0.0056 0.0074 0.0052 R73 0.0494 12.6373 0.0076 0.0224 0.0168
R16 -0.0044 -0.6495 -0.0004 -0.0044 -0.0027 R74 0.0049 0.9932 0.0013 0.0018 0.0014
R167 -0.0073 -0.7977 -0.0022 -0.0038 -0.0031 R75 0.0256  5.6831 0.0050 0.0182 0.0134
R168 -0.0006 -0.0704 -0.0002 -0.0003 -0.0002 R76 0.0699 16.1532 0.0166 0.0250 0.0189
R169 -0.0163 -2.6425 -0.0058 -0.0065 -0.0056 R77 0.0160 3.7816 0.0029 0.0092 0.0066
R171 -0.0016 -0.2874 -0.0005 -0.0008 -0.0007 R78 0.0158 3.1444 0.0042 0.0101 0.0078
R172 0.0042 0.7251 0.0014 0.0018 0.0015 R80 0.0493 13.8547 0.0053 0.0175 0.0111
R173 0.0095 1.6111 0.0033 0.0055 0.0046 R81 0.0443  9.5457 0.0053 0.0106 0.0074
R174 0.0117 1.6093 0.0018 0.0110 0.0077 R82 -0.0056 -0.8202 -0.0016 -0.0031 -0.0025
R175 0.0052 1.0726 0.0017 0.0024 0.0019 R84 -0.0070 -0.9433 -0.0020 -0.0033 -0.0026
R177 -0.0067 -1.2773 -0.0014 -0.0024 -0.0018 R85 -0.0025 -0.3648 -0.0004 -0.0018 -0.0013
R178 0.0138 3.1527 0.0022 0.0085 0.0062 R86 -0.0120 -1.3583 -0.0040 -0.0073 -0.0061
R180 0.0097 2.0277 0.0029 0.0050 0.0040 R900 0.0041 0.7829 0.0015 0.0022 0.0018
R184 0.0037 0.8207 0.0009 0.0017 0.0013 R92 -0.0127 -1.3646 -0.0036 -0.0131 -0.0101
R186 0.0163 3.3785 0.0048 0.0052 0.0039 R93 0.0100 1.6311 0.0025 0.0053 0.0042
R187 0.0106 1.4825 0.0033 0.0056 0.0043 R94 0.0152 3.0157 0.0045 0.0063 0.0049
R188 0.0156 3.1955 0.0044 0.0062 0.0045 R95 0.0035 0.3376 0.0011 0.0026 0.0020
R189 0.0255 3.5795 0.0086 0.0174 0.0130 R96 0.0194 3.0154 0.0046 0.0212 0.0175
R193 0.0104 2.6241 0.0014 0.0036 0.0023 R98 0.0201 4.1171 0.0035 0.0108 0.0078
R195 0.0082 1.9853 0.0022 0.0028 0.0021 R99 0.0114  2.5542 0.0022 0.0073 0.0052

Média 0.0117  2.7157 0.0027 0.0056 0.0041
Desvio Padréo 0.0174  4.6959 0.0041 0.0088 0.0065
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Table 3 — Performance rankings according to differet performance measures

This table reports the rankings based on diffgperformance ratios for each trust in the samplentiied by

an IT code) as well as for the benchmark (the FABShare represented by R900).

