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Are extreme hedge fund returns problematic?
Abstract
Numerous academic and practitioner studies on hedge funds refer to potential problems caused by extreme values of hedge fund returns.  Comparing return data on popular hedge fund indices with return data on major stock market indices, we report that the true magnitude of extreme returns is less severe for hedge fund indices than for equity indices.  We consider the effect on expected utility and show that as compared to equity indices, the distribution of hedge fund returns is not problematic for investors.  We also demonstrate that relying on standard risk measures or applying portfolio management tools that ignore higher moments, may lead to incorrect portfolio choices.  
1.  Introduction

An increasing number of investors are making significant allocations in the hedge fund sector.  For example, the endowment funds of Harvard and Yale universities have between 10% and 50% of their capital in hedge funds.  Many individuals are making large investments as well, perhaps based on the arguments of Lamm (1999) that for some investors allocations up to 100% may be appropriate.  In general, such large allocations appear to have done well for these investors, as hedge funds indices have tended over the past decade to outperform most equity and fixed income indices.  

Other investors remain skeptical.  This skepticism is based on the perception that hedge funds expose investors to extreme returns and thus such large allocations are not appropriate or prudent.  Several well-publicized hedge fund failures have supported this perception.  A number of researchers, including Brooks and Kat (2002), Lamm (2003), Getmansky, Lo and Makarov (2004), Agarwal and Naik (2004) and Malkiel and Saha (2004) have reported that hedge fund returns have higher kurtosis and more negative skew than traditional asset classes; this empirical finding is often cited as further evidence of the extreme event risk associated with hedge fund investing.  

Extreme values and non-normality of hedge fund returns are also believed to be problematic when using portfolio tools designed in a mean-variance setting.  This is because traditional mean/variance portfolio tools may overlook risks associated with the higher order moments of the return distribution and thus may lead to inappropriate allocations.  A number of authors have proposed modifications to these tools in order to take higher moments into account. We note, however, that the inability of traditional asset allocation models to account properly for higher moments does not necessarily imply that hedge funds expose investors to undue risks.  

In this paper we confirm that the standard measures of skew and kurtosis are more extreme for hedge fund indices as compared to equity indices.  Since the variance of hedge fund index returns is much lower than for equity indices, alternate measures, such as higher moments and magnitude and length of draw downs, are also considered.  Based on these alternate measures we conclude that the true magnitude of extreme returns is actually lower for hedge fund indices as compared to equity indices.  

We also analyze whether the distribution of hedge fund returns is problematic for investors.  We develop a decision rule that incorporates higher moments to determine whether, if faced with a choice of investing in a single risky asset, investors would choose hedge fund indices over equity indices.  Based on this decision rule, our data suggests that investors should prefer hedge fund indices over equity indices, even after adjustments are made to hedge fund returns to correct for bias.  We interpret this as evidence that extreme hedge fund returns are not problematic for investors, and that the large allocations taken by some investors have been warranted. 

The outline of this paper is as follows.  Section 2 provides a brief review of existing studies on hedge funds that are pertinent to this study.  Section 3 analyzes data from two popular hedge fund databases and from two equity indices and presents evidence of the true magnitude of extreme returns.  Section 4 develops a decision rule for picking one risky asset over another when investors care about higher moments.  Section 5 applies this decision rule to the data to determine whether investors should prefer hedge fund indices to equity indices.  Section 6 discusses a number of practical implications for investors and Section 7 provides a brief conclusion.

2. Literature Review

The literature on hedge funds is fairly extensive given the short history of this market sector and has been well surveyed by a number of authors including Gehin (2004).  Three areas of this literature are directly relevant to this paper: whether the relatively high returns are biased; what are the hidden risks in hedge funds; and whether traditional mean/variance portfolio allocation tools are appropriate when analyzing hedge funds.  This section briefly reviews the existing literature in these three areas.  

