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ABSTRACT 
 

The Sharpe ratio is widely used as a performance evaluation measure for traditional (i.e., long 
only) investment funds as well as less-conventional funds such as hedge funds. Based on mean-
variance theory, the Sharpe ratio only considers the first two moments of return distributions, so 
hedge funds – characterised by complex, asymmetric, highly-skewed returns with non-negligible 
higher moments – may be misdiagnosed in terms of performance. The Sharpe ratio is also 
susceptible to manipulation and estimation error. These drawbacks have demonstrated the need 
for augmented measures, or, in some cases, replacement fund performance metrics. Over the 
period January 2000 to December 2011 the monthly returns of 184 international long/short 
(equity) hedge funds with investment mandates that span the geographical areas of North 
America, Europe, and Asia were examined. This study compares results obtained using the Sharpe 
ratio (in which returns are assumed to be serially uncorrelated) with those obtained using a 
technique which does account for serial return correlation. Standard techniques for annualising 
Sharpe ratios, based on monthly estimators, do not account for serial return correlation – this 
study compares Sharpe ratio results obtained using a technique which accounts for serial return 
correlation. In addition, this study assess whether the Bias ratio supplements the Sharpe ratio in 
the evaluation of hedge fund risk and thus in the investment decision-making process. The Bias 
and Sharpe ratios were estimated on a rolling basis to ascertain whether the Bias ratio does 
indeed provide useful additional information to investors to that provided solely by the Sharpe 
ratio. 
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1. INTRODUCTION 
 

nstitutional investors and wealthy individuals have for a long time been interested in hedge funds as 
alternative investments to traditional asset portfolios, while the public’s interest in the hedge fund 
industry has also increased through spectacular hedge fund activities, such as the collapse of Long Term 

Capital Management (LTCM) in the late 1990’s. Since the early 1990’s, hedge funds have become an increasingly 
popular asset class as global investment rose from US$50bn in 1990 to US$2.2tn in early 2007 (Barclayhedge, 
2013). In March 2012, long/short equity funds accounted for the largest portion – 23% – of the industry by assets 
(Citi, 2012). The hedge fund industry posted its sturdiest gains, in terms of asset flows and performance, between 
2003 to 2007 where after the financial crisis significantly curtailed growth. However, industry growth reversed, 
declining to US$1.4tn by April 2009 due to substantial investor redemptions and performance-based declines 
(Eurekahedge, 2012). In April 2013, total assets under management (AUM) for the hedge fund industry had risen to 
only US$1.9tn (Eurekahedge, 2013) with growth relatively flat, as shown in Figure 1. 
 
 
 

I 
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Figure 1: Hedge Funds' Assets under Management (US$Tns), 1997 to Quarter 2 of 2013 

Source: Barclayhedge (2013) 

 
Although most comparisons of hedge fund returns concentrate exclusively on total return values, 

comparing funds with different expected returns and risks in this manner is meaningless. The combination of return 
and risk into a risk-adjusted number is one of the key tasks of performance measurement (Lhabitant, 2004). The 
hedge fund industry has adopted a number of risk-adjusted 1  performance measures (some of which are also 

commonly used in traditional funds) such as the Sharpe and Treynor ratios, Jensen alpha,   , and downside (risk) 
measures such as the Sortino ratio and Value-at-risk (VaR). 
 

The Sharpe ratio is the metric of choice amongst hedge funds and also the most commonly used measure of 
risk-adjusted performance (Lhabitant, 2004; Opdyke, 2007; Schmid & Schmidt, 2007). Proposed by Sharpe as the 
“reward-to-variability” ratio as a mutual fund comparison tool (see, Sharpe, 1966, 1975, 1994) the ratio is both 
conceptually simple and rich in meaning, providing investors with an objective, quantitative measure of 
performance. It enjoys widespread use and numerous interpretations, but it also has its drawbacks, which will be 
discussed in Section 2.1. Among others, volatility measures are generally unsuitable for dealing with asymmetric 
return distributions (Lhabitant, 2004). 
 

Return performance is, however, also a key objective for hedge funds, and the hedge fund universe showed 
an annual return of 8.82% from 1995 until 2003 compared to an annual return of 12.38% for the S&P500 (Malkiel 
& Saha, 2005). More recently, in 2011 the hedge fund industry reported a 4.6% performance loss, although most of 
the losses occurred in the third quarter when global equity markets fell by approximately 17% (TheCityUK, 2012). 
Between 2002 and 2012 average annual returns for hedge funds were 6.3% (TheCityUK, 2012) compared with 5.7% 
for U.S. bonds,2 7.8% for global bonds,3 and 6.0% for the S&P500. The hedge fund industry posted its worst annual 
performance in 2008 (-20%), its worst since 1990 while total fund liquidations rose to around 775 in 2011, an 
increase of 4% from 743 in the previous year. Although the total number of funds rose to 9,523 in 2011 this number 
still fails to eclipse the pre-crisis peak at the end of 2007 of 10,096 funds (Clarke, 2012). According to figures from 
Hedge Fund Research (HFR), hedge fund launches and total fund numbers have at March 2012 still not returned to 
their pre-financial crisis levels (Clarke, 2012). In terms of the industry’s asset size, AUM declined 27% in 2008 to 
US$1.4tn (Roxburgh et al., 2009) and even further in March 2009 to US$1.29tn (Eurekahedge, 2010), echoing both 
asset withdrawals and investment losses. 
 

                                                           
1 Usually performance indicators that combine the returns with the risk of the fund (Botha, 2007). 
2 U.S. bonds as measured by the Barclays U.S. Aggregate Bond Index. 
3 Global bonds as measured by the JP Morgan Global Government Bond Index (unhedged). 
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Investor withdrawals following the financial crisis (when it became clear that hedge funds had not 
"hedged" well at all) contributed to poor performance. This has led to a high attrition rate4 (Brown et al., 1999, 
2001a, 2001b; Liang, 1999) which has also increased significantly over time. Only 90.9% of funds that were alive in 
1996 were still alive in 1999, while this declined to 59.5% in 2001 (Kat & Amin, 2001). Furthermore, Kaiser and 
Haberfelner (2012) found that the attrition rate for hedge funds has nearly doubled since the financial crisis. In the 
highly competitive world of fund performance, the reporting of monthly returns can exacerbate investor outflows, 
halt them, reverse them, or increase them – depending on the reported figures. The incentive to exaggerate or 
misrepresent fund performance is strong (see, e.g., Feng, 2011; Agarwal & Naik, 2011; Goetzmann et al., 2007; 
Bollen & Pool, 2009). Also as investors pay high fees, typically in the vicinity of a 2% management fee and a 20% 
performance fee, performance evaluation and an accurate performance evaluation methodology are of vital 
importance to investors (Lopez de Prado, 2013). 
 

It is possible that the risks that hedge funds face are not measured sufficiently accurately, measures 
currently employed are inadequate or they are sometimes misrepresented. Consideration of new measures, in 
addition to the Sharpe ratio, to augment hedge fund risk (and risk-adjusted return) measurement have long been 
debated (e.g., Perello, 2007; Wiesinger, 2010). One such measure is the Bias Ratio, a practical measure for detecting 
potentially suspicious fund returns (Abdulali, 2006). 
 

This study evaluates whether the Bias ratio should augment the use of the Sharpe ratio when evaluating 
hedge fund risk and in the investment decision-making process. Not only does the Bias ratio provide information 
over and above that given by the Sharpe ratio, but the latter is ill-suited to hedge funds (which exhibit complex, 
asymmetric, and highly-skewed return distributions). 
 

The remainder of this paper is structured as follows: Section 2 presents an overview of the existing 
literature governing fund performance, as well as an overview of both alternative (risk-adjusted) performance 
measures and the influence on the Sharpe ratio of illiquidity and smoothing. Section 3 introduces the technical 
details of the Bias ratio, discusses other fraud measures as well as the data employed, and concludes with a real-
world application of the Bias ratio to a known fraud5 to validate its applicability and robustness. Section 4 presents 
the analysis and results along with some comparative summary statistics and Section 5 concludes. 
 

2. LITERATURE STUDY 
 
2.1 Inadequacy of Sharpe Ratio 
 

The Sharpe ratio is one of the most commonly cited statistics in financial analysis and the metric of choice 
amongst hedge funds, particularly as a measure of risk-adjusted performance (Koekebakker & Zakamouline, 2008; 
Lhabitant, 2004; Lo, 2002; Opdyke, 2007; Schmid & Schmidt, 2007). Also known as the risk-adjusted rate of return 
(Sharpe, 1966, 1975, 1992, 1994; van Vuuren et al., 2003), it is calculated using: 
             (1) 

 
where    is the cumulative portfolio return measured over   months,    is the cumulative risk-free rate of return 

measured over the same period, and   is the monthly portfolio volatility (risk). Despite its widespread use, the 
measure does, however, have some weaknesses, especially within the hedge fund context. 
 

