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1. Introduction 

A critical issue in the area of portfolio performance evaluation is the choice of the appropriate 

measure used to quantify risk. Different risk measures have been developed and, consequently, 

different risk-adjusted performance metrics can be applied to the evaluation of investment portfolios. 

Besides well known risk-adjusted measures, downside risk-adjusted measures of performance can 

also be used to evaluate investment portfolios. This raises the issue of whether or not the 

performance of investment funds is sensitive to the performance measure used. 

The mean-variance paradigm of Markowitz (1952) is the theoretical basis for the 

development of the traditional framework established to assess risk-adjusted portfolio performance. 

The Sharpe (1966) ratio (SR) is probably the most important representative of the set of classic risk-

adjusted measures of performance. 

The limitations of mean-variance based models are a consequence of one of its major 

assumptions: that returns are normally distributed or, in a more general way, elliptically 

symmetrically distributed. If returns do not follow an elliptically symmetric distribution, the use of 

the mean-variance approach is questionable. Therefore, the assessment of performance in the context 

of skewed distributions requires the use of non-standard measures to adjust for risk. The 

development of a downside risk measurement framework was the natural answer to the problems 

associated with the use of standard measures of risk when distributions are skewed. Generally 

speaking, downside risk measures focus on the returns that fall below a certain value, enabling us to 

look at the tails of the distribution. Despite its obvious potential, there is still an ongoing debate in 

the literature on the usefulness of downside risk measures for performance evaluation purposes. 

In the context of non-elliptical symmetry in returns, one might expect a lack of correlation 

between performance ranks based on traditional and downside measures of risk-adjusted 

performance. However, recent research in this area provides evidence suggesting no impact of the 

choice of a particular performance measure on the rankings between alternative investments. 
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Pfingsten et al. (2004) compared rank correlations for several risk measures on the basis of an 

investment bank´s 1999 trading book and concluded that different measures result in largely identical 

rankings. Eling and Schuhmacher (2005) also concluded for significant rank correlation between 

different performance measures. Their study focuses on hedge fund indices data from 1994 to 2003. 

Finally, Eling and Schuhmacher (2007) analysed individual hedge fund data instead of indices, but 

the results were the same in the sense that identical rank ordering across hedge funds was clearly 

identified. These authors conclude that despite significant deviations of hedge fund returns from a 

normal distribution, the first two moments seem to describe the distributions sufficiently well. 

Similar results were also obtained by Eling (2008) for a large sample including different types of 

funds (mutual funds, real estate funds, hedge funds, CTAs and CPOs). 

Contrasting with these findings, Ornelas et al. (2009) and Zakamouline (2010) argue that the 

choice of the performance measure does influence the evaluation of investment funds. These authors 

apply and test the equality of ranks based on several performance measures and both identify 

significant differences for some of the measures applied. Zakamouline (2010) emphasizes the 

importance of the absolute value of the skewness on the choice of the performance measure by 

demonstrating that the rank correlation between the Sharpe ratio and other measures of performance 

decreases as the absolute values of skewness becomes higher. He also remarks that, even in the 

presence of non-normally distributed returns, the use of alternative performance measures can 

produce identical ranks. As the author explains, if deviations from normality are of the same kind 

across all the return series under analysis, a significant difference between performance ranks should 

not be expected. 

The main objective of this paper is to contribute to this debate by providing evidence on the 

impact of using different risk measures to adjust performance. For that purpose, different 

performance measures will be computed on a data set of UK investment trusts. The contributions of 

this study in relation to the previous studies in this area are fourfold. As far as we are aware of, this is 
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the first study to investigate the impact of the use of standard and downside risk-adjusted measures 

of performance on the evaluation of UK investment trusts. 

Secondly, we provide a discussion on downside risk measures that can be used to evaluate 

portfolio performance and suggest the use of expected shortfall (ES), given its desirable properties as 

a measure of risk. There have been very few studies on the performance of investment portfolios 

using ES. 

Additionally, the value-at-risk (VaR) and ES measures of risk will be computed using a full 

valuation method based on a filtered historical simulation (FHS) procedure. As far as we know, 

performance ratios based on FHS estimates of VaR and ES have never been empirically tested. 

Finally, while most of previous studies rely on the application of the Spearman rank 

correlation test, we innovate by using several measures of correlation, both parametric and non-

parametric, to assess the level of association between the performance results. In order to classify the 

strength of association reported by the estimated measure of association, statistical inference based 

on confidence intervals around the observed value is performed. To assess the level of association 

between different performance measures, four alternative measures are applied. The Pearson 

correlation coefficient is applied in the context of the parametric approach. Additionally, two 

alternative non-parametric measures of rank correlation are used: Spearman´s coefficient and 

Kendall´s Tau. As an alternative to these rank correlation analysis, Cohen´s Kappa, a non-parametric 

measure based on contingency table statistics, is also computed. 

This paper is organized as follows. In Section 2 we discuss the literature on downside risk 

measures and its use in portfolio performance evaluation. In Section 3 we describe the methodology 

used to assess fund performance and estimate risk measures. Section 4 focuses on the data and on the 

empirical properties of the UK investment trust return series. Section 5 provides and discusses the 

empirical results. Section 6 presents the analysis based on simulated return series. Finally, section 7 

summarises the main results and presents some concluding remarks. 
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2. Literature Review 

Based on the mean-variance approach, the well known traditional measures of performance 

(Jensen, 1968; Sharpe, 1966; and Treynor, 1965) use either the standard deviation or beta as risk 

measures. These measures are quite similar and, under certain market conditions, produce rankings 

of portfolios that are not significantly different from each other. The use of traditional measures of 

performance is fully justified under the assumption of elliptically symmetric distributed returns and 

hold for any well-behaved utility function (see Landsman and Nešlehová, 2008) 

However, the SR can lead to misleading conclusions when returns are significantly skewed 

(Bernardo and Ledoit, 2000). It is a well known fact that investors have a preference for positive 

skewness, which means that upside risk is less important to investors than downside risk. If only the 

first and second moments are assessed, the negatively-skewed returns will generate the appearance of 

outperformance. Hence, asymmetric distributions require alternative evaluation approaches that 

integrate higher moments of the distribution beyond the first and second moments. 