It is well known that hedge fund databases suffer from various biases.  One of the reasons is that as hedge fund indices developed, they tended to exclude funds that had stopped reporting.  The implication is that these funds must have failed which causes an upward bias in the average returns stated in the index because many of the worst returns are not reported.  This, in turn, affects the comparison of hedge funds to other assets because it makes the hedge funds look better than they actually are.  
A number of studies have attempted to estimate how much returns have been overstated.  Brown, Goetzmann, Ibbotson, and Ross (1992) and Brown and Goetzmann (1995) estimate the bias to be between 0.5-1.5% per year.  Liang (2000) finds the bias is over 2% per year but notes that the estimated amount depends on the time period and on which index is being used for the study.  A counter argument is that many of the funds that have stopped reporting have not actually failed, but have reached their target size and do not wish to attract more clients.  Extremely successful funds may have never reported to an index at any time in their history.  With this in mind Ackermann, McEnally and Ravenscraft (1999) estimated the bias to be only 0.16%.  Amenc, Martellini and Vaissie (2003) counter by pointing out that this “self reporting bias” or “self selection bias” cannot be estimated because there is no data.  Amin and Kat (2003) find the bias is 1.9%, but that it is only 0.6% for funds of hedge funds.  In a recent working paper based on data up to the end of 2003, Malkiel and Saha (2004) construct a data base that is relatively free from bias and report that hedge fund returns have been overstated by approximately 3.8% per year.  
The second and third areas in the literature that are pertinent to this study are closely related:  are there hidden risks in hedge funds and, if so, are traditional mean/variance portfolio allocation tools appropriate?  Many authors, such as Amin and Kat (2002), Brooks and Kat (2002), Kat and Lu (2002), Lhabitant and Learned (2002), Getmansky, Lo and Makarov (2004), Agarwal and Naik (2004), Alexiev (2004) and Malkiel and Saha (2004) point out that hedge funds have negative skew and high kurtosis.  Fung and Hsieh (1999) note hedge funds may appear to be very attractive from a mean-variance perspective, but not when the skew and kurtosis are considered since hedge funds can have large ‘single tail’ events that can surprise investors.  Lamm (2003) notes combining individual hedge funds into portfolios, as would happen with a fund of hedge funds, does lessen the asymmetric nature of the hedge fund distributions.  Kouwenberg (2003) finds little evidence that non-normality affects Jensen’s alphas.  Favre and Galeano (2002) discuss a variety of potential remedies, including the use of GARCH models, conditional VAR models, and the use of an omega measure.  
We agree that further research is needed on the correct way of analyzing hedge funds for inclusion in an investment portfolio.  We re-iterate, however, that the inapplicability of mean-variance portfolio management tools to the hedge fund sector should not be interpreted as conclusive evidence that extreme hedge fund returns are problematic for investors.  In order to address this larger issue properly, investor preferences need to be taken into consideration, as will be done in Section 4 of this paper.  We also question whether the skew and kurtosis reported by other authors properly measure the true nature of extreme hedge fund returns, as will be discussed in the next section of this paper.

3.  What is the true magnitude of extreme hedge fund returns?

3a.   Description of the data

Investors are increasingly taking a portfolio approach to their hedge fund investments in order to attain benefits of diversification similar to those in a portfolio of common stocks.  The merits of this approach are clearly evident when one considers the extreme returns of individual common stocks such as Nortel Networks and Enron, and they are equally evident when one considers individual hedge fund managers such as Long Term Capital Management.  Accordingly, we do not consider return data on individual hedge funds but instead, analyze index data only.  We leave for further research a comparison of the risks in individual common stocks with individual hedge fund managers.    