Expected returns and volatilities are non-observable quantities so they must be estimated. The Sharpe ratio 
is thus determined with inevitable estimation errors. Lo (2002) argued that little attention has been given to the 
statistical properties of the Sharpe ratio given that the accuracy of its estimators rely on the statistical properties of 
returns, and that these may be very different among portfolios, strategies, and over time. By this Lo (2002) 
concludes that the performance of more volatile investment strategies is more difficult to determine than less volatile 
strategies. Since hedge funds are generally more volatile than more traditional investments (Ackermann et al., 1999; 

                                                           
4 Attrition rate is the liquidation rate of funds. 
5 The Madoff fraud case is used in the application of the Bias ratio. 
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Liang 1999), Sharpe ratio estimates for hedge funds are likely to be less accurate. Numerous statistical tests that 
provide for Sharpe ratio comparisons between two portfolios have been proposed by Gibbons, Ross, and Shanken 
(1989), Jobson and Korkie (1981), Lo (2002), and Memmel (2003). However, the unavailability of multiple Sharpe 
ratio comparisons has led to alternative approaches (e.g., Ackermann et al., 1999; Maller & Turkington, 2002). It is 
clear that a more refined approach of interpreting Sharpe ratios is necessary and that such an approach should 
possibly consider information concerning the investment style or strategy and also the market environment in which 
the returns are generated. In addition, it has also been demonstrated that the Sharpe ratio is prone to manipulation 
(see, e.g., Goetzmann et al., 2002, 2007; Spurgin, 2001). 
 

Brooks and Kat (2002) found that hedge fund indices exhibit low skewness and high kurtosis, while Scott 
and Horvath (1980) found that investors prefer high first and third moments (mean and skewness) and low second 
and fourth moments (standard deviation and kurtosis). Asymmetric distributions influence the validity of volatility 
as a risk measure, which in turn also impacts the accuracy of the Sharpe ratio. Volatility measures only the 
dispersion of returns around their historical average and given that positive and negative deviations from the average 
are penalised in an equal manner in the calculation, the concept only makes sense for symmetrical distributions 
(Lhabitant, 2004). In practice most return distributions are neither normal nor symmetrically distributed, thus even 
when two investments have the same mean and volatility, they may have significantly different higher moments. 
This is particularly true for strategies involving dynamic trading, buying and selling options, and active leverage 
management (Lhabitant, 2004) – all strategies employed by hedge funds. The return distributions of such strategies 
are highly asymmetric and possess “fat tails,” which in turn render volatility less meaningful as a measure of risk. 
From an investor’s perspective the relevance of the dispersion of returns around an average has been questioned, as 
most investors perceive risk as a failure to achieve a specific goal such as a benchmark rate (Lhabitant, 2004; 
Vanguard, 2012). In this situation, risk is only considered as the downside of the return distribution and not the 
upside: volatility does not capture this difference (Lhabitant, 2004). Investors are also more adverse to negative 
deviations than to positive deviations of the same magnitude (Lhabitant, 2004). 
 

The Sharpe ratio is based on the mean-variance framework, which employs the CAPM methodology under 
which the appropriate measure of risk is represented by  : 
                                                      

(2) 

 

where    and      are the portfolio and market returns, respectively. 

 
Strong assumptions underlie the CAPM; e.g., (i) returns are normally distributed and (ii) investors care 

only about the mean and variance of returns, so upside and downside risks are viewed with equal dislike (Leland, 
1999). These assumptions seldom hold in practice: even if the underlying assets’ returns are normally distributed, 
the returns of portfolios that contain options on these assets, or use dynamic strategies will not be (Leland, 1999). 
 

Hedge funds generally employ dynamic investment strategies, with accompanying dynamic risk exposures, 
and these have important implications for investors who seek to manage the risk/reward trade-offs of their 
investments (Chan et al., 2005). For this reason, hedge fund performance is often summarised with multiple 

statistics.6 While   is an adequate risk measure for static investments, there is no single measure capturing the risks 
of a dynamic investment strategy (Chan et al., 2005). Linear performance measures can often not capture the 
dynamic trading strategies that several hedge funds pursue (Agarwal & Naik, 2004) whilst hedge funds employ a 
range of trading strategies. Analysing all hedge funds using a singular performance measurement framework that 
does not consider the characteristics of the specific strategies is of limited value. Hedge fund style specific 
performance measurement models or measures are required in order to capture the differences in management style 
(Agarwal & Naik, 2004; Fung & Hsieh, 2001, 2004). 

                                                           
6 e.g., mean, standard deviation, Sharpe ratio, market beta, Sortino ratio, maximum drawdown, etc. (Chan et al., 2005). 
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A large number of equity-orientated hedge fund strategies bear significant (left-tail) risk that is ignored by 
the mean-variance framework7 (Lhabitant, 2004). 
 
2.2 Alternative Risk Performance Measures 
 

The drawbacks of volatility as a measure of risk clarify why alternative risk measures have been sought 
(Lhabitant, 2004). Many alternative measures replace the Sharpe ratio’s denominator (volatility) by an alternative 
measure of risk. For example, Sortino and Price (1994), as well as Ziemba (2005), substitute standard deviation by 
downside-deviation. Gregoriou and Gueyie (2003) propose a modified Sharpe ratio as an alternative measure 
specifically for hedge fund returns by using a modified Value-at-Risk (VaR) instead of standard deviation as the 
denominator.8 Dowd (2000) replaces standard deviation by a VaR measure, while conditional VaR may also be 
used. The Stutzer index is based on the behavioural hypothesis that investors aim to minimise the probability that the 
excess returns over a given threshold will be negative (Stutzer, 2000). The Omega ratio expresses the ratio of the 
gains with respects to a chosen threshold to the loss with respect to the same threshold (Shadwick & Keating, 2002). 
Kaplan and Knowles (2004) introduced the Kappa measures which generalises the Sortino and Omega ratios, while 
Koekebakker and Zakamouline (2008) derive a formula for a natural extension of the Sharpe ratio that considers the 
skewness of the distribution.9 
 

These alternative performance measures, however, lack solid theoretical underpinnings (considering the 
Sharpe ratio is based on the expected utility theory) (Koekebakker & Zakamouline, 2008) and do not allow accurate 
ranking of portfolio performance since ranking based on these measures depends significantly on the choice of 
threshold. In addition, most of these measures take into account only downside risk, while the upside potential is not 
considered. 
 
2.3 Influence of Illiquidity and Return Smoothing on Sharpe Ratio 
 

Illiquidity and (return) smoothing also have an impact on the Sharpe ratio. Alternative investment returns 
are often highly serially correlated, due mainly to illiquidity exposure and smoothed returns, although several 
potential explanations exist (Chan et al., 2005; Getmansky et al., 2004). Serial correlation is thus used as a proxy for 
liquidity. In most cases, serial correlation in hedge fund returns is the result of illiquid component securities 
(Getmansky et al., 2004), which can include securities not actively traded and for which market prices are not 
always readily available. In such instances, the hedge fund manager has considerable discretion in marking the 
portfolio’s value (to arrive at the fund’s net asset value (NAV)), while this leads to the reported returns of funds 
containing illiquid securities appearing to be smoother than true economic returns,10 and as a consequence this will 
convey a downward bias on the estimated return variance and yield positive serial return correlation. In the hedge 
fund context serial correlation is thus mostly likely the outcome of illiquidity exposure, and while non-synchronous 
trading11 could be one symptom or by-product of illiquidity, it is not the only aspect of illiquidity that affects hedge 
fund returns. Bisias et al. (2012), however, found that funds that invest in highly liquid securities (e.g., equity funds) 
have autocorrelations near zero. Funds with high serial autocorrelations indicate returns smoothing although market 
inefficiencies, time-varying expected returns and leverage and incentive fees with high-water marks could also be 
the cause (Getmansky et al., 2004). Cao et al. (2013) estimated that 24% of hedge fund reported return 
autocorrelation is due to managerial discretion in reporting returns, while the underlying assets are responsible for 
the remaining 76% of autocorrelation. The amount of autocorrelation due to managerial discretion was found to be 
higher for funds with greater barriers to liquidity12 as measured by the length of both the redemption notice period 
and the lockup period (Cao et al., 2013). 
 