When dealing with asymmetric empirical return distributions, downside measures of risk 

provide an alternative framework to assess risk adjusted performance. The issue is whether 

performance evaluation results based on these measures are different from those obtained in the 

context of the mean-variance paradigm. 

Pedersen and Rudholm-Alfvin (2003), using equity return data from global financial services 

institutions and UK micro-firms, compare a SR-based ranking with other alternatives that assess 

performance by using downside risk-adjusted measures. Applying Jarque-Bera tests and rank 

correlation analysis, they concluded that, for symmetric distributions of returns, there is a high 

correlation (80% in some cases) between the rankings that result from the application of different 

measures of performance. On the other hand, when the distribution of returns is asymmetric, there is 

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

evaluation framework when a departure from elliptical symmetry in the series of returns is identified. 

Later, Eling and Schuhmacher (2005, 2007) compared the SR with other downside risk-adjusted 

measures of performance. Their results, based on the Spearman rank correlation coefficient, indicate 

that the choice of the performance measure does not affect the rankings of hedge funds. These 

findings are somewhat surprising, considering that hedge fund returns differ significantly from a 

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

for mutual funds. 

More recently, Zakamouline (2010) recognizing that the conclusions from Eling and 

Schuhmacher (2007) and Eling (2008) are rather puzzling, gives further explanations for these 

findings. He argues that in order to produce clear differences in rankings, investment funds must 

exhibit distinctly different return probability distributions. Even when returns are non-normally 

distributed, the differences in performance might not be significant if the probability distribution 

exhibits the same kind of deviation from normality. Furthermore, Zakamouline (2010) demonstrates 

that the rank correlation of other measures of performance with the SR decreases as funds present 

higher absolute values of skewness. 

Critics of volatility have proposed alternative approaches to assess risk when basic underlying 

assumptions, like the symmetry of the distribution of the returns, do not hold. Downside risk 

measures are a way to overcome these limitations. In this paper, downside risk-adjusted performance 

measures include lower partial moments (LPM) measures of performance, such as the Sortino ratio 

(Sortino and Price, 1994) as well as performance measures using value-at-risk (VaR) and expected 

shortfall (ES). 
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The Sortino ratio, developed by Sortino and Price (1994) was, at first, largely criticised for 

not being derived in the context of a market equilibrium theory.1  However, Pedersen and Satchell 

(2002) added further motivation for the use of the Sortino ratio in a modified version using the risk 

return as the target return. As Pedersen and Satchell (2002) remark, this modified Sortino ratio is 

equivalent to the Sharpe ratio, except that standard deviation has been replaced by the semi-standard 

deviation in the denominator. The authors support the use of the modified Sortino ratio by placing it 

on a relevant theoretical foundation and by discussing its relative qualities in contrast with alternative 

approaches to assess performance. Moreover, Pedersen and Satchell (2002) have shown that there is 

a utility-based one-period CAPM that promotes the use of the Sortino ratio, just like the traditional 

CAPM promotes the use of SR. 

Throughout the years, VaR has become a standard measure of risk and has been receiving 

increasing attention by academics. Alexander and Baptista (2003) and, more recently, Eling and 

Schuhmacher (2007) recommend the use of a VaR-based measure of performance that is closely 

related to the SR. In the particular context of hedge funds, Eling and Schuhmacher (2007) assess 

performance on the basis of VaR by applying a performance ratio that explicitly measures the excess 

return on VaR (ERVaR). 

Under the assumption of elliptically symmetric distributions (with a mean equal or very close 

to zero) the proposed VaR-based measure of performance produces the same portfolio rankings as 

the SR. In the specific context of non-elliptically symmetric distributed returns, the portfolio with the 

highest ERVaR ratio may not be the portfolio with the highest SR. 

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

threshold character. Basak and Shapiro (2001) show that VaR investors often optimally choose a 

                                                 

1 Leland (1999), for instance, states that the Sortino ratio is an ad hoc attempt to recognize the greater importance of 
downside risk. 
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larger exposure to risky assets than non-VaR investors, and consequently incur larger losses, when 

they occur. This is a direct consequence of the inability of VaR to penalize a potentially very large 

loss more than a large loss. This is particularly critical when dealing with non-normal heavy tailed 

distributions. In this context, the probability of a large loss is non-negligible and a risk measure that 

truly penalizes large losses is needed. By disregarding the loss beyond the quantile of the underlying 

distribution, VaR disregards the risk of extreme losses in the tail of the underlying distribution. 

An alternative measure to VaR is expected shortfall (ES). Unlike VaR, ES has the desirable 

property of focusing on the size of the loss and not just on the frequency of losses. 

The origins of ES can be traced down to Artzner et al. (1999), who have formalized an 

alternative measure of risk that they called tail conditional expectation. Bertsimas et al. (2004), 

define ES as being the average of VaRs for all levels belowα . Consider a sample of T  returns. In 

order to estimate ES the sample of returns must be sorted in increasing order:�� � �� � � � ��. 

The ES natural estimator is the average of the first ��, represented by the first � outcomes (where 

� � ����), 

 ��� � �
�

�	����������  (1)  

The above equation represents a natural non-parametric estimator of ES. It does not rely on 

any kind of distributional assumptions with respect to portfolio returns and therefore this definition 

of ES is valid for general distributions. 

Artzner et al. (1999) defined an axiomatic methodology to characterize desirable properties 

for risk measures and they named risk measures that satisfied their axioms as coherent. ES is 

generally proposed in the literature as a coherent measure of risk in the sense of Artzner et al. (1999) 
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and a superior alternative to the industry standard VaR (Yamai and Yoshiba, 2002)2. Despite all the 

positive features of ES as a measure of risk, it has not been fully exploited for performance 

evaluation purposes. 

 

3. Methodology 

3.1. Performance ratios 

Different measures of risk-adjusted performance are considered for empirical computation, 

namely the Sharpe ratio (SR) and three downside risk-adjusted measures of performance: the Sortino 

ratio, Excess return on VaR and Excess return on ES. To compute the risk-adjusted performance 

ratios, four different risk measures are used: standard deviation, lower partial moments (LPM), VaR 

and ES. 