As in Agarwal and Naik (2004) we use two data sources for the sake of robustness.  Our first set of data consists of monthly returns on the CSFB/Tremont hedge fund indices which is based on the TASS database and is available from the website www.hedgeindex.com.  Our second set of data consists of the monthly returns on the HFRI hedge fund indices and is available from the website www.hedgefundresearch.com.    We analyzed the period from January 1994 to December 2004 for the CFSB/Tremont indices, and from January 1990 to December 2004 for the HFRI indices.
  In each case the period analyzed represents the entire period for which the respective hedge fund indices exist.  For comparables, we used two equity indices, the S&P 500 total return index available from the website www.standardandpoors.com and the Nasdaq, downloaded from finance.yahoo.com.  
Among the various hedge fund indices, we pay particular attention to the overall indices represented by the CSFB/Tremont hedge fund index and the HFRI fund weighted composite index as well as the HFRI fund of funds composite index.  As suggested in Fung and Hsieh (2000), a fund of fund index should be a good proxy for a broadly based portfolio of hedge funds because it is based on the actual experience of hedge fund investors.   

3b.  Summary Statistics

Table 1 presents summary statistics for the S&P 500 Total Return Index and the Nasdaq, as well as for the CSFB/Tremont and the HFRI hedge fund indices.  The standard deviation for the overall and fund of funds hedge fund indices are all smaller than for any of the comparable equity indices but the kurtosis is greater.  Similarly, the strategy specific hedge fund indices also tend to have a lower standard deviation than the equity indices (with the exception of the short bias and emerging markets strategies) and higher kurtosis (with the exception of the market neutral, futures, and equity non-hedged strategies). 

The results for skew are a little less clear.  While all of the equity indices show small negative skew, several hedge fund indices show positive skew while others show large negative skew.  Paradoxically, the indices which show the most negative skew tend to be the arbitrage strategies which are typically considered to be the most careful about avoiding negative returns.

Jarque-Bera statistics are also shown in Table 1.  This statistic is calculated from the skew and kurtosis and is used to determine if a distribution can be accepted as normal.  Any value over 5.99 (at a 5% level) or 9.21 (at a 1% level) would indicate that a hypothesis of normality would have to be rejected.  With the exception of the CSFB/Tremont equity market neutral and managed futures strategies and the HFRI equity market neutral and macro strategies, the hypothesis of normality can be rejected for all of the hedge fund indices.  The equity indices also fail the Jarque-Bera test of normality but are considerably closer to normal then the hedge funds. 

These findings are consistent with those reported in Brooks and Kat (2002), Kat and Lu (2002), Agarwal and Naik (2004) and Malkiel and Saha (2004) and have generally been interpreted as evidence of the extreme risk in hedge funds.  We agree these statistics confirm that hedge fund index returns are not normally distributed.  Given the low standard deviations reported for the hedge fund indices, however, we question whether these standard measures of skew and kurtosis are actually evidence of extreme returns.  In order to provide some informal evidence in support of this intuition Figure 1 presents several histograms of returns for selected indices.  The first column displays histograms for the CSFB/Tremont hedge fund index, the HFRI fund weighted composite index Indices and the HFRI fund of funds composite index while the second column displays the S&P 500 total return index and the Nasdaq.  None of the distributions look normal but the hedge fund indices looks more structured and consistent while the equity indices appear more fractured and spread out.  Closer inspection also shows that all of the indices experienced an extreme negative event, but the event is much less severe for hedge funds.  

Why did the standard measures of extreme returns on hedge fund indices not provide a clearer understanding of the magnitude of extreme returns?  We suggest two reasons.  First, kurtosis is not as straightforward to interpret as is commonly thought.  Kaplansky (1945) provides an example of this difficulty in a brief article entitled “A Common Error Concerning Kurtosis”.  He challenges the conventional view that “a frequency curve with positive excess kurtosis is higher in the neighborhood of the mean than the corresponding normal curve”.  He presents four examples of probability density functions, each of which is shaped in the familiar “bell” pattern, but shows that “any combination of peakedness at the mean and kurtosis may occur”.   