                                                           
7 These left-tail risks originate from hedge fund strategies that exhibit payoffs resembling a short position in a put option on the market index 
(Lhabitant, 2004). 
8 The standard VaR only considers mean and standard deviation while modified VaR takes both the mean and standard deviation as well as skew-
ness and excess kurtosis into consideration. 
9 This ratio is denoted as the adjusted for skewness Sharpe ratio (ASR). 
10 Returns that fully reflect all available market information (in relation to those securities). 
11 This trading phenomenon demotes to security prices recorded at different times, but being incorrectly treated as if they were recorded simulta-
neously. 
12 In this context liquidity refers to the ease or difficulty with which an investor can make or redeem an investment in the fund (Cao et al., 2013). 
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In terms of valuation behaviour, Cici et al., (2013) found that a negative coefficient on past holding return 
exists. This suggests that following lower past returns, a tendency to overvalue the portfolio exists and alternatively, 
following high past returns, a tendency to undervalue the portfolio exists. Such behaviour hints that part of the 
valuation behaviour is directly motivated by incentives related to performance considerations. The nature of hedge 
fund compensation structures which is commonly linked to performance statistics (Do et al., 2005) could encourage 
returns manipulation through “smoothing”; i.e., marking portfolios to less than their actual value in months with 
large positive returns so as to create a “cushion” for other months with lower returns. Just under half of hedge fund 
managers were found to modify their data (Patton et al., 2012). The data modifications included not only 
performance improvements, but also downward performance adjustments depending on either relevant performance 
fee levels or high-water marks. Practices such as return-smoothing practices yield a more consistent set of returns 
over time, with lower volatility, and ultimately a higher Sharpe ratio, but also high serial correlation. The more 
illiquid the portfolio, the more leeway the manager has in marking its value and smoothing returns, while also 
creating serial correlation in the process. Cici et al. (2013) showed that valuation deviations are related to stock 
characteristics and specifically that positions corresponding to highly illiquid stocks display more valuation 
deviations. Cici et al. (2013) also found that a significant fraction of deviations exist among highly liquid positions, 
suggesting that illiquidity alone cannot explain observed valuation discrepancies.13 It is therefore imperative that 
investors know the NAV calculation methodology used as there is a tendency for managers to “manage” optimally 
their monthly NAV in order to smooth their returns, which in turn also enables a fund to hide risk (Lhabitant, 2004). 
This problem is particularly severe in two categories of hedge funds namely; (i) hedge funds holding illiquid 
securities or securities that are difficult to price,14 and (ii) US onshore limited partnerships.15 Valuation practices 
have been found which show no consistent market practice across hedge funds when numerous quotes were 
available (Lhabitant, 2004). Approximately 50% of fund respondents used an average quote, 36% used subjective 
judgement, 7% used the median quote, and 7% eliminated the high and low prices and then averaged the remaining 
quotes. The significance of smoothed returns and serial correlation is considered in greater detail in Getmansky et al. 
(2004) and Lo (2002). 
 

Additional bias in reported Sharpe ratios occurs when monthly Sharp ratios are annualised by multiplying 

by    . This is the correct procedure if the returns are independently and identically distributed (IID), but for non-
IID returns, an alternative procedure that accounts for serial correlation must be used (Lo, 2002). It is, however, 
important to take illiquidity and smoothed returns into account when evaluating the performance of hedge funds 
(Getmansky et al., 2004). 
 

Conditional serial correlation can, therefore, be considered as an indicator of (possible) fraud, as when true 
returns are independently distributed and a manager fully reports gains but delays reporting losses the reported 
returns will feature conditional serial correlation (Bollen & Pool, 2008). 
 

An additional measure that should be considered by investors might include a measure that detects 
fraudulent activity or has the ability to identify a heightened risk of fraud by hedge funds. One such measure is the 
Bias ratio, which is introduced in the next section. 
 
3. METHODOLOGY AND DATA 
 
3.1 The Bias Ratio 
 

The Bias ratio, introduced by Abdulali (2006), is a metric devised to highlight possible fund manipulation 
and thus a practical method for filtering suspicious funds. The measure is similar to Benford’s law,16 a comparable 
leading digits mathematical theory that provides a distinctive method of data analysis (Nigrini, 1999). This method, 
used by forensic accountants, may be employed to establish the normal level of number duplications in data sets, 

                                                           
13 Cici et al. (2013) found that roughly 7% of all equity positions are valued at different prices from closing prices as reported to the Centre of 
Research in Security Prices (CRSP). 
14 Marking to market of these assets is quite often difficult due to either small trading volumes and/or the unavailability of daily true economic 
traded prices. 
15 As the majority of these funds value their own portfolios. 
16 Benford’s law is named for physicist Frank Benford (1938). 
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which thus makes it possible to identify both abnormal digit and number occurrences. Benford’s law can be used to 
identify irregularities which might indicate possible error, fraud, manipulative bias, or other inefficiency (Nigrini & 
Mittermaier, 1997; Raimi, 1976). 
 

The Bias ratio exposes possible fund return manipulation and can thus be used as an indicator (but not 
ultimate proof) of fraudulent activity. The Bias ratio is similar to a test for randomness, as it is a mathematical 
technique that identifies abnormalities in the distribution of returns. Bollen and Pool (2012) establish a significant 
relationship between a variety of suspicious return patterns and the incidence of fraudulent activity and other 
regulatory violations. The metric calculates the ratio of the frequency of positive returns to the frequency of negative 
returns to within one standard deviation of the observed return distribution; i.e., it investigates the return 
distribution’s degree of symmetry, by analysing the fund returns to measure how far the returns are from an 
unbiased distribution. The Bias ratio for a highly liquid fund or portfolio such as an equity index should thus be 
close to one, while the Bias ratio of a fund that holds highly illiquid securities will be   . The latter occurs when 
bias is introduced where fund managers have discretion in the valuation process. It is difficult to smooth returns for 
funds dealing with high liquidity due to valuation set by readily available market prices. Conversely, a high (or 
increasing) Bias ratio (when dealing in more illiquid securities) is not in itself proving return manipulation, as by 
nature illiquid securities have a propensity to deliver smoother returns (Le Marois, 2008). This is the case even with 
an objective valuation process, although a high (or increasing) Bias ratio may still prove that funds dealing in very 
illiquid securities actively manipulate their returns17 (Le Marois, 2008). It is, however, important to be aware that 
return smoothing does not necessarily imply unfair NAV manipulation; it could simply mean that the value is based 
on an (in-house) subjective rather than an objective process of valuation. 
 

Illiquid securities are often associated with serial correlation of returns, so serial correlation or a very high 
Sharpe ratio can be taken as a warning indicator, but not necessarily as a conclusive and final verdict. Results 
statistically support the Bias ratio as an indicator of return smoothing, as well as a statistical relationship between the 
liquidity of different asset strategies and their Bias ratios (Le Marois, 2008). The Bias ratio can thus assist in 
detecting NAV manipulation (i.e., subjective pricing) while also being able to recognise the presence of illiquid 
securities where they should not exist, but the ratio must be interpreted in line with the liquidity of the strategy being 
observed.18 The Bias ratio makes a good case as a due-diligence tool for the (diligent) investor as it serves as a 
warning flag which can then lead to further investigation. 
 
3.2 Other Fraud Measures 
 

Bollen and Pool (2012) identified (ex-ante) a heightened risk of hedge fund fraud using a collection of 
quantitative algorithms or performance flags, which require only a time-series of returns. The performance flags 
used were based on suspicious patterns in reported fund returns consistent with fraudulent activity. Bollen and Pool 
(2008, 2009) present conditional serial correlation and discontinuity analysis 19  using time series analysis and 
Gaussian kernel density estimations, respectively. 
 

In (2009) extends a manipulation-proof performance measure (MPPM) (Goetzmann et al., 2007) to a 
measure for detecting suspicious funds. The measure is derived from the MPPM,20 which is derived from a utility 
function that bores a fund’s implied risk aversion. The method is still to be thoroughly scrutinised.  
 

The Doubt Ratio (DR) is a relatively new measure based on MPMM which detects funds with manipulated 
performance scores or misreported returns (Brown et al., 2010). 
 
 
 
 

                                                           
17 This practice introduces a severe violation in terms of risk transparency. 
18 A Bias ratio far from the median value, observed for a particular strategy, should be considered as abnormal. 
19 Bollen and Pool’s (2009) discontinuity approach revolves around the discontinuity of the observed return distribution around zero by compar-
ing it to the expected distribution which is based on Gaussian kernel estimation. 
20 The MPPM is a decreasing function of the relative risk aversion, given the risk-free rate and the observed returns. 
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3.3 Data 
 

This study uses the 26,496 monthly returns, net of management and performance fees, from 184 ‘live’ 
individual21 hedge funds from a Eurekahedge database data extract between January 2000 and December 2011. 
Funds without a complete monthly return history for the chosen period were not considered. Monthly returns were 
chosen as hedge funds universally report performance figures on this basis and it is compatible with investors’ 
month-end, holding-period return. The data do not suffer from survivorship, backfilling, or sampling biases, while 
selection bias cannot be addressed as it would require access to returns from hedge funds that decide not to report. 
 

Table 1 presents the summary statistics, in monthly percentages, for the hedge fund returns as well as some 
other relevant information. The  -statistics indicate that the mean returns are significantly different from 0 at the 5% 
significance level for all funds. Also 29 of the 184 funds (15.8%) exhibit normal distributions at the 5% significance 
level, using the Jarque-Bera (JB) test, while the remaining 155 funds (84.2%) have non-normal distributions. 
 