For each portfolio p under evaluation, based on estimated values from a sample of daily 

returns ��� 	 
 	���the SR (Sharpe, 1966) is computed as: 

 ��� �
�
� � �
	
���� 	 (2)  

where �
� is the average daily return estimated for the portfolio over the sample period of analysis, 

�
	 is the average risk-free rate of return and ����  is the estimated standard deviation of the sample 

of portfolio daily returns. 

The version of the Sortino ratio that will be used for empirical application purposes is the one 

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

semi-standard deviation, as follows: 

                                                 

2 VaR is not a coherent risk measure because, for non elliptically symmetrically distributed returns, it clearly violates the 
axiom of sub-additivity presented by Artzner et al. (1999). 
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 ��
����� �
�� � �
	
���� 	 (3)  

where ���� represents the usual definition of  the semi-standard deviation estimated for the sample 

of portfolio daily returns. 

The excess return on VaR ratio (ERVaR) is a performance ratio quite similar to the SR. The 

main innovation is that VaR takes the place of standard deviation as the selected measure of risk 

used to adjust the excess return of the portfolio. The ERVaR is the ratio between excess return and 

VaR: 

 ������ �
�� � �
	
������� 	 (4)  

where�������� is the estimated value-at-risk (based on a sample of returns) of the risky portfoliop

with the probability �. 

Alternatively to the use of VaR as a risk measure to adjust the excess returns of the portfolio, 

the ES can be applied. The excess return on ES (ERES) corresponds to the ratio between excess 

return and ES. 

 ����� �
�� � �
	
������ 	 (5)  

where ������ is the estimated (from a sample of returns) expected shortfall of the risky portfoliop , if 

the portfolio returns drop below its � quantile. 

The ratio used in this paper represents a more general version of the stable tail adjusted return 

ratio (STARR) introduced by Martin et al. (2003). In our paper, excess returns on ES are defined in 

the context of general loss distributions and the estimation of ES is therefore not restricted to the 

assumption of stable returns distributions. Apart from this, the definition of STARR and the excess 

return on ES coincide. The empirical characteristics of the return series under investigation do not 

recommend the use of an ES estimator under a parametric framework. Therefore, the non-parametric 
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estimator of the ES proposed by Bertsimas et al. (2004) is used, as it does not rely on any restrictive 

assumption about the functional form of the empirical distribution of returns. 

 

3.2. The computation of VaR and ES 

While VaR is conceptually simple and flexible, for VaR figures to be useful they also need to 

be reasonably accurate. VaR is just an estimate, and its usefulness is directly dependent on its 

precision. 

Besides skewness, financial time series often exhibit other types of distortions from 

normality, like fat tails. Focusing on the non-normality properties of the financial time series, some 

analytical non-normal approaches to compute VaR need to be adopted. A commonly used approach 

to account for the non-normality in the return distribution consists on the use of the Cornish-Fisher 

expansion (Cornish and Fisher, 1937) to estimate VaR.3 This approach makes use of certain 

additional parameters to allow for the fat tails or skewness and it was first introduced by Zangari 

(1996) to estimate parametric VaR of portfolios that include options. The Cornish-Fisher VaR 

(CFVaR), also known as Modified VaR (MVaR), is an estimator for VaR that estimates the true, 

unknown quantile function by its second order Cornish-Fisher expansion around the Normal quantile 

function. The skewness and the kurtosis of the empirical distribution of the portfolio returns are 

incorporated in the estimation of the parametric VaR approximated by the application of the Cornish-

Fisher expansion (Zangari, 1996) as follows: 

 ������
� � ��� � ��
��
	 (6)  

                                                 

3 Favre and Galeano (2002), Amenc et al. (2003) and Gueyié and Amvella (2006) are some of the authors that used 
CFVaR in their studies. 
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where ��is the mean, � is the standard deviation of the portfolio returns and ��
� is the �� �

��quantile of the standard normal distribution and � is the adjustment provided by the Cornish-Fisher 

expansion, 

 � �
�

�
���� � ���� �

�

��
���� � ����� �

�

��
����� � �������	 (7)  

where �� is the skewness and ��is the excess kurtosis of the series of portfolio returns. 

The Cornish-Fisher expansion presented above in equation (6) might not be reliable as an 

approximation of certain distributions that depart significantly from normality. In fact, in some 

situations the use of fully parametric methods to compute VaR might be inadequate. In such a case, 

an alternative method is required to estimate the true empirical portfolio return distribution in order 

to compute VaR. 

More recently, a new methodology has been developed in the literature to compute both VaR 

and ES. This new method successfully combines bootstrapping techniques with the use of parametric 

models and is generally known as Filtered Historical Simulation (FSH). FHS was first proposed by 

Barone-Adesi et al. (1999). Under FHS the bootstrap process is applied to the residuals of a time 

series model (usually a GARCH-type model) used as a filter to extract autocorrelation and 

heteroscedasticity from the historical time series of returns. Despite being numerically intensive, 

FHS is quite simple to apply and as a result it is faster to implement than several more sophisticated 

methods. According to Hartz et al. (2006) FHS is also numerically extremely reliable. 

By being free of any distributional assumptions in relation to the behaviour of the returns, 

FHS has a great flexibility in capturing all the empirical properties of the time series of returns under 

analysis, including skewness and kurtosis. Based only on the assumption of uncorrelated 

standardized residuals from an appropriate time series model, the use of the bootstrap resampling 

algorithm allows a computationally simple and feasible method to approximate the unknown return 

empirical distribution. Under FHS  a bootstrap sample, generally denoted by ��, of any size �, is 
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generated. Based on this bootstrap sample, the filtered historical simulated VaR and ES estimates can 

be easily obtained. VaR, under FHS, corresponds to the � quantile of the bootstrap sample generated 

under FHS, 

 ���
���� � � ���� � (8)  

To obtain ES under FHS the bootstrapped returns must be ranked in increasing order: 

��� � ��� � � � ��� . The ES is the average of the first �� returns in the sample of bootstrapped 

returns, represented by the first � � ���� outcomes with � being the size of the bootstrap sample, 

 ��
���� � �
�

�	����� �

����  (9)  

In this paper, the performance of UK investment trusts will be assessed using these non-

parametric VaR and ES estimators. By combining a non-parametric bootstrap procedure with a 

parametric modeling of the time series under analysis we are able to considerably improve the 

quality of the VaR and ES estimates.4 

 

4. Data 

A sample of 109 UK investment trusts, alive on the 31st of March of 2006, is analysed. 