Kaplansky’s example distributions can also be used to question the standard interpretation that higher excess kurtosis indicates a greater risk of extreme returns.  Using his second and third example distributions which both have excess kurtosis, we calculated via numerical integration the area to the left of 1.645 standard deviations.  We note this critical value provides, for a normal distribution, a 95% confidence level that is often used in value at risk models.  In both cases, the corresponding area is actually less for the example distributions than for the normal despite having excess kurtosis which is typically interpreted as indicating thicker tails and greater risk of extreme returns.  Further, Kaplansky’s first example distribution has less kurtosis than a normal yet has greater corresponding area in the left hand tail.
 
The second reason why the standard measures of extreme returns appear to be inconsistent with the histograms in Figure 1 can be seen in the formulas for skew and kurtosis.  Table 2 shows these formulas in their component parts.  In all cases, the higher moments are in units that are difficult to interpret so transformations are done to make interpretations simpler.  With the second moment, the transformation is to take the square root to make the units the same as those of the mean.  For the higher moments, though, the transformation normalizes the moment by the standard deviation in order to make them unit-less.  The transformation shows that the skew and kurtosis are actually ratios and this leads to the question of whether an increase in these values is due to an increase in the numerator (or moment) or a decrease in the denominator (or standard deviation).  Arguably a better transformation would have been to take the sign-corrected third and fourth roots of the third and fourth moments, respectively, in order to make the units the same as those of the mean.

In short, standard measures of skew and kurtosis do not appear to be able to provide reliable insight to the risk of extreme returns in hedge fund indices.  Instead, we consider two sets of alternate measures: the un-scaled third and fourth moments because they correspond directly to the third and fourth terms in a Taylor series expansion of an investor’s utility function; and the length and magnitude of maximum drawdown because these measures are commonly cited in industry.   

Table 3 again shows the statistical properties of the equity and hedge fund indices, but this time the skew and kurtosis are shown with their component parts.  The table shows that while several of the hedge fund indices tend to have larger negative skew and higher kurtosis than the equity indices, they actually have smaller standard deviations, smaller third moments and smaller fourth moments.   The only exceptions are the short bias and emerging market indices.  Also note that the arbitrage strategies, which have the worst skew and kurtosis, now appear to be much less risky.  These results clearly show that it is the denominator that is driving the higher skew and kurtosis values.  

We also consider the magnitude and duration of drawdown because of the common perception that hedge funds expose investors to the risk of extreme drawdown.  We note that Lamm (2003) claims that hedge funds tend to surprise to the downside due to their negative skew and high kurtosis; he based this claim on the fact that the CSFB/Tremont Hedge Fund Index had experienced a six standard deviation event.  This event occurred in the fall of 1998, a notorious period for hedge funds due to the liquidity crisis at Long Term Capital Management.  During this period, the index had three consecutive negative months, -7.5% in August, -2.3% in September and -4.6% in October, for a total compounded decline of -13.8%.  This period represents the largest drawdown in the history of the index.  It lasted three months and the index took thirteen months to recover its lost value.  While this may seem severe, it is minor in comparison to the losses suffered by the stock markets since 2000.  Table 4 shows the draw-downs and recovery times for the equity and hedge fund indices for the periods studied.  This table shows that, with the exception of the short bias and emerging market indices, the drawdown for hedge funds tend to be much less severe and shorter in nature than the drawdown for equities.  The recovery times also tend to be much shorter.  As of the date of this paper, neither of the equity indices have yet recovered from the losses that began in 2000 and, in particular for the Nasdaq, the recovery times may still be years away.  Returning to Lamm’s example of a six standard deviation event, the focus should not be on the “six”, but on the low standard deviation.  As with skew and kurtosis, it is the low standard deviation that is the driver.  In actual returns, the event is not that severe.