Table 1: Summary Statistics for Long/Short Equity Hedge Funds 
 All Funds North America Europe Asia Global 

No. of funds 184 85 38 15 46 

Sample size 26 496 12 240 5 472 2 160 6 624 

Mean Age (years) 15.8 16.5 14.3 14.4 16.1 

Mean Size (US$m) 188 143 145 87 346 

Return Statistics   0.66 0.76 0.55 0.34 0.66         22.48 16.14 11.49 3.92 10.64   4.8 5.2 3.5 4.0 5.1 

Median 0.6 5.2 0.6 4.0 0.6 

Min -56.7 -56.7 -20.0 -22.4 -54.7 

Max 76.2 76.2 29.6 19.2 39.8 

Skewness 0.75 1.14 0.49 -0.15 0.05 

Kurtosis 18.4 22.3 10.0 4.9 9.6    0.29 0.21 0.74 0.43 0.21    0.03 0.15 0.59 0.31 0.23    0.02 0.01 0.55 0.29 0.21  -value of LB-Q 0.00 0.01 0.00 0.00 0.01 

 
The Ljung-Box Q-statistic measures the overall significance of the first   autocorrelation coefficients, and 

is asymptotically     under the null hypothesis of no autocorrelation. 
 

All the funds are categorised as long/short equity (strategy) funds. This was preferred as it is the largest 
among hedge funds, comprising 35% of the industry (Brown et al., 2009). All funds are mandated only in highly 
liquid markets: mandates in developing markets were omitted from the sample. This ensured that funds are equity 
funds holding liquid instruments. It can be assumed that all securities held have readily available prices and that no 
subjective valuations are necessary. On average, first-order return autocorrelations (  ) of all but two geographical 
areas are       – an indication of liquidity (Getmansky et al., 2004). Also, the near zero levels of autocorrelation 
are consistent with those found by Bisias et al. (2012) for liquid securities such as equity funds. 
 

Table 2 presents a breakdown of the representative geographical mandates of the funds as well as the 
relevant risk-free rate proxies accordingly used. Data on the risk-free rates were sourced from the Federal Reserve 
Bank of St. Louis (FRED) and Bloomberg. 
 
 
 
 

                                                           
21 Meaning not fund of funds, which are funds holding a portfolio of other investment funds, or commodity trading advisors (CTA), but funds that 
invest directly in securities. 
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Table 2: Breakdown of Geographical Mandates of Funds & Risk-Free Rate Proxies 

Geographical Mandate # funds Risk-Free Rate Proxy 
North America* 85 (46%) 10-year Treasury bond rate (US) 

Europe 38 (21%) 10-year Treasury bond rate (Germany) 

Asia 15 (8%) 10-year Treasury bond rate (Japan) 

Global 46 (25%) JPMorgan Global Government Bond Index 
* Includes one Canadian fund (RFR = 10-year Treasury bond rate (Canada)). 

 
The German 10-year Treasury bond rate as the risk-free rate proxy for the European geographical area is 

generally accepted22 (Damodaran, 2008), although a number of other options exist. 
 

Although hedge funds (specifically equity long/short funds), are absolute investments, they are also 
commonly compared with passive benchmark23 indices.24 The data on the passive market benchmark indices were 
collected from Bloomberg, while the data on the hedge fund benchmark indices were sourced from Eurekahedge, 
Hedge Fund Research (HFR) and Barclayhedge. Table 3 presents the market and hedge fund benchmark indices 
used. 
 

Table 3: Market and Hedge Fund Benchmark Indices 

Benchmark Market Indices Region specific 
S&P500, S&P TSX* North America 

DAX Europe 

Nikkei 225 Asia 

MSCI World Index Global 

Benchmark Hedge Fund Indices Region specific Style specific 
Eurekahedge North America Long/short Equities Index North America Long/short Equity 

* The S&P TSX was used for the single Canadian fund that forms part of the North American regional mandate. 

 
Table 4 presents the summary return statistics for the market and hedge fund benchmark indices, for the 

period January 2000 until December 2011. These statistics are drawn from the monthly returns with the monthly 
means and standard deviations in percentages. 
 

Table 4: Summary Statistics for Market and Hedge Fund Benchmark Indices 
 S&P500 DAX S&P TSX Nikkei 225 Global Index + L/S HF Index* 

Sample size 144 144 144 144 144 144   0.004 0.12 0.35 0.39 0.28 0.76         0.01 0.21 0.92 0.81 0.06 3.78   4.71 6.72 4.55 5.80 4.90 2.4 

Median 0.60 0.73 1.01 0.13 1.17 0.99 

Min -16.9 -25.4 -16.9 -23.8 -25.48 -6.5 

Max 10.8 21.4 11.2 12.9 14.06 10.6 

Skewness -0.43 -0.52 -0.86 -0.53 -1.42 0.01 

Kurtosis 3.66 4.88 4.58 3.89 5.16 4.86    0.13 0.07 0.22 0.12 0.31 0.20    -0.07 -0.06 0.07 0.06 0.03 0.04    0.12 0.10 0.06 0.11 0.19 0.04  -value of LB-Q 0.10 0.39 0.01 0.15 0.00 0.01 
+ Global index = MSCI World Index. * L/S HF Index = Eurekahedge North America long/short Equities Index. Both hedge fund and market 
indices exhibit non-normal distributions using the Jarque-Bera test at the 5% significance level. 

 
 

                                                           
22 One of the reasons for this practice being commonly accepted is that Germany is the largest issuer of bonds in the European geographical area. 
23 Lhabitant (2004) defines the term benchmark as “an independent rate of return (or hurdle rate) forming an objective test of the effective imple-
mentation of an investment strategy.” 
24 Originally hedge fund effectiveness or performance was not compared relative to a benchmark. According to Lhabitant (2004), hedge fund 
managers are hired for their skills and they should be allowed to venture wherever their value-creating instincts lead them, without considering 
benchmarks. Thus hedge fund portfolios should aim to produce positive absolute returns rather than to outperform a particular benchmark. 
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3.4 Methodology 
 

This study used a 36-month rolling (window) period to estimate the relevant statistics and ratios, beginning 
in January 2000. Monthly returns and risk-free rates were transformed to a geometric annualised basis using the 36-
month rolling period. 
 

Annualised Sharpe ratios were calculated from monthly non-IID returns, so the estimation method 
accounted for serial correlation of returns. This alternative method was used as a (computational) bias that occurs 
when computing annual Sharpe ratios based on monthly means and standard deviations by multiplying these 

monthly estimates by    . In the case of IID returns the method of computing annualised Sharpe ratios by 

multiplying by     is more suitable, but for non-IID returns, an alternative procedure that accounts for serial 
correlation must be used. Lo (2002) showed that ignoring serial correlation in hedge fund returns can yield 
annualised Sharpe ratios that are overstated by more than 65%. 
 

Table 5 presents some comparative summary statistics between the different methods of computing the 
annualised Sharpe ratio using the 184 long/short equity hedge funds. Note that the summary statistics in Table 5 are 
based on annualised geometric returns over a 36-month rolling period with the aim of presenting a statistical 
comparison between the Sharpe ratio computation methods. 
 

Table 5: Comparative Sharpe Ratio Summary Statistics (All Figures Annualised) 

 Sharpe Ratio SC-adjusted Sharpe Ratio 

Sample size 20 056* 20 056   0.38 0.41   0.85 0.95 

Median 0.26 0.25 

Min -2.1 -3.8 

Max 3.5 5.1 

Skewness 0.49 0.73 

Kurtosis 2.86 3.92 
*184 funds   109 (144-35) monthly returns. 

 
The Bias ratio uses return data with mean   and standard deviation  . A closed interval             and a 

half-open interval             need to be defined. The fund return in month   is    where       and   is the 
total number of returns in the data series. The Bias ratio (BR) is then defined as: 
                                             (3) 

 
The summation of the numerator is over the closed interval              while the summation of the 

denominator is over the half-open interval            . The small positive constant,  , is included in the 
formulation to prevent division by zero in instances where there are no returns reported in the interval            . 
In continuous terms, Equation (3) may be stated as follows: 
                     (4) 

 
The Bias ratio also has the following properties: 

 
1.       ; 
2. If         then     ; and 
3. if                then     . 
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3.5 Application of the Bias Ratio to the Madoff Case 
 

A fraud measure should potentially have identified suspicious activity quite early on in the well-known 
Madoff Ponzi scheme,25 in what is the largest financial scandal in modern times with losses estimated at US$85bn. 
Madoff Securities LLC, provided investors with modest yet steady returns and claimed to be generating these 
returns by trading in S&P500 Index options.26 The Bias ratio of Fairfield Sentry Ltd., (FFS), one of the largest 
Madoff feeder funds, was investigated and found to have a Bias ratio of between 6 and 7, since August 2005 until its 
closure in 2007. For comparison, the majority of similar funds27 scored between 1 and 3 (Douady et al., 2009). 
 