Investment trusts classified by the Association of Investment Trust Companies (AITC) as split 

capital trusts were excluded because of their dual nature.5 Given that the VaR and ES are estimated 

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

                                                 

4 Baroni-Adesi et al. (1999), Pritsker (2001) and later Kuester et al. (2005), compare the performance of FHS with other 
parametric and non-parametric methodologies in the estimatation of VaR and conclude in favour of the superiority of 
FHS. Additionally, Giannopoulos and Turanu (2005) and also Harmantzis et al. (2006) demonstrate how FHS can 
provide an improved methodology to compute ES. They argue that while resampling methods (such as FHS) are, in 
general, numerically intensive, they are quite simple to implement. Hence, it is faster to estimate VaR and ES with FHS 
than with other more sophisticated models. In addition, FHS is also numerically reliable (Hartz et al.,2006). 
5 In this specific kind of trusts, capital and income shares are common. 
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continuously compounded returns for each fund, over the period March 1996 to March 2006, were 

computed using price information available on DataStream. 

As one of the objectives of this research is also to analyse the position of a particular 

investment trust in relation to the market, the FTSE ALL-SHARE INDEX is used to proxy the 

market for benchmarking purposes. As a proxy for the risk free rate, the UK Interbank Overnight-

Offered rate is used. Daily data for the benchmark and for the risk-free rate was also collected from 

DataStream. 

A preliminary analysis on the empirical properties of the time series was performed.6 This 

analysis was carried out to allow some conclusions on the distributional patterns of the data. For all 

trusts, the skewness is different from zero, which constitutes a first indication that all the series are 

non-symmetric. Only 7 trusts (approximately 6,4%) exhibit positive skewness. For the great majority 

of the trusts (approximately 93,6%), the value of the skewness is negative. In addition, the value of 

the kurtosis is always greater than 3. For all trusts, the application of the Jarque-Bera test7 clearly 

rejects, for a confidence level of 99%, the hypothesis that the return data series are normally 

distributed. To further investigate the source of non-normality, the Jarque-Bera test was split into its 

skewness and kurtosis components and the components were tested separately. Only 10 trusts exhibit 

skewness values that are not statistically different from zero. For the remaining trusts, skewness is 

statistically different from zero, indicating that the empirical series of returns are in general 

significantly (negative) skewed. 

In addition, the hypotheses of independent returns and homoscedasticity were also tested. 

Though independence has broader implications, the focus of this paper is on whether or not returns 

are uncorrelated. The Box-Pierce Q-Statistic was computed, as well as Engle´s LM test. The results 

for the Box-Pierce statistics indicate the presence of serial correlation for a 95% level of confidence. 
                                                 

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

7 The results for the normality test as well as for autocorrelation and heteroscedasticity are also available upon request. 
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When applied to the squared returns, the Box-Pierce Q-Statistic can provide evidence for the 

existence of heteroscedasticity. The null hypothesis of homoscedasticity was rejected, with no 

exception. Finally, the application of Engle´s LM test to the squared returns gave further support to 

the existence of ARCH effects. With respect to all but one fund, the test detected significant 

autocorrelations for the 2nd, 5th and 10th 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 FHS methodology (to estimate both VaR and ES) 

consists of a meticulous process of model fitting to select an appropriate volatility model. To ensure 

the validity of FHS, the model selected to be used as a filter must necessarily pass the residual 

diagnostic tests for serial correlation and heteroscedasticity. Highly skewed and leptokurtic non-

normal daily returns and a strong phenomenon of autocorrelation and heteroscedasticity are the main 

empirical properties of the data.  Therefore, it is crucial to adopt a volatility model that properly 

deals with these empirical characteristics. For this purpose several GARCH-type models were 

estimated.8 Letting m = 0,1,2,3 and n = 0,1,2,3, a set of ARMA(m,n) models, combined with 

alternative GARCH-type specifications for the variance equation were estimated with respect to each 

investment trust.9 Alternative GARCH-type specifications were estimated and tested: GARCH (1,1); 

GARCH (1,1)-in-mean; GJR (1,1) and GJR (1,1)-in-mean. 

From the total set of 64 estimated models for each time series under analysis, the best fitted 

model was selected. The first step for the selection of the best model for each fund is to perform a 

diagnostic check on the residuals for remaining serial correlation effects and also remaining 

                                                 

8 The GARCH-type models were estimated using the maximum likelihood (ML) approach according to the quasi-
Newton method of Broyden, Fletcher, Goldfarb and Shanno. The results were obtained using Ox version 4.10 (see 
Doornik, 2007). 
9 For the estimation of the models the non-negativity and stationary conditions defined in the literature were considered. 
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heteroscedasticity10. For each fund, only the models that passed simultaneously all the diagnostic 

checks (at a 95% confidence level11) were considered robust candidates to be selected as the best 

model. Next, considering the set of robust models for each fund, the Akaike Information Criterion 

(AIC) and Schwarz Information Criterion (SIC) were used in the comparison of the models and the 

final model selection was done by choosing the model which generates the lowest AIC and/or SIC12. 

For the great majority of the trusts under analysis, the fitted best model has an asymmetric 

specification for the variance equation. Table 1 presents these results. 

 

[Insert Table 1 here] 

 

5.2. The performance of UK investment trusts 

The results for the different risk-adjusted measures of performance are presented in table 2: 

Sharpe ratio (SR), Sortino ratio, excess return on value-at-risk (ERVaR) and excess return on 

expected shortfall (ERES). Two alternative versions of the excess return on VaR are computed. 

Firstly, the VaR is estimated using the Cornish-Fisher approximation (CFVaR). Secondly, the VaR 

(as well as ES) is estimated using the FHS method13. 

 

                                                 

10 The well known Box-Pierce test was applied to the standardized residuals in order to investigate the presence of 
remaining serial correlation effects. When applied to the squared standardized residuals, the Box-Pierce test can give us a 
first indication of the correct specification of the variance equation by not rejecting the null hypothesis of 
homoscedasticity. Additionally, the presence of remaining ARCH effects was investigated by the application of the 
Engles´s LM test and the Residual Based Diagnostic (RBD) of Tse (2002).  
11 By using a confidence level of 95% instead of 99% we are being more conservative on the selection of the best model.  