3c.  Previously reported and bias-adjusted results

Brooks and Kat (2002), Getmansky et al. (2004), Kat and Lu (2002) and Agarwal and Naik (2004), among others, have interpreted measures of skew and kurtosis as evidence of hidden risks in hedge funds.  Malkiel and Saha (2004) make the same claim for their bias-adjusted results.  As discussed above, we question whether these scaled measures accurately report the true magnitude of extreme returns.  In order to confirm our findings, we reproduce Malkiel and Saha’s bias-adjusted results in Table 5, but have added two columns to show the un-scaled third and fourth moments which we have calculated from the statistics they provide.  As in Table 4, the illusion of extreme risks in hedge funds disappears when skew and kurtosis are replaced with the third and fourth moments, with only the dedicated short bias and event driven strategies showing poorer third and fourth moments than the S&P 500.  The un-scaled results for the other studies referenced above are similar.  
4.  Are extreme returns problematic for investors?
The next question to consider is whether, and in what way, extreme returns on any risky investment are problematic for investors.  We note there is a long-established literature that provides guidance on how the higher moments that characterize extreme returns affect an investor’s expected utility.  As in Scott and Horvath (1980), this can be seen most clearly by a simple Taylor series expansion where the first two terms contain the mean and variance.  As is well known, if the mean and variance do not completely determine the distribution and the investor’s utility function is of higher order than the quadratic, then the higher terms of the expansion, which include the higher moments of the distribution, must also be considered.  

It is also well known that risk-averse investors with positive marginal utility have a positive preference for the mean and a negative preference for the variance.  Scott and Horvath (1980) derive the direction of preference for the third and fourth moments under the additional assumption that investors are strictly consistent in their preference direction for these higher moments.  They show that investors have a positive preference for the third moment and a negative preference for the fourth moment.  A number of other authors, such as Kraus and Litzenberger (1976), also argue there is a positive preference direction for the third moment.  

We note there is no suggestion in this literature that investor preferences for various moments are lexicographic.  In other words, a large fourth moment, which investors dislike, does not necessarily outweigh a positive preference for a large mean or skew.  The existence of trade-offs among moments of interest implies that extreme returns are not problematic per se, and that they may be offset, in an investor’s expected utility, by higher return or lower variance.  Close examination of the higher-order terms in the Taylor series expansion also implies that the effect of the higher moments on an investor’s expected utility may not be economically significant and thus may easily be more than offset by a favorable mean or variance.    

Provided the specific functional form of the utility function is known, it is possible to quantify an investor’s rate of substitution among all of the moments of interest.  In such cases, non-quadratic optimization methods, as in Davies, Kat and Lu (2004) and Cremers, Kritzman and Page (2004) can be used to determine an investor’s optimal investment portfolio when choosing among a large number of assets with non-zero higher moments.  It is important to recognize this literature makes it clear that the standard, scaled measures of skew and kurtosis are not the relevant measures of extreme returns.  Indeed, scaling by the third and fourth powers of the standard deviations would imply the trade-offs between the mean and the higher moments would depend on the standard deviation, which is not consistent with the terms of the Taylor series expansion in Scott and Horvath (1980).  

In certain cases, guidance on an investor’s choice between two risky assets can be obtained more generally, without knowing the specific form of the utility function.  For example, the early work of Rothschild and Stiglitz (1970) on stochastic dominance identifies very general conditions under which an investor would choose one risky asset over another without imposing distributional assumptions such as normality, or strong assumptions on preferences.  Ingersoll (1987) discusses how this approach can be applied more generally to two assets with different means, provided the investor is able to borrow or lend at the risk-less rate.  If one of the assets is carefully levered or de-levered such that the expected return on that position is equal to the expected return on the other asset, a risk-averse mean-variance investor’s choice can be made solely on the basis of the negative preference for variance.  This choice can also be made by comparing the Sharpe ratios of the two risky assets.
  

This approach can be extended to take extreme returns into consideration without knowledge of the specific form of an investor’s utility function.  It suggests that it is useful to lever or de-lever one of the risky assets in order to set the fourth moment equal to that of the other risky asset.  A clear choice between the two risky assets may then be apparent depending on the sign of preferences for remaining moments of interest, as outlined in the following decision rule.  