Figure 2a presents the multimodal return distribution of FFS’s returns from February 1990 to December 
2007. Figure 2b presents the return distribution for each month rolling using a 36-month rolling (window) period. 
The monthly return data exhibit a monthly mean return of 0.89% while the distribution is highly positively skewed 
(0.81) and also leptokurtic (3.48). The skewness of the distribution is significant as it is larger than twice the 
standard error of skewness (SES) (       ) (an indication of a considerable non-symmetrical distribution). The 
distribution also fails the Jarque-Bera test for normality with a JB-statistic of 25.7 by which the null hypothesis 
(normal distribution) is rejected at both the 5% and 1% significance levels. 
 

 
 

Figure 2: (a) FFS Return Distribution (February 1990 – December 2007) and  
(b) FFS Return Distribution for Rolling Months Using a 36-Month Rolling Period 

 
Although FFS’s return distribution is non-normal for the entire period under observation it is interesting to 

note that the normality of FFS’s return distribution behaves in a countercyclical manner to that of the S&P500 
(Figure 3). Figure 3 is constructed using 36-months of (rolling) monthly data and the JB-statistic values below the 
topmost horizontal dotted-line, at 9.2, indicates a normal distribution assuming a 99% confidence level. The 
bottommost horizontal dotted-line, at 6.0 represents a 95% confidence level and again JB-statistic values below this 
line are indicative of a normal distribution (at this particular confidence level). As Figure 3 is based on rolling 
monthly returns it also shows how the goodness of fit to a normal distribution the returns distributions of both FFS 
and the S&P500 changed over the time period under observation. 

                                                           
25 Fraudulent investment operation that pay returns to investors from their own invested funds or paid by subsequent investors rather than from 
profit. 
26 Also called a “Bull-Spread.” This strategy is made up of three positions: a long position on the risk asset   , a short position on the call option       and a long position on the put option       with      . 
27 Fairfield Sentry Ltd., is classified as an “equity hedge” type fund according to Hedge Fund Research (HFR) and according to Lhabitant (2004) 
employed an index arbitrage strategy. 
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Figure 3: Rolling JB-Test Statistic as Test for Return Distribution Normality: FFS vs. S&P500 

 

A 36-month rolling (window) period was used to estimate the central moments of FFS’s return distribution 
for February 1990 to December 2007, resulting in a final analysis period of February 1993 until December 2007. 
Figure 4a presents FFS’s annualised monthly return and standard deviation, while Figure 4d presents the skewness 
and kurtosis of FFS. 
 

 
Figure 4: (a) FFS Annualised Monthly Return and Standard Deviation, (b) Volatility Comparison: FFS vs. S&P500, (c) 

Plan View of FFS (annualised) Return Distribution Through Time and (d) FFS Skewness and Kurtosis 
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Monthly returns are relatively high and consistently so (Figures 4a and 4c), while volatility is relatively low 
for such high monthly returns (Figure 4a), and the same compared to the S&P500’s volatility (Figure 4b). Note that 
in Figure 4c the lightest shading area represents FFS’s average monthly returns. The combination of consistently 
high returns and low volatility leads to strangely high Sharpe ratios (Figure 5b), which are also dramatically higher 
than those of the S&P500. Only 10 out of the 215 months of data available for the FFS feeder fund exhibit negative 
performance. The monthly returns of FFS are also not correlated with those of the S&P500: the correlation 
coefficient = 0.014. 
 

Figure 4d draws attention to the high skewness and kurtosis that the return distribution exhibits in 
comparison to previous values. The negative kurtosis (fat tails) during the earlier part of the time series along with 
the extremely high kurtosis towards the latter end of the series signal potentially suspicious behaviour. The dramatic 
increase and decrease of both skewness and kurtosis in September 2001 and September 2004, respectively, are also 
of interest. 
 

Figure 5a shows the Bias ratios and Figure 5b the (serial correlation-adjusted) Sharpe ratios for FFS and the 
S&P500 (as comparison) using a 36-month rolling period. 
 

 
Figure 5: (a) Bias Ratio: FFS vs. S&P500 and (b) Sharpe Ratio: FFS vs. S&P500 

 

The Bias ratio of FFS ranges from 3 to 8, while the bulk of other equity hedge funds in the HFR database 
scored a Bias ratio mostly in the range of 1 to 3. As reference, Beacon Hill’s Safe Harbour (a MBS fund) had a Bias 
ratio of 7 until fraud was discovered in 2002. As the Bias ratio analyses fund returns to measure how far they are 
from an unbiased distribution, the Bias ratio of an equity index or fund where valuation is based on market prices 
(i.e., trading liquid securities) would have a Bias ratio typically close to 1. In contract, a fund that smoothes returns 
will have a much higher Bias ratio. Alternative opinions include that a fund’s Bias ratio should be compared to other 
funds of a similar strategy. Although the Bias ratio goes to infinity, it is capped at 8 in Figure 5a, but this does not 
have any material impact as a Bias ratio significantly larger than 1 is suspicious and even more so if the Bias ratio is 
higher than that of comparative funds. Figure 5b also shows how significantly FFS outperforms the market on a risk-
adjusted basis (as measured by the Sharpe ratio). It should be remembered that extremely high Sharpe ratios are also 
cause for suspicion, while suspicion should escalate considering extremely high Sharpe ratios compared to similar 
funds. Figure 5a and Figure 5b clearly show that FFS’s Bias ratio and Sharpe ratio, respectively, are (consistently) 
abnormally high (over a long time period). The level of both these measures indicate clear warnings. 
 

Also of significance is that FFS’s serial correlation coefficients are low (                        ) while the LB-Q statistic’s       . Although a lower  -value is stronger evidence against the null hypothesis 
of no serial correlation, the fact that the first-order autocorrelation coefficient is       also indicates liquidity. This 
along with the near zero levels of the autocorrelation coefficients indicate that FFS traded liquid instruments and 
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thus it can be assumed that any relevant irregularities are not due to illiquidity exposures: smoothing practices 
remain as the only explanation. 
 

By studying the moments of FFS’s returns distribution to those of the relevant market (S&P500), the 
following out of the ordinary characteristics were identified. These returns distribution characteristics can 
consequently be thought of as potential warning signals of fraud, as they were discovered through meticulously 
studying the Madoff case, a scenario that has been formally classified as fraudulent and that included the practice of 
returns smoothing. These potential fraud warning signals are presented consecutively for ease of interpretation. 
 

The first two warning signals, (Figure 6a and b), are: 
 

1. a highly infrequent negative mean return accompanied by minimal variation of the mean return; and 
2. a non-volatile rolling standard deviations of returns being significantly lower than those of the relevant 

market (Figure 6b). The returns distribution’s third and fourth moments deliver the third and fourth 
potential warning signals (Figure 6c and 6 respectively). The skewness of FFS’s returns distribution is 
much less volatile than that of the relevant market (S&P500) and almost never negative (Figure 6c). The 
fourth fraud warning signal shows the returns distribution’s kurtosis moving in the opposite direction to the 
market (Figure 6d). This anti-correlation, (Figure 6d), is evidenced by FFS’s kurtosis increasing when the 
S&P500’s kurtosis is decreasing and vice versa. These identified return characteristics emphasise that 
return characteristics that are dissimilar to those of the relevant market should be treated as warning signals 
of potential fraudulent activity. 

 

 
Figure 6: (a) Mean Return: FFS vs. S&P500, (b) Standard Deviation: FFS vs. S&P500 Returns,  

(c) Skewness: FFS vs. S&P500 and (d) Kurtosis: FFS vs. S&P500 
* Figures are based on (rolling) monthly returns using 36-months. 
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The Bias ratio should also be consulted and scrutinised. The Bias ratio of FFS behaves in the opposite 
fashion to that of the market (S&P500 – Figure 5a). This is highlighted by the observation that FFS’s Bias ratio is 
highest when the Bias ratio of the S&P500 is at its lowest and also that FFS’s Bias ratio is decreasing when that of 
the S&P500 is increasing. As mentioned prior, out of the ordinary high Sharpe ratios can also be cause for suspicion 
and that suspicion should rise in the event of abnormally high Sharpe ratios compared to similar funds. Figure 5b 
shows that FFS’s Sharpe ratio is always higher than that of the S&P500s and FFS’s Sharpe ratio is never negative. 
Also worth noting is that FFS’s Sharpe ratio is low when the S&P500's Sharpe ratio is high, compared to the general 
spread between the two Sharpe ratio series over the time period. 
 

The reverse behaviour of FFS’s Jarque-Bera (JB) statistic, as a test for normality of the return distribution, 
compared to that of the S&P500 might arguably also be considered as a potential signal of suspicious or fraudulent 
activity (Figure 3). 
 

4. ANALYSIS AND RESULTS 
 

4.1 Ill-Suitedness of the Sharpe Ratio 
 

Table 6 presents higher moment estimates for the hedge fund data to point out how ill-suited the Sharpe 
ratio is for (these) hedge fund return data, or how inaccurate (these) hedge fund data are for use with the Sharpe 
ratio. In terms of skewness, Table 6 indicates that funds from all the geographical mandated areas, except global 
mandated funds, exhibit excess skewness (      ), mostly positive. Asia mandated funds exhibit negative 
skewness. Table 6 also indicates that the funds from all geographical areas are severely leptokurtic and significantly 
so according to the standard error of kurtosis (SEK). 
 