12 For those cases in which the AIC and the SIC do not select the same model, a log-likelihood ratio test (LRT) was 
applied to assess the statistical significance of the difference. In the case that the models selected by the two different 
adopted selection criteria are significantly different, according to the results provided by the application of the LRT, the 
model selected by the AIC was used as it is considered to be superior in terms of fit improvement. Otherwise, the simpler 
model was chosen and parsimony is ensured. 
13 To obtain the  99% confidence level VaRFHS and ESFHS, estimates of 100000 pseudo returns were generated through 
the implementation of a bootstrap (with replacement) procedure based on the residuals of the GARCH-type model 
previously fitted for each of the investment trusts considered.  
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[Insert Table 2  here] 

 

Among the five performance ratios, excess return on CFVaR presents the lowest mean and 

standard deviation. The mean and standard deviation are considerably higher for the Sortino ratio in 

comparison to any of the other performance ratios considered. Performance ratios based on CFVaR, 

VaR and ES exhibit a lower standard deviation (as well as a lower mean) in relation to the SR. The 

magnitudes of the standard deviation differ considerably between the Sortino Ratio and the other 

metrics. 

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

rankings. 

 

[Insert Table 3 here] 

 

Considering our sample of trusts, the position of the benchmark varies from 68 (according to 

Excess Return on CFVaR) to 73 (according to Sharpe Ratio). This means that by changing the 

performance measure used from the Excess Return on CFVaR to the Sharpe Ratio there are 5 trusts 

that change from being underperformers to beating the market. It should be noticed that only Excess 

Return on VaR and Excess Return on ES generate the same rank order for the benchmark 

As reported in table 4, the percentage of funds with the same rank order according to the use 

of two different measures of performance is 10% on average. 

 

[Insert Table 4 here] 

 

This ranges from 5% (Sortino versus Excess Return on ES and Excess Return on CFVaR versus 

Excess Return on ES) to 30% (Excess Return on VaR versus Excess Return on ES). Not surprisingly, 
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the pair of performance measures Excess Return on VaR versus Excess Return on ES exhibits 

systematically and by far the highest percentage of equality in ranks. 

With respect to each performance ratio the top five and bottom five rankings were also 

analysed. The number of changes in the top/bottom five rankings was tracked across the different 

pairs of performance measures. Table 5 summarises the results for this analysis. 

 

[Insert Table 5 here] 

 

On average, 42% of the trusts change in the top five ranking based on the use of alternative 

performance measures. The bottom five ranking is more stable across the different pairs of 

performance measures. In fact, the percentage of trusts that change in the top five is always higher 

than the percentage of trusts that change in the bottom five ranking. 

In sum, this preliminary analysis of performance ranks based on alternative measures shows some 

rank changes that may not be neglected by investors. 

Next, several statistical tests, will be applied in order to assess the level of association 

between different performance measures. 

 

5.3. Association between different performance measures 

To assess the level of association between the different performance measures and performance 

rankings, both parametric and non-parametric approaches are used. A total of four alternative 

measures of correlation are applied. We aim to investigate not the lack or perfect association but the 

intensity of the association between the measures of performance. Therefore, statistical inference will 

be performed on the basis of confidence intervals around the observed value. 

For each measure of correlation, generally denoted by !, the theoretical values for perfect association 

and lack of association are defined respectively as ! � � and  ! � �. The observed value of the 
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association, !", has no constraint with respect to !, but must satisfy !" � !. Additionally consider 

different threshold levels #� 	 � � �	
 	� ranked by their intensity of association: ! � #� � #� � � �

#� � !. A one-sided confidence interval below !" , with a confidence level of $, can be computed 

and denoted by %�. The hypothesis that ! exhibits at least the intensity of association corresponding 

to #� if #� � %�, cannot be rejected if &
'! � %�( � $. Obviously, the perfect association and the 

lack of association hypotheses will not be rejected if ! � %� and  ! � )�, with )�denoting the one-

sided upper interval. 

Under the parametric approach and in order to measure the level of correlation between 

alternative performance ratios, Pearson’s correlation coefficient is applied. Under the non-parametric 

approach we first consider the rankings produced by the performance measures and test their 

association using two different rank correlation coefficients: Spearman’s coefficient, denoted by !�, 
and Kendall’s Tau coefficient, denoted by !�. In addition, and to complete our non-parametric 

approach, we apply a test based on contingency table statistics. Cohen (1960) introduced the kappa 

statistic, denoted by !�, which is an appropriate measure to assess the concordance of judgements 

made by different raters as it aims to measure the proportion of matching pairs in the table that is not 

merely due to chance. In our paper, the raters are the different performance measures applied14. The 

lower bound for one-sided confidence interval for Cohen´s kappa  is computed according to Fleiss 

(1971). 

In order to classify the levels of association obtained for the alternative performance 

measures, we follow the approach of Hübner (2007), who defines a scale that is based on a 

                                                 

14 In order to build the contingency tables we first rank funds on performance and identify the median. Funds with 
performance above the median are classified as Winners (W) and funds with performance below the median are 
classified as Losers (L). Comparing the results of two alternative performance measures, funds are classified in four 
categories: The funds that are Winners or Losers using both measures of performance are classified as WW and LL, 
respectively. The funds that are winners under one and losers under the other ranking are denoted by WL and LW.  
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refinement of the work of Landis and Koch (1977). Originally, Landis and Koch (1977) propose a 

scale to assess the strength of association between two statistics based on 5 levels of strenght: Slight 

(SL), Fair (F), Moderate (M), Substantial (SB) and Almost Perfect (AP). Later Hübner (2007) splits 

the intervals that define the strength of association further in lengths of 0.1 and defines 10 levels of 

association that range from Slight-lower range (SL-) to Almost Perfect-upper range (AP+). 

Whenever the association statistic is negative the level of association is classified as Poor (P). Table 

6 describes in detail the scale that will be used to assess the level of association between performance 

measures. 

 

[Insert Table 6 here] 

 

The results of the correlation analysis are summarised in tables 7 and 8. Table 7 shows the 

results on the Pearson correlation coefficient while table 8 presents the results on the Spearman, 

Kendall Tau and Cohen Kappa coefficients. 

 

[Insert Table 7 and 8 here] 

 

In general, the correlation values (!") and their lower bounds, with a one-sided confidence at 

5% level, are more conservative when we consider a parametric measure than when we consider 

non-parametric measures. 