IT Code SR Sortino ERCFVaR ERVaR ERES IT Code SR Sortino ER CFVaR ERVaR ERES
R1C 29 20 53 30 36 R19¢ 77 77 72 75 74
R10C 49 51 34 50 47 R197 106 107 108 106 105
R10Z 101 99 103 100 100 R19¢ 14 10 15 10 15
R10€ 47 54 28 45 45 R2 25 41 39 9 9
R107 57 52 62 60 61 R21 61 65 50 58 58
R10¢€ 24 30 13 25 22 R22 59 62 48 56 57
R10¢ 10 17 8 2 3 R23 67 69 64 73 72
R11 63 61 58 61 60 R28 90 90 88 89 89
R11C 92 91 98 92 92 R29 85 85 85 85 85
R111 82 84 82 83 84 R3 52 59 55 47 49
R112 13 14 5 12 11 R3C 3 3 1 4 4
R112 64 63 56 67 66 R32 84 81 84 84 83
R114 9 11 14 11 7 R34 2 1 7 1 8
R11E 16 25 10 16 14 R38 80 78 78 81 81
R11€ 32 27 26 40 37 R4 102 100 104 101 101
R122 28 43 37 17 20 R41 74 76 75 74 73
R128 95 97 92 94 95 R42 48 37 59 52 55
R12€ 76 70 73 80 79 R43 20 50 51 21 33
R12€ 17 15 12 28 27 R44 94 92 95 95 94
R12¢ 83 83 81 82 82 R45 93 96 99 93 93
R131 65 67 67 72 70 R46 105 108 102 107 107
R134 35 32 35 31 34 R47 33 21 47 37 35
R13¢ 40 23 49 34 39 R49 71 73 74 64 62
R141 31 29 16 39 40 R5 12 13 6 18 17
R142 23 19 32 26 26 R52 46 45 40 43 41
R142 62 55 52 59 59 R53 69 68 80 77 78
R144 86 86 86 86 86 R55 21 18 44 32 29
R14E 109 106 96 110 110 R56 30 53 36 20 19
R147 100 104 94 103 102 R6C 42 46 30 35 32
R14¢& 11 9 22 8 10 R62 7 12 3 5 2
R15C 81 79 83 71 75 R64 6 8 4 23 21
R151 110 109 110 108 108 R66 43 39 43 44 42
R152 75 80 76 63 63 R69 70 74 66 66 64
R154 41 40 21 49 48 R7C 45 48 33 38 31
R15E 107 105 107 105 106 R72 27 38 20 19 16
R15€ 15 6 17 41 43 R73 4 5 11 6 6
R1€ 91 93 90 99 98 R74 68 66 71 78 77
R167 99 94 101 98 99 R75 18 16 23 13 12
R16¢ 87 87 87 87 87 R76 1 2 2 3 1
R16¢ 108 110 109 102 103 R77 36 24 45 33 30
R171 88 88 91 88 88 R78 37 34 31 29 23
R172 72 75 70 76 76 R8C 5 4 18 14 18
R178 58 57 42 53 50 R81 8 7 19 27 28
R174 50 58 63 22 25 R82 96 95 97 96 96
R17E 66 64 65 70 71 R84 98 98 100 97 97
R177 97 101 93 91 91 R85 89 89 89 90 90
R17¢ 44 33 57 36 38 R86 103 102 106 104 104
R18C 56 47 46 57 54 R90C 73 72 68 69 69
R184 78 71 79 79 80 R92 104 103 105 109 109
R18¢€ 34 28 24 55 56 R93 55 56 54 54 53
R187 53 60 41 51 52 R94 39 35 27 46 46
R18¢€ 38 31 29 48 51 R95 79 82 77 68 68
R18¢ 19 26 9 15 13 R96 26 36 25 7 5
R193 54 42 69 62 65 R98 22 22 38 24 24
R19& 60 49 60 65 67 R9¢ 51 44 61 42 44
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Table 4- Equality of performance rankings

This table reports the number of investment trtiss exhibit the same rank order resulting fromube of
alternative performance measures: Sharpe ratitin8aatio, Excess Return on CFVaR, Excess Retarn o
VaR and Excess Return on ES. These figures aressgul in percentage of total sample.

Equality of ranks Equality of ranks %
SR-Sortino 10 9%
SR-ERCFVaR 10 9%
SR-ERVaR 11 10%
SR-ERES 11 10%

Sortino-ESCFVaR 6%

7

Sortino-ERVaR 9 8%

Sortino-ERES 6 5%

ERCFVaR-ERVaR 7 6%

ERCFVaR-ERES 5 5%
ERVaR-ERES 33 30%
Average 10.9 10%
Maximum 33 30%

Minimum 5 5%
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Table 5 — Number of changes in the top/bottom fiveankings

This table reports the changes in the top/bottem fierforming funds resulting from different risitjasted
performance measures: Sharpe ratio, Sortino fakicess Return on CFVaR, Excess Return on VaR and
Excess Return on ES.

Number of Changes in Top  Number of Changes in Botta Five

SR-Sortino
SR-ERCFVaR
SR-ERVaR
SR-ERES
Sortino-ESCFVaR
Sortino-ERVaR
Sortino-ERES
ERCFVaR-ERVaR
ERCFVaR-ERES
ERVaR-ERES

Average 2.1 1.8
Average % 42% 36%
Standard Deviation 0.994428926 0.788810638

P NONWNWwDNhWwOo
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Table 6 — Scale for the strength of association

This table describes the scale used to assessé¢hgth of association between the performance uness
Our scale is based on 5 levels of strength of &stsoma: Slight (SL), Fair (F), Moderate (M), Substial (SB)
and Almost Perfect (AP). We follow the approachdabner (2007) by splitting the intervals that defthe
strength of association further in lengths of i defining 10 levels of association that rangenf@light-
lower range (SL-) to Almost Perfect-upper rang@+{A For negative values of the association siatsir

scale gives a classification of Poor (P).