Table 6: Hedge Fund Higher Moment Estimates 
 All Funds North America Europe Asia Global 

Skewness 0.75 1.14 0.49 -0.15 0.05 

S.E. Skewness (SES) 0.18 0.27 0.40 0.63 0.36 

Kurtosis 18.40 22.29 10.01 4.87 9.58 

S.E. Kurtosis (SEK) 0.36 0.53 0.79 1.26 1.44 

 

The Jarque-Bera (JB) test indicates that only 29 of out the 184 funds (15.8%) exhibit normal distributions 
at the 5% significance level, while the remaining 155 funds (84.3%) have non-normal return distributions. Figure 7 
depicts the state of normality of the return distributions for both the funds (Figure 7b) and the relevant market 
indices (Figure 7a) through time. Figure 7a and 7b are constructed using 36-months of rolling monthly data while 
the two horizontal dotted-lines represent the thresholds for distribution normality at the 1% and 5% significance 
levels respectively. Jarque-Bera (JB) test statistical values below these thresholds are indicative of normal 
distributions at the relevant level of significance. 
 

 
Figure 7: (a) Rolling JB-Test Statistic of Relevant Market Indices and (b) Average Rolling JB-Test  

Statistic for All Funds and also for Hedge Funds per Geographical Mandate, Over Time 
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Figure 7 is also divided into three phases or periods by the vertical lines. Each of these three periods 
represents a specific period relating to the 2007 financial crisis: (1) pre-crisis, (2) during the crisis, and (3) post-
crisis (i.e., after the height of the crisis). Figure 7a indicates that some of the market indices pass the (rolling) 
goodness of fit test for normal return distributions at either or both the 1% and 5% significance levels (horizontal 
dotted-lines) using the JB-test statistic. The instances where a few market indices do pass as normal distributions, 
however, only occur in limited cases and for short and limited time spans. The (rolling) average JB-test statistic, as 
per Figure 7b, depicts that funds from all regional mandates are non-normal for the entire time period under 
investigation with the exception of the Asian mandated funds that show return distribution normality but only for 
November 2006 – this is fairly insignificant considering the Asian mandated funds are, on average, only considered 
normal for 1 out of 109 rolling months. Also noticeable is the rapid and elaborate increase (further) away from 
normality during 2008, and also high non-normality for North American and European mandated funds. By further 
comparing the average normality of funds for a specific regional mandate to its relevant market index it is apparent 
that trends and trend changes and also the magnitude of change do, for the most part, not coincide while at certain 
times rather odd comparative behaviour is witnessed. 
 

Figure 8a presents the skewness and Figure 8b the kurtosis of the funds grouped per mandated geographic 
region by means of a candlestick like chart indicating the mean, maximum and minimum of these distribution 
moments. 
 

 
Figure 8: (a) Skewness of Individual Funds per Region and (b) Kurtosis of Individual Funds per Region 

 
Table 6 in conjunction with Figures 7 and 8 confirm that most of the return distributions of these hedge 

funds are not ideally suited for Sharpe ratio application. The 15.8% of funds that show evidence of normal 
distributions through the JB-test might be possible exceptions. This will, however, leave investors requiring to test 
each fund for normality before applying the Sharpe ratio, which is not ideal. 
 

To further demonstrate how ill-suited these funds’ distributions are to the Sharpe ratio, not only at a point-
in-time but also through time, the rolling skewness and kurtosis are presented in Figure 9. Figure 9 presents the 
average skewness (Figure 9a) and kurtosis (Figure 9b) by using the 36-month rolling period. Figure 9 is again 
divided into three phases or periods by means of vertical lines with each period representing a specific period 
relating to the 2007 financial crisis consistent with those declared earlier (see Figure 7). 
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Figure 9: Average Values, Through Time, for (a) Skewness – All Funds, (b) Kurtosis – All Funds,  

(c) Skewness – per Region and (d) Kurtosis – per Region 

 
The average skewness turned considerably negative during the financial crisis, while average kurtosis, 

which was at high levels prior, reached extreme levels. The data presented in Table 6 along with Figures 7, 8, and 9, 
strengthen the case that the Sharpe ratio is not adequately compatible with the distributions of these hedge funds. 
 

The Bias and Sharpe ratios were also analysed using the rolling period analysis method. For this, the results 
focusing on funds mandated for the North America region are presented in Figure 10. 
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* 
Figure 10: (a) North America Funds Average Sharpe Ratio vs. Average Bias Ratio, (b) North America funds Average 

Annual Return vs. Average Annual Volatility, (c) North America Funds’ Benchmarks* Skewness and  
(d) North America Funds’ Benchmarks Kurtosis 

Hedge fund index in Figure 10: Eurekahedge North America Long/Short Equities Hedge Fund Index. 

 
The higher moments of the hedge fund benchmarks, as depicted in panels (c) and (d) of Figure 10, also 

indicate the inappropriateness (of these return distributions) for the use of the Sharpe ratio. Panels (c) and (d) also 
indicate the altered behaviour for these higher moments of the return distribution around the time period of the 
recent financial crisis. The financial crisis also impacted the returns of these funds along with their volatility (Figure 
10b). Figure 10b shows the decline in returns and the increase in volatility for both these mandated funds and the 
S&P500 during the crisis time period. Figure 10a presents the average Bias and average Sharpe ratios specifically 
for the funds with North America mandates (along with the Sharpe ratios for relevant benchmarks). From Figure 10a 
it is evident that the average Bias ratio for the funds with North America mandates are relatively higher around the 
financial crisis. The average Sharpe ratios for these mandated funds are also consistently higher than those of the 
benchmarks, except for a period of extreme volatility (late 2005 until the end of 2007) in the relevant hedge fund 
index (see Figure 10a). 
 

4.2 Identifying Suspicious Funds using Madoff Identified Warning Signals 
 

Using the identified warning signals from the Madoff case (Section 3.5) this section presents two funds28 
from the funds sample that exhibit extraordinary characteristics and which can be considered as potential warning 
signals of fraudulent or suspicious behaviour. The first of the identified funds (fund #7) has a European regional 
mandate while the second has a global mandate (fund #83). The methodology and 36-month rolling analysis as 

                                                           
28 A number of funds (15 in total) were identified using the warning signals from the Madoff case. Two characteristic funds are presented in this 
section to show how these warning signals could be used to identify potentially fraudulent funds. 

-1.0

-0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

-2.0

-1.5

-1.0

-0.5

0.0

0.5

1.0

1.5

Jan-03 Jan-06 Jan-09 Jan-12

A
v

e
ra

g
e

 B
ia

s 
ra

ti
o

A
ve

ra
g

e
 S

h
a

rp
e

 r
a

ti
o

North America Sharpe S&P500 Sharpe

North America Bias ratio North America HF Index Sharpe
(a)

7%

9%

11%

13%

15%

17%

19%

21%

23%

-20%

-15%

-10%

-5%

0%

5%

10%

15%

20%

Jan-03 Jan-06 Jan-09 Jan-12

A
ve

ra
g

e
 a

n
n

u
a

l v
o

la
ti

li
ty

A
ve

ra
g

e
 a

n
n

u
a

l r
e

tu
rn

North America funds return S&P500 annual return

North America funds volatility S&P500 annual volatility
(b)

-2.0

-1.5

-1.0

-0.5

0.0

0.5

1.0

1.5

Jan-03 Jan-06 Jan-09 Jan-12

S
ke

w
n

e
ss

S&P500 North America HF Index
(c)

2

3

4

5

6

7

8

Jan-03 Jan-06 Jan-09 Jan-12

K
u

rt
o

si
s

S&P500 North America HF Index
(d)



International Business & Economics Research Journal – July/August 2014 Volume 13, Number 4 

Copyright by author(s); CC-BY 885 The Clute Institute 

discussed in Section 3.4 and as used in the Madoff application case (Section 3.5) are again used. The identified 
warning signals are presented graphically with the relevant market indices as indicated in Section 3.3. 
 

Figures 11a and 11b show that neither of the funds have negative annualised mean returns while both funds 
also, for the most part, exhibit return levels that are never negative and are also above that of their relevant market 
indices. Figure 11b, in particular, highlights the low levels of mean variation for the global fund. According to 
Figures 11c and 11d, fund #7 and fund #83 display annual volatilities that are both significantly lower and less 
variable than that of their respective market indices. 
 