As can be observed in Table 7, when the Pearson correlation coefficient is used we obtain 

considerably high values and a strength of association ranging from SB- to AP+. 

Results on the non-parametric measures, reported in Table 8, indicate that whatever non-

parametric measure is considered, the correlation values and their respective lower bounds are also 

high. In particular, for the Spearman rank correlation coefficient, which is by far the most frequently 
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used measure in previous studies, all the correlation values are very high (superior to 0.90), 

indicating a AP+ level of association between most of the risk-adjusted performance measures. 

However, the correlation values decreases when the Kendall Tau statistic is used. In a few cases, the 

Cohen’s kappa coefficients are even lower. Nevertheless, the level of association can still be 

considered high, ranging from SB- to AP+. These findings suggest that it makes little difference to 

use either the traditional SR or any of the downside risk-adjusted performance measure suggested 

(Sortino ratio, ERCFVaR, ERVaR or ERES). 

In summary, we find some differences in the strength of the association between performance 

results and rankings, depending on the measure that is used. Pearson’s correlation coefficient and 

Spearman’s rank correlation coefficient indicate an almost perfect association between the Sharpe 

ratio and the downside risk-adjusted performance measures.  Taking as reference the results on  the 

Kendall Tau and the Cohen´s Kappa, the level of association between the different performance 

measures declines. 

Our results based on the Spearman rank correlation coefficient are thus similar to previous 

findings. In fact, these results support the hypothesis that the choice of the performance measure 

does not have a significant impact on the relative evaluation of investment trusts, even in the 

presence of empirical distributions that exhibit (mostly) significant negative skewness. This type of 

evidence is somewhat puzzling as it is well known that the performance measures used (traditional 

and downside risk-adjusted) are theoretically very distinct. As mentioned previously, under the SR a 

normal distribution is assumed for the return distribution and only the first two moments are 

considered. By contrast, excess return on VaR and excess return on ES (in the context of FHS 

methodology) do not rely on any distributional assumption and therefore the asymmetry (or even the 

fat tails) of the empirical distribution are taken into account. 

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

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

normality and that is mainly driven by (mostly) negative skewness and excess kurtosis. However, the 

standard deviation of the skewness across our sample of funds is only of 0.5. It would therefore be of 

interest to investigate whether a higher variability of skewness (and kurtosis) across funds would 

produce different conclusions in terms of the association between performance measures. To explore 

this issue, a simulation exercise is implemented in order to generate new series of returns. The 

analysis of the association between performance rankings and measures is then repeated using the 

simulated series of returns. 

 

6. Simulation analysis 

A sample of 110 return series was simulated in such way that the average returns and the 

standard deviation of the returns are similar to our sample of UK investment trusts, but the standard 

deviation of the skewness and kurtosis of those return series is much larger. For each return series, 

100000 observations are simulated from a skewed-t (Fernandez and Steel, 2000) distribution (the 

shape parameter is random). This creates a sample where the dispersion of the skewness and kurtosis 

parameters is much larger than in the empirical sample of UK investment trust funds. The descriptive 

statistics of the sampled simulated returns and the sample of actual fund returns are presented in table 

9. 

 

[Insert Table 9 here] 

 

The dispersion of the skewness of UK investment trusts returns is small (standard deviation 

of 0.5) ranging from -2.38 to 1.35, whereas the standard deviation of skewness from the 110 

simulated return series is around 3, ranging from -8.87 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, we compute the same risk-adjusted performance 

measures as before and repeat the correlation analysis to assess the level of association between 

them. Tables 10 and 11 report the results obtained for the parametric and non-parametric correlation 

tests, respectively. 

 

[Insert Table 10 and 11 here] 

 

The results show that in the case of the ERCFVaR, the correlation values are very low. This 

is observed for all the association measures. However, these results might not be reliable given the 

extremely high values of excess kurtosis. As remarked by Mina and Ulmer (1989), when dealing 

with extremely sharp distributions, the Cornish-Fisher expansion may not be accurate and a non-

parametric method is recommended to estimate VaR with accuracy. 

In relation to the other performance measures, for all the correlation measures, the observed 

values and the corresponding lower bounds show that the correlations between the Sharpe ratio and 

the downside risk-adjusted measures are now lower, while those between the downside risk-adjusted 

performance measures are slightly higher. Notwithstanding, we observe that in the case of the 

Spearman rank correlation coefficient, the Kendall Tau and the Pearson correlation coefficient, the 

level of association continues to be high, varying from AP- to SB- (not considering the ERCFVaR). 

It is with Cohen´s kappa that we observe the most significant differences from the results in the 

previous section. The lower bounds of the correlations values of the Sharpe ratio with the downside 

risk-adjusted performance measures (excluding the ERCFVaR) are now between 0.45 and 0.50, 

which corresponds to a M- level of association. Compared with the results obtained with our sample 

of UK investment trusts (with lower bounds for the correlations values superior to 0.71), we may 

conclude that the choice of performance measure does influence the relative evaluation of investment 

portfolios. These results suggest that Cohen’s Kappa, in comparison to the most frequently used 
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correlation coefficients (Spearman’s coefficient and Kendall’s Tau), seems to be a more appropriate 

statistic test to capture differences between performance rankings. 

 

7. Concluding remarks 

Traditional measures of performance can produce biased estimates of fund managers abilities 

when returns are not elliptically symmetric distributed. Indeed, when dealing with highly negative 

skewed returns, it is expected that downside risk measures can be superior risk estimators. As a 

consequence, downside risk-adjusted measures of performance are considered, from a theoretical 

point of view, more accurate. 

The purpose of this paper was to empirically analyze the impact on fund performance evaluation 

results from the use of traditional versus downside risk-adjusted performance measures. Different 

performance measures were computed for a data set of UK investment trusts. The time series of 

returns from UK investment trusts exhibit significant negative skewness, a characteristic that is 

relevant for the use of downside risk-adjusted measures of performance. In this case, a significant 

impact on performance assessment based on traditional versus downside risk-adjusted performance 

was expected. 

The Sharpe ratio assumes that the returns follow a normal distribution. In contrast, our VaR 

and Expected Shortfall estimates were computed on the basis of FHS, which is a distribution-free 

methodology and therefore particularly suitable to capture any empirical properties of the data. 