Proposition 1:  Investors exhibiting positive marginal utility of wealth and consistent risk aversion at all wealth levels, strict consistency of third moment preferences and who can borrow or lend at the risk-less rate, will choose to invest in risky asset A rather than risky asset B if portfolio A* consisting of some amount α invested in the risk-less asset and (1 – α) in A can be created such that the fourth moments of A* and B are equal, the mean and third moment of A* are greater than for B, and the variance of A* is lower.

Proof:  See Appendix.

This decision rule is similar to an arbitrage argument where two portfolios are constructed with equal risk and the one with the higher return is preferred.  In this case, only one aspect of risk – the fourth moment – is equal between the portfolios, and a choice between the risky assets is determined on the basis of preferences for the remaining moments of interest.  We also note this decision rule will work even if the fourth moment is unimportant to investors or economically insignificant.
Table 6 provides a numerical example to demonstrate this decision rule.  In Panel A,  note that the expected return on Asset II is less, and that it has a lower standard deviation, a lower third moment and a lower fourth moment.  Since Asset II is preferred on the basis of the second and fourth moments but not on the first and third, it is not clear which asset the investor would choose because his or her willingness to substitute among the four moments of interest is unknown.  

Panel B provides statistics for portfolios consisting of the same two assets plus an amount of leverage that has been chosen to equate the fourth moments.  In this example Asset I has been de-levered by an investment in the risk free asset.  It is now clear that the investor would choose Asset II.  This is because the fourth moment is now equal, and Asset I exposes the investor to the greater amount of variance but a lower third moment.  

This example also demonstrates that the standard measures of skew and kurtosis do not properly represent the effect of the third and fourth moments on an investor’s expected utility.  Note that kurtosis is lower for Asset I than for Asset II in both panels; these measures on their own are generally interpreted as indicating that Asset II has the more extreme return distribution, which is incorrect in this example.  Also note that the measures of skew and kurtosis are invariant to the amount of leverage, since leverage affects numerator and denominator in the same way.  This is further reason not to use these statistics to measure the magnitude of extreme returns.  
5.  Should investors prefer hedge funds indices to equity indices?

The preceding section outlines that extreme returns are not problematic per se because they may be offset by other desirable characteristics of the entire return distribution.  Our data indicates the risk of extreme returns has been lower for hedge funds indices than for equity indices, but we note the returns on the hedge fund indices have sometimes been lower as well, particularly when bias-adjusted.  This prompts the question of which overall distribution should be preferred by investors, which we will address by applying our decision rule to our data.

Table 7 presents statistics when the fourth moments have been matched by de-levering some of the indices.   In this case a portion is invested in the index and the rest is invested at the 3-month T-Bill rate.  Note that the CSFB/Tremont hedge fund index and the HFRI fund of funds composite index are preferable to the de-leveraged equity indices.  This is because the returns are higher, the standard deviation is lower and the third moment is positive or less negative.  Thus an investor can make a clear choice in favor of these hedge fund indices as compared to any of the equity indices.  Based on our decision rule, the HFRI fund weighted composite index is preferable to the S&P500 TR index but not the Nasdaq due to a more negative third moment.  Despite this, the HFRI index will likely still be preferred by most investors because of a substantially higher return and lower standard deviation.
The same method can be applied to the bias adjusted data reported by Malkiel and Saha (2004) and previously reported in Table 5.  In this case the proxy for the risk free rate is the T-Bill rate as reported by Malkiel and Saha.  The results are shown in Table 8.  Even with the adjustments for bias seven of the thirteen hedge fund indices including the CSFB and Hedge Universe are preferable to the S&P 500.  Three more indices including Fund of Funds almost match the return of the S&P500 while having a lower standard deviation and higher third moments.  Only the dedicated short bias, event driven and managed futures indices do