 
Figure 11: (a) Annualised Return: EUR Fund #7 vs. DAX, (b) Annualised Return: Global Fund #83 vs. MSCI World, (c) 

Annualised Volatility: EUR Fund #7 vs. DAX and (d) Annualised Volatility: Global Fund #83 vs. MSCI World 

 
Figures 12a and 12b show that the skewness of both funds is much less volatile than their respective market 

indices, while also being positive for longer periods of time than the market indices. Figures 12c and d illustrate the 
mostly anti-correlated nature of both funds’ kurtosis in relation to their respective market benchmarks. 
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Figure 12: (a) Skewness: EUR Fund #7 vs. DAX, (b) Skewness: Global Fund #83 vs. MSCI World, (c) Kurtosis: EUR 

Fund #7 vs. DAX and (d) Kurtosis: Global Fund #83 vs. MSCI World 

 
The Bias ratios of both identified funds show similar characteristics to FFS’s Bias ratio (see Section 3.5) in 

that the ratios exhibit an opposite, and to some extent, anti-correlated relationship to that of the relevant market 
(Figure 13). The abnormally high Bias ratios of both funds are visible in Figures 13a and 13b and these ratios are 
especially abnormal for the period at the initial stages of the observation period – during this period the funds’ Bias 
ratios are significantly larger than those of the respective markets. Figures 13c and 13d convey that both funds 
mostly deliver positive Sharpe ratios, and also positive Sharpe ratios of a considerable level on a regular frequency. 
The funds also predominantly produce larger Sharpe ratios than those of their respective market indices. Moreover, 
the funds’ and market’s Sharpe ratios do appear to follow each other’s trend, although there are instances where this 
trend following phenomenon breaks down – leading to occurrences where a low market Sharpe ratio is simultaneous 
to a high fund Sharpe ratio. The instances with abnormally high fund Bias ratios also coincide with high fund Sharpe 
ratios relative to those of the respective markets. This is relevant as abnormally high Sharpe ratios are also cause for 
potential concern and or suspicion. 
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Figure 13: (a) Bias Ratio: EUR Fund #7 vs. DAX, (b) Bias Ratio: Global Fund #83 vs. MSCI World, (c) Sharpe Ratio: 

EUR Fund #7 vs. DAX and (d) Sharpe Ratio: Global Fund #83 vs. MSCI World 

 
The Madoff case also exhibited a potential signal of suspicious or fraudulent behaviour through the 

predominantly reverse behaviour of its Jarque-Bera (JB) statistic, as a return distribution normality test, relative to 
that of the market. Figure 14a and 14b present the rolling Jarque-Bera (JB) statistic for fund #7 and fund #83 
respectively and also relative to the JB-statistics of their relevant market benchmarks. 
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Figure 14: (a) JB-Stat: EUR Fund #7 vs. DAX and (b) JB-Stat: Global Fund #83 vs. MSCI World 

 

Like the Madoff case a largely reverse or opposite behaviour in terms of return distribution normality, 
through the JB-statistic, relative to that of the relevant market benchmark can be observed for both funds (Figure 14a 
and Figure 14b). 
 

4.3 Selective Statistics over Different Economic Conditions 
 

Selective summary performance statistics focusing on returns, Sharpe and Bias ratios for both the hedge 
funds and the relevant market benchmarks to these funds are presented in this section. As the statistics are 
partitioned into three phases it highlights the altering characteristics of the funds and their market benchmarks 
throughout different economic periods. The three phases represent the periods prior, during, and post the 2007 
financial crisis. December 2002 until December 2006 constitutes phase 1, January 2007 until December 2009 phase 
2, and January 2010 until December 2011 phase 3. The rolling annual calculation methodology based on 36-months, 
as discussed in Section 3.4, is employed in this section. Also, although the Bias ratio goes to infinity it is capped at 8 
in this section, but this does not have any material impact as a Bias ratio significantly larger than 1 is suspicious and 
even more so if the Bias ratio is higher than that of comparative funds.  
 

The changing characteristics during the three economic phases are presented in Figure 15 through the 
average Sharpe ratio and also the average annual return and standard deviation for all funds in this study. The 
summary statistics for all funds per phase is conveyed in Table 7. 
 

 
Figure 15: Average Annual Return and Standard Deviation and Also Sharpe Ratio for All Hedge Funds 
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Figure 15 shows the impact of the 2007 financial crisis as a decrease in the average Sharpe ratio of all 
funds in phase 2 suggests. This figure further draws attention to the decrease in the average returns across all funds 
in conjunction with a nearly simultaneous increase in volatility during the crisis period. Of further significance is 
that mostly during phase 2, the period during the 2007 financial crisis, the average Sharpe ratio of all funds reduces 
to below zero which implies that a risk-less asset would have performed better on average during this time compared 
the analysed funds sample. The visual results in Figure 15 are reverberated in the summary statistics as per Table 7, 
which indicates similar declining average returns and Sharpe ratios for all funds from phase 1 through to phase 3. 
Both the average and median Bias ratio increase from phase 1 to phase 2 where after decreasing in phase 3 to its 
lowest level throughout all phases – indicating that suspicious fund behaviour peaked in the period during the crisis. 
Interestingly the standard deviation of returns and the Sharpe ratio reduce over time indicating that the performance 
spectrum between funds diminishes, on average. Similarly the Bias ratio’s standard deviation also decreases moving 
through phase 1 to phase 3. 
 

Table 7: Summary Statistics for All Hedge Funds per Phase 
 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 
 Return Statistics Bias Ratio Statistics* Sharpe Ratio Statistics   9016 6624 4416 9016 6624 4416 9016 6624 4416   10.41% 6.86% 2.39% 1.78 1.94 1.45 0.63 0.43 -0.07   10.93% 10.20% 8.38% 1.11 1.05 0.62 1.03 0.92 0.54 

Median 9.59% 7.33% 2.21% 1.50 1.67 1.36 0.54 0.31 -0.11 

Min -44.96% -48.39% -36.57% 0.29 0.26 0.25 -3.79 -1.95 -2.30 

Max 59.50% 42.39% 74.39% 8.00 8.00 7.00 5.07 4.39 4.12 

 
Figure 16 shows the average Sharpe ratios of both funds and their respective regional market indices. From 

this figure, it is apparent that funds and market indices from all the included regions behaved similarly across the 
three phases. None of the regional funds or benchmarks indicates significantly better performance than any other 
during or post financial crisis. Asian funds, however, performed better, on average, shortly prior to the crisis but also 
performed the worst, on average, during the crisis period (Figure 16a). 
 

 
Figure 16: (a) Average Fund Sharpe Ratios per Region and (b) Average Market Index Sharpe Ratios, Through Time 

 
The summary statistics in terms of returns, Bias and Sharpe ratios for the funds grouped by regional 

mandates are presented in Table 8 to facilitate comparisons. Table 9 presents the corresponding summary statistics 
for the relevant regional market benchmarks. 
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Table 8: Summary Statistics for Regionally Grouped Hedge Funds per Phase 
 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 
 Return Statistics Bias Ratio Statistics * Sharpe Ratio Statistics 

North American Hedge Funds   4165 3060 2040 4165 3060 2040 4165 3060 2040   10.52% 6.90% 3.45% 1.76 1.98 1.58 0.57 0.41 -0.001   11.16% 10.15% 9.11% 0.98 1.15 0.71 0.94 0.85 0.55 

Median 9.61% 7.61% 2.42% 1.50 1.70 1.45 0.49 0.32 -0.07 

Min -44.96% -48.39% -36.57% 0.29 0.26 0.25 -2.35 -1.61 -1.92 

Max 59.50% 36.52% 68.29% 8.00 8.00 7.00 4.71 4.39 4.12 

European Hedge Funds   1862 1368 912 1862 1368 912 1862 1368 912   8.30% 7.23% 1.52% 2.23 2.01 1.28 0.65 0.58 -0.08   9.49% 9.20% 6.68% 1.66 1.08 0.43 1.19 1.04 0.56 

Median 7.42% 7.17% 1.98% 1.67 1.75 1.22 0.51 0.41 -0.11 

Min -23.33% -16.56% -18.82% 0.39 0.70 0.37 -2.90 -1.59 -2.19 

Max 42.97% 37.65% 32.60% 8.00 8.00 3.14 5.07 4.15 2.40 

Asian Hedge Funds   735 540 360 735 540 360 735 540 360   11.32% 3.73% -1.11% 1.47 1.78 1.32 0.83 0.19 -0.19   11.07% 11.58% 7.15% 0.61 1.03 0.46 1.04 1.01 0.61 

Median 10.31% 3.46% -0.53% 1.37 0.45 0.25 0.77 0.13 -0.11 

Min -16.67% -22.70% -18.10% 0.44 0.73 0.56 -2.11 -1.95 -2.30 

Max 43.61% 42.39% 14.73% 3.60 7.67 3.00 4.28 2.88 1.13 

Global Hedge Funds   2254 1656 1104 2254 1656 1104 2254 1656 1104   11.66% 7.51% 2.29% 1.54 1.85 1.40 0.66 0.44 -0.16   11.31% 10.42% 8.22% 0.68 0.79 0.56 1.05 0.89 0.46 

Median 11.47% 7.67% 2.83% 1.44 1.71 1.38 0.59 0.30 -0.18 

Min -29.69% -33.59% -24.35% 0.31 0.53 0.32 -3.79 -1.79 -2.07 

Max 52.70% 38.64% 74.64% 6.67 7.33 4.75 4.73 3.26 1.82 

 
The mean of both returns and the Sharpe ratios decline moving through phase 1 to phase 3 (see Table 8). 