Considering the characteristics of our data (highly significant negative skewed returns), a relatively 

low level of association was expected between the Sharpe ratio and the downside risk-adjusted 

measures of performance. 

A preliminary analysis of the performance results revealed some differences between ranks, 

depending on the performance measure that is applied. These differences between performance ranks 

are reflected either in the number of funds that underperform/outperform the benchmark, the number 
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of funds that maintain an equal order across rankings and the number of changes in the five 

top/bottom performing funds. 

A further analysis, consisting in the application of four alternative statistical tests was 

performed, in order to assess the level of association between the performance measures. Both a 

parametric and non-parametric approaches were used. In the context of the parametric approach, 

Pearson’s correlation was computed. Under the non-parametric approach, two rank correlation 

coefficients were applied: Spearman´s coefficient and Kendall´s Tau coefficient. As an alternative 

non-parametric measure of association, the Cohen´s Kappa statistic, based on contingency tables, 

was used. 

With respect to the empirical dataset of UK investment trusts, the results are generally in 

favour of a substantial or almost perfect association between the Sharpe ratio and the proposed 

downside risk-adjusted measures of performance. This findings might be explained by the level of 

variability of the skewness (and kurtosis) across funds. To test this, a simulated data set, with a much 

higher variability of skewness (and kurtosis) across funds, was generated. For the simulated series of 

returns, the level of association between the different measures of performance drops substantially. 

In fact, for the simulated data, the results based on Cohen´s Kappa indicate moderate levels of 

association between the Sharpe ratio and all the downside risk-adjusted measures of performance. In 

sum, our results suggest that the use of different performance measures (traditional versus downside 

risk-adjusted) does have an impact in performance results, but only when the return series are 

characterized by a  high variability in the higher moments, particularly in skewness. When the 

variability in skewness is lower, as in our empirical sample of UK investment trusts, the impact of 

using different performance measures will most likely be not significant. 

As with this paper, most of the empirical studies on performance evaluation aim to assess the 

performance of funds in a specific category, like hedge funds or any other category of funds. In such 

a case, even when funds returns within a category depart from normality, the deviations will most 
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likely be of the same type across funds because they follow similar investment strategies. Therefore 

we may conclude that from an empirical perspective the use of downside risk-adjusted measures 

does not have a significant impact in assessing fund performance, as long as the investment strategies 

of the funds under evaluation are similar. 

However, even if in empirical research statistical tests are not able to capture significant 

differences between the measures, the economic significance of these differences may be important 

to investors and fund managers. This is an issue that deserves further research. In fact, it would be of 

interest to investigate whether the use of alternative risk-adjusted measures, for investment decisions, 

would lead to different performance in future time periods. The issue would be to assess to what 

extent the ex ante use of each of these measures can lead to better ex post performance results. 
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Table 1 – List of best models used as filters for serial correlation and heteroscedasticity under 
FHS 

This table lists the best model fitted and selected for each of the investment trusts (identified by an IT code) 
and for the benchmark (the FTSE All share index represented by R900). 

 

  

IT Code Best Model Fitted IT Code Best Model Fitted IT Code 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 different performance ratios for each trust in the sample (identified by an IT 
code) as well as for the benchmark (the FTSE All-Share represented by R900). The results for the benchmark are 

reported in bold. The mean and the standard deviation of each performance ratio are also reported. 

 

IT Code SR Sortino ERCFVaR ERVaR ERES IT Code SR Sortino ERCFVaR 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 Padrão 0.0174 4.6959 0.0041 0.0088 0.0065
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Table 3 – Performance rankings according to different performance measures 

This table reports the rankings based on different performance ratios for each trust in the sample (identified by 
an IT code) as well as for the benchmark (the FTSE All-Share represented by R900). 

 

IT Code SR Sortino ER CFVaR ER VaR ER ES IT Code SR Sortino ER CFVaR ER VaR ER ES
R10 29 20 53 30 36 R196 77 77 72 75 74
R100 49 51 34 50 47 R197 106 107 108 106 105
R102 101 99 103 100 100 R198 14 10 15 10 15
R106 47 54 28 45 45 R2 25 41 39 9 9
R107 57 52 62 60 61 R21 61 65 50 58 58
R108 24 30 13 25 22 R22 59 62 48 56 57
R109 10 17 8 2 3 R23 67 69 64 73 72
R11 63 61 58 61 60 R28 90 90 88 89 89
R110 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 R30 3 3 1 4 4
R113 64 63 56 67 66 R32 84 81 84 84 83
R114 9 11 14 11 7 R34 2 1 7 1 8
R115 16 25 10 16 14 R38 80 78 78 81 81
R116 32 27 26 40 37 R4 102 100 104 101 101
R122 28 43 37 17 20 R41 74 76 75 74 73
R123 95 97 92 94 95 R42 48 37 59 52 55
R126 76 70 73 80 79 R43 20 50 51 21 33
R128 17 15 12 28 27 R44 94 92 95 95 94
R129 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
R138 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
R143 62 55 52 59 59 R53 69 68 80 77 78
R144 86 86 86 86 86 R55 21 18 44 32 29
R145 109 106 96 110 110 R56 30 53 36 20 19
R147 100 104 94 103 102 R60 42 46 30 35 32
R148 11 9 22 8 10 R62 7 12 3 5 2
R150 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 R70 45 48 33 38 31
R155 107 105 107 105 106 R72 27 38 20 19 16
R156 15 6 17 41 43 R73 4 5 11 6 6
R16 91 93 90 99 98 R74 68 66 71 78 77
R167 99 94 101 98 99 R75 18 16 23 13 12
R168 87 87 87 87 87 R76 1 2 2 3 1
R169 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 R80 5 4 18 14 18
R173 58 57 42 53 50 R81 8 7 19 27 28
R174 50 58 63 22 25 R82 96 95 97 96 96
R175 66 64 65 70 71 R84 98 98 100 97 97
R177 97 101 93 91 91 R85 89 89 89 90 90
R178 44 33 57 36 38 R86 103 102 106 104 104
R180 56 47 46 57 54 R900 73 72 68 69 69
R184 78 71 79 79 80 R92 104 103 105 109 109
R186 34 28 24 55 56 R93 55 56 54 54 53
R187 53 60 41 51 52 R94 39 35 27 46 46
R188 38 31 29 48 51 R95 79 82 77 68 68
R189 19 26 9 15 13 R96 26 36 25 7 5
R193 54 42 69 62 65 R98 22 22 38 24 24
R195 60 49 60 65 67 R99 51 44 61 42 44
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Table 4- Equality of performance rankings 

This table reports the number of investment trusts that exhibit the same rank order resulting from the use of 
alternative performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on 

VaR and Excess Return on ES. These figures are expressed 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 7 6%
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 five rankings 

This table reports the changes in the top/bottom five performing funds resulting from different risk-adjusted 
performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on VaR and 

Excess Return on ES. 