Association Statistic
(p ,1 =P,S,1,K)

Strength of Association

<0.00
0.00-0.10
0.11-0.20
0.21-0.30
0.31-0.40
0.41-0.50
0.51-0.60
0.61-0.70
0.71-0.80
0.81-0.90
0.91-1.00

Poor
Slight-lower range (SL-)
Slight-upper range (SL+)
Fair-lower range (F-)
Fair-upper range (F+)
Moderate-lower range (M-)
Moderate-upper range (M+)
Substantial-lower range (SB-)
Substantial-upper range (SB+)
Almost perfect-lower range (AP-)
Almost perfect-upper range (AP+)

36



Table 7 — Summary of results for the parametric mesure of correlation: UK investment trusts

This table summarises the results of the Pearswalation coefficientsdp), considering different risk-
adjusted performance measures: Sharpe ratio, Badiin, Excess Return on CFVaR, Excess Returnail V
and Excess Return on ES. The observed valuar(d its lower bound with a one-sided confidertcgda
level are reported, as well as the correspondieggth of association: Slight (SL), Fair (F), Moaker (M),
Substantial (SB) and Almost Perfect (AP). We adbetapproach of Hibner (2007) that splits the watisr
defined above further in lengths of 0.1 and defib@$evels of association that range from Slightdorange
(SL-) to AlImost Perfect-upper range (AP+).
Pearson's correlation
N Lower Strength of
Bound Association

SR-Sortino 0.9007 0.8581 AP-
SR-ERCFVaR 0.9268 0.8949 AP-
SR-ERVaR 0.9249 0.8921 AP-
SR-ERES 0.9110 0.8727 AP-
Sortino-ERCFVaR 0.7642 0.6733 SB-
Sortino-ERVaR 0.7644 0.6736 SB-
Sortino-ERES 0.7199 0.6156 SB-
ERCFVaR-ERVaR 0.8764 0.8244 AP-
ERCFVaR-ERES 0.8890 0.8420 AP-

ERVaR-ERES 0.9934 0.9903 AP+
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Table 8 — Summary of results for the non-parametrianeasures of correlation: UK investment
trusts

This table summarises the results of the Spearardnaorrelation coefficient$t), Kendall Tau rank
correlation coefficientsg;) and Cohen’s Kappa coefficienig,§, considering different risk-adjusted
performance measures: Sharpe ratio, Sortino fakicess Return on CFVaR, Excess Return on VaR and
Excess Return on ES. The observed vgil)eafd its lower bound with a one-sided confidertcg?4 level are
reported, as well as the corresponding strengsebciation: Slight (SL), Fair (F), Moderate (MybStantial
(SB) and Almost Perfect (AP). We follow the apprioa¢ Hilbner (2007) that splits the intervals define
above further in lengths of 0.1 and defines 10lkwéassociation that range from Slight-lower mgL-) to
Almost Perfect-upper range (AP+).

Spearman's correlation Kendall's Tau Cohen’s Kappa

~ Lower  Strength of ~ Lower Strength of ~ Lower Strength of
S Bound Association 7 Bound Association ¥ Bound Association

SR-Sortino 0.9791 0.9696 AP+ 0.8986  0.8553 AP- 0.8545 0.7575 SB+
SR-ERCFVaR 0.9623 0.9454 AP+ 0.8465 0.7834 SB+ 0.8182  0.7107 SB+
SR-ERVaR 0.9735 0.9616 AP+ 0.8756  0.8233 AP- 0.9636  0.9137 AP+

SR-ERES 0.9704 0.9571 AP+ 0.8666  0.8109 AP- 0.9273  0.8573 AP-
Sortino-ERCFVaR  0.9404 0.9142 AP+ 0.8058  0.7285 SB+ 0.7818  0.6653 SB-
Sortino-ERVaR 0.9352 0.9067 AP+ 0.8002 0.7210 SB+ 0.8182  0.7107 SB+
Sortino-ERES 0.9322 0.9025 AP- 0.7938 0.7125 SB+ 0.8182  0.7107 SB+
ERCFVaR-ERVaR  0.9333 0.9040 AP- 0.7928 0.7111 SB+ 0.8545 0.7575 SB+
ERCFVaR-ERES 0.9405 0.9143 AP+ 0.8065 0.7294 SB+ 0.8545  0.7575 SB+
ERVaR-ERES 0.9970 0.9957 AP+ 0.9650  0.9493 AP+ 0.9636  0.9137 AP+
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Table 9 — Descriptive statistics for the simulatedeturn series compared with those of the
investment trusts sample

This table reports descriptive statistics of thewated sample of returns in comparison with thecdptive
statistics of our sample of UK investment trusigclEsample includes 110 return series.