The mean Bias ratios for all regions except Europe increase from phase 1 to phase 2, but then fascinatingly decrease 
to their lowest levels through all phases in phase 3 – this is not the case for the mean Sharpe ratios. The same pattern 
is portrayed by the standard deviation of the Bias ratios. Also worth noting is that mean Asian hedge fund returns 
did not increase into positive territory from phase 2 to phase 3 as the funds from the other regional mandates did (see   and median for returns in Table 8). This phenomenon is again echoed for the Asian market as represented by the 
Nikkei 225 in Table 9. Weighing up the mean returns for the hedge funds per region against their relevant market 
benchmark indicate that although these funds did not perform very well in absolute terms, they did outperform their 
respective markets in phase 3 - this was not the case during the crisis (phase 2). During phase 1, all the funds 
outperformed their respective market benchmarks in terms of return performance. The mean Sharpe ratios of 
particularly phase 3 of Tables 8 and 9 highlight that at times it could have served investors better to hold riskless 
assets rather than investments in these funds or even a basket of the market index. 
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Table 9: Summary Statistics for Market Indices per Phase 
 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 
 Return statistics Bias ratio statistics* Sharpe ratio statistics   49 36 24 49 36 24 49 36 24 

US Market Index – S&P500   -1.54% 9.14% -1.80% 1.62 2.27 1.90 0.0002 0.84 -0.18   19.17% 13.29% 5.63% 0.48 0.47 0.62 1.34 1.30 0.233 

Median -6.02% 10.91% -3.62% 1.60 2.25 1.59 -0.39 0.36 -0.26 

Min -31.68% -12.80% -9.35% 0.82 1.50 1.30 -2.41 -0.56 -0.46 

Max 35.05% 26.51% 9.25% 2.83 3.40 3.40 2.64 3.12 0.32 

European Market Index – DAX   0.86% 9.14% -1.80% 1.33 2.60 1.76 -0.08 0.05 -0.23   9.75% 13.29% 5.63% 0.48 0.61 0.25 0.79 0.77 0.36 

Median 1.82% 10.91% -3.62% 1.15 2.54 1.70 -0.16 -0.20 -0.33 

Min -17.28% -12.80% -9.35% 0.62 1.62 1.23 -2.04 -0.82 -0.59 

Max 15.14% 26.51% 9.25% 2.25 4.00 2.25 1.15 1.49 0.78 

Asian Market Index – Nikkei 225   1.77% -1.07% -11.29% 0.93 1.51 0.93 -0.09 0.06 -0.64   15.69% 14.41% 5.90% 0.26 0.45 0.27 1.13 0.77 0.29 

Median 1.29% 3.18% -12.40% 0.89 1.48 0.89 0.002 -0.17 -0.72 

Min -26.81% -22.41% -19.73% 0.57 0.86 0.56 -2.98 -0.82 -1.07 

Max 29.24% 17.25% 1.57% 1.50 2.71 1.50 1.43 1.49 0.03 

Global Market Index – MSCI World   6.42% 4.95% -3.46% 1.69 2.48 2.10 0.29 0.52 -0.28   12.43% 12.88% 6.37% 0.70 0.55 0.36 1.56 1.04 0.26 

Median 8.08% 10.02% -4.66% 1.62 2.33 2.12 0.17 0.38 -0.35 

Min -13.36% -16.59% -11.89% 0.64 1.89 1.50 -2.93 -0.69 -0.56 

Max 27.41% 20.99% 12.29% 3.25 4.00 2.71 4.48 2.33 0.42 

 
5. SUMMARY AND CONCLUSION 
 

The Sharpe ratio was supplemented with the Bias ratio as a performance measure in the fund hedge context 
as the Sharpe ratio is, for instance, influenced by both illiquidity and returns smoothing. ‘Live’, individual, 
long/short, equity hedge funds, sourced from the Eurekahedge database covering the period January 2000 to 
December 2011 and spanning geographical mandates that included North America, Europe, Asia, and global were 
used. In order to correct for non-IID errors a Sharpe ratio annualisation method that considers the serial correlation 
of returns was used – the study presents comparative summary statistics between the different methods of computing 
annualised Sharpe ratio. In terms of methodology this study used a 36-month rolling (window) period to estimate the 
relevant statistics and ratios. 
 

Even though the Bias ratio has gained some acceptance since its introduction in 2006, a known fraud case 
was required to confirm that the Bias ratio is indeed a convincing measure of fraud detection, or rather a red flag 
indicator of possible fraudulent behaviour. The Madoff Ponzi scheme was the chosen case – this case has been used 
in other Bias ratio related studies, and the Bias ratio was confirmative in these studies (e.g., Douady et al., 2009). 
The Bias ratio largely confirmed possible suspicious or fraudulent behaviour as estimated from monthly returns of 
one of the largest Madoff feeder funds, Fairfield Sentry Ltd (FFS). Also, by studying the moments of FFS’s returns 
distribution to those of the relevant market (S&P500) some out of the ordinary characteristic or patterns were 
identified that can be thought of as potential warning signals of fraudulent or suspicious behaviour. 
 

Using the identified warning signals from the Madoff case two funds from the funds sample were identified 
that exhibited similar out of the ordinary characteristics. These warning signals, for both the Madoff case as well as 
the two identified funds, were presented graphically and in brief comprise: (i) seldom negative mean returns with 
minimal variation of the mean return; (ii) standard deviation of returns that are significantly lower than that of the 
relevant market and also shows minimal variation; (iii) returns distribution skewness that is much less volatile 
compared to that of the relevant market, and also seldom negative skewness; (iv) returns distribution kurtosis that 
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behaves in an anti-correlated manner to that of the market; (v) a Bias ratio that behaves in an opposite fashion to that 
the market; and (vi) a Sharpe ratio that is almost always higher than that of the market and also almost never 
negative. In addition, abnormally high Sharpe ratios compared to similar funds are also a cause for suspicion. 
Essentially, the identified characteristics emphasise that return characteristics that are dissimilar to those of the 
relevant market should be thought of as warning signals of possible fraudulent activity. 
 

The first of the three results sections (see Section 4.1) illustrated how ill-suited the Sharpe ratio is for 
(these) hedge fund return data, or how inaccurate (these) hedge fund data are for use with the Sharpe ratio. This 
section confirmed the Sharpe ratio’s ill-suitedness by focusing on the normality of the return distributions (JB-test) 
and the return distributions’ higher moments from both a static and 36-month rolling perspective. Results indicate 
that return distributions moved further from normal(ity) during the crisis period (December 2006 – December 2009) 
while kurtosis increased and skewness turned negative, both dramatically, during this period. 
 

The final results section aimed to highlight the changing characteristics of hedge funds and their respective 
market benchmarks over the varying economic conditions around the 2007 financial crisis, and thus a selective 
statistical analysis of returns was conducted. Results indicate a decrease in the average return as well as a 
simultaneous increase in volatility across all funds during the crisis period with average Sharpe ratios often falling 
below zero. Average mean Bias ratios increase from pre- to during the crisis where after it decreases in the period 
post the crisis to its lowest levels throughout the three phases. Geographically, it was found that funds and market 
indices from all included regions behave similarly across the three phases and none of the regional funds or 
benchmarks indicates significantly better performance than another during or post the financial crisis. In the period 
prior to the crisis Asian funds performed better, on average. For market indices, an immediate increase in risk after 
the onset of the financial crisis was observed: North American and European markets (indices) were less risky 
during the crisis period compared to those in Asia and globally. Hedge funds from all regions outperformed their 
relevant market indices prior to the crisis. 
 

The need to accurately distinguish between poor and good quality fund returns has not diminished, and in 
actual fact is ever increasing. Higher moments of the return distributions must be accounted for if accurate fund 
comparisons (in terms of risk-adjusted returns) are desired. 
 

The Bias ratio, though not a perfect measure, presents firm and encouraging arguments that a measure that 
detects or red flags potential fraudulent or suspicious behaviour should augment the use of the Sharpe ratio. Not only 
does the Bias ratio consider a risk dimension that is not considered by the Sharpe ratio, but the Sharpe ratio is also 
influenced by fraudulent behaviour such as returns smoothing that may be flagged by a measure such as the Bias 
ratio. In essence, measures that account for moments of the returns distribution structure not considered by the 
Sharpe ratio will prove valuable to investors and such measures should arguably be considered to supplement the 
use of the Sharpe ratio. The latter will also enhance the justified call for greater transparency concerning hedge fund 
performance and reporting. 
 

Exploring and comparing alternative fraud measures and using a suitable ranking methodology to compare 
fund rankings of the Sharpe and Bias ratios will undeniably contribute to the research areas of hedge fund fraud, 
behaviour and performance. 
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