 

  

Number of Changes in Top Number of Changes in Bottom Five
SR-Sortino 0 1

SR-ERCFVaR 3 1
SR-ERVaR 2 2
SR-ERES 3 2

Sortino-ESCFVaR 3 2
Sortino-ERVaR 2 1
Sortino-ERES 3 2

ERCFVaR-ERVaR 2 3
ERCFVaR-ERES 2 3

ERVaR-ERES 1 1
Average 2.1 1.8

Average % 42% 36%
Standard Deviation 0.994428926 0.788810638
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Table 6 – Scale for the strength of association 

This table describes the scale used to assess the strength of association between the performance measures. 
Our scale is based on 5 levels of strength of association: Slight (SL), Fair (F), Moderate (M), Substantial (SB) 
and Almost Perfect (AP). We follow the approach of Hübner (2007) by splitting the intervals that define the 
strength of association further in lengths of 0.1 and defining 10 levels of association that range from Slight-
lower  range (SL-) to Almost Perfect-upper range (AP+). For negative values of the association statistic our 

scale gives a classification of Poor (P). 

 

 

  

Association Statistic
Strength of Association 

< 0.00 Poor
0.00 – 0.10 Slight-lower range (SL-)
0.11 – 0.20 Slight-upper range (SL+)
0.21 – 0.30 Fair-lower range (F-)
0.31 – 0.40 Fair-upper range (F+)
0.41 – 0.50 Moderate-lower range (M-)
0.51 – 0.60 Moderate-upper range (M+)
0.61 – 0.70 Substantial-lower range (SB-)
0.71 – 0.80 Substantial-upper range (SB+)
0.81 – 0.90 Almost perfect-lower range (AP-)
0.91 – 1.00 Almost perfect-upper range (AP+)

),,, ,( κκκκττττρρρρ SPii ====
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Table 7 – Summary of results for the parametric measure of correlation: UK investment trusts 

This table summarises the results of the Pearson correlation coefficients (���), considering different risk-
adjusted performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on VaR 

and Excess Return on ES. The observed value (��) and its lower bound with a one-sided confidence at 5% 
level are reported, as well as the corresponding strength of association: Slight (SL), Fair (F), Moderate (M), 
Substantial (SB) and Almost Perfect (AP). We adopt the approach of Hübner (2007) that splits the intervals 

defined above further in lengths of 0.1 and defines 10 levels of association that range from Slight-lower range 
(SL-) to Almost Perfect-upper range (AP+). 

 

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+

Pearson's correlation

Pρρρρ̂
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Table 8 – Summary of results for the non-parametric measures of correlation: UK investment 
trusts 

This table summarises the results of the Spearman rank correlation coefficients (���), Kendall Tau rank 
correlation coefficients (���) and Cohen’s Kappa coefficients (���), considering different risk-adjusted 

performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on VaR and 
Excess Return on ES. The observed value (��) and its lower bound with a one-sided confidence at 5% level are 
reported, as well as the corresponding strength of association: Slight (SL), Fair (F), Moderate (M), Substantial 

(SB) and Almost Perfect (AP). We follow the approach of Hübner (2007) that splits the intervals defined 
above further in lengths of 0.1 and defines 10 levels of association that range from Slight-lower range (SL-) to 

Almost Perfect-upper range (AP+).

 

 

  

Lower Strength of Lower Strength of Lower Strength of 
Bound  Association 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+

Cohen´s KappaSpearman's correlation Kendall's Tau

Sρρρρ̂ ττττρρρρ̂ κκκκρρρρ̂
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Table 9 – Descriptive statistics for the simulated return series compared with those of the 
investment trusts sample 

This table reports descriptive statistics of the simulated sample of returns in comparison with the descriptive 
statistics of our sample of UK investment trusts. Each sample 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
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Table 10 – Summary of results for the parametric measure of correlation: simulated data 

This table summarises the results of the Pearson correlation coefficients (���), considering different risk-
adjusted performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on VaR 

and Excess Return on ES. The observed value (��) and its lower bound with a one-sided confidence at 5% 
level are reported, as well as the corresponding strength of association: Slight (SL), Fair (F), Moderate (M), 
Substantial (SB) and Almost Perfect (AP). We follow the approach of Hübner (2007) that splits the intervals 
defined above further in lengths of 0.1 and defines 10 levels of  association  that  range  from  Slight-lower 

range (SL-) to  Almost Perfect-upper range (AP+).

 

 

  

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+

Pearson's correlation

Pρρρρ̂
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Table 11 – Summary of results for the non-parametric measures of correlation: simulated data 

This table summarises the results of the Spearman rank correlation coefficients (���), Kendall Tau rank 
correlation coefficients (���) and Cohen’s Kappa coefficients (���), considering different risk-adjusted 

performance measures: Sharpe ratio, Sortino ratio, Excess Return on CFVaR, Excess Return on VaR and 
Excess Return on ES. The observed value (��) and its lower bound with a one-sided confidence at 5% level are 
reported, as well as the corresponding strength of association: Slight (SL), Fair (F), Moderate (M), Substantial 

(SB) and Almost Perfect (AP). We follow the approach of Hübner (2007) that splits the intervals defined 
above further in lengths of 0.1 and defines 10 levels of association that range from Slight-lower range (SL-) to 

Almost Perfect-upper range (AP+). 

 

Lower Strength of Lower Strength of Lower Strength of 
Bound  Association Bound  Association 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+

Cohen´s KappaSpearman's correlation Kendall's Tau

Sρρρρ̂ ττττρρρρ̂ κκκκρρρρ̂