Standard

Mean Deviation Skewness Kurtosis
Simulated data
Mean 0.000303 0.011448 -0.3002 37.7463
Standard Deviation 0.000170  0.003159 3.0957 65.5859
Min -0.000206  0.002738 -8.8716 10.0796
Max 0.000852 0.019670 6.6521 581.8960
Sample of UK unit trusts
Mean 0.000255 0.011260 -0.5153 14.4555
Standard Deviation 0.000169 0.003214 0.5068 9.0817
Min -0.000183 0.004799 -2.3860 4.8307

Max 0.000786  0.019853 1.3491 57.0406

39



Table 10 — Summary of results for the parametric masure of correlation: simulated data

This table summarises the results of the Pearswalation coefficientsdp), considering different risk-
adjusted performance measures: Sharpe ratio, Badiin, Excess Return on CFVaR, Excess Returnail V
and Excess Return on ES. The observed valuar(d its lower bound with a one-sided confidertcgda
level are reported, as well as the correspondieggth of association: Slight (SL), Fair (F), Moaker (M),
Substantial (SB) and Almost Perfect (AP). We folltthe approach of Hibner (2007) that splits thervatis
defined above further in lengths of 0.1 and defib@$evels of association that range from tg&Hgwer
range (SL-) to Almost Perfect-upper range (AP+).
Pearson's correlation
R Lower  Strength of
) Bound  Association

SR-Sortino 0.8143 0.7399 SB+
SR-ERCFVaR 0.7461 0.6496 SB-
SR-ERVaR 0.7888 0.7058 SB-
SR-ERES 0.7254 0.6228 SB-
Sortino-ERCFVaR 0.3644 0.1909 SL+
Sortino-ERVaR 0.9130 0.8754 AP-
Sortino-ERES 0.8942 0.8491 AP-
ERCFVaR-ERVaR  0.2860 0.1043 SL-
ERCFVaR-ERES 0.2038 0.0172 SL-

ERVaR-ERES 0.9952 0.9930 AP+
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Table 11 — Summary of results for the non-parameta measures of correlationsimulated data

This table summarises the results of the Spearardnaorrelation coefficient$f), Kendall Tau rank
correlation coefficientsgy) and Cohen’s Kappa coefficieni.§, considering different risk-adjusted
performance measures: Sharpe ratio, Sortino faticess Return on CFVaR, Excess Return on VaR and
Excess Return on ES. The observed vgiye(d its lower bound with a one-sided confidericgda level are
reported, as well as the corresponding strengéssdciation: Slight (SL), Fair (F), Moderate (MypStantial
(SB) and Almost Perfect (AP). We follow the apprhoa¢ Hibner (2007) that splits the intervals define
above further in lengths of 0.1 and defines 10lk@éassociation that range from Slight-lower mgL-) to
Almost Perfect-upper range (AP+).

Spearman's correlation Kendall's Tau Cohen’s Kappa
~ Lower  Strength of ~ Lower Strength of ~ Lower  Strength of
Ps Bound  Association ! Bound Association x Bound Association
SR-Sortino 0.9012 0.8588 AP- 0.7485  0.6527 SB- 0.6364  0.4922 M-
SR-ERCFVaR 0.1076 -0.0813 P 0.0709 -0.1179 P 0.1273  -0.0581 P
SR-ERVaR 0.8742 0.8214 AP- 0.7595  0.6671 SB- 0.6364  0.4922 M-
SR-ERES 0.8477 0.7851 SB+ 0.7351  0.6353 SB- 0.6000  0.4505 M-
Sortino-ERCFVaR  0.0035 -0.1838 P 0.0002 -0.1871 P 0.0000 -0.1869 P
Sortino-ERVaR 0.9817 0.9753 AP+ 0.8936  0.8483 AP- 0.9273  0.8573 AP-
Sortino-ERES 0.9753 0.9642 AP+ 0.8792  0.8283 AP- 0.9273  0.8573 AP-
ERCFVaR-ERVaR  0.0061 -0.1813 P 0.0018 -0.1855 P 0.0545 -0.1321 P
ERCFVaR-ERES  -0.0074 -0.1944 P -0.0092 -0.1961 P 0.0545 -0.1321 P
ERVaR-ERES 0.9973 0.9961 AP+ 0.9743  0.9627 AP+ 0.9636  0.9137 AP+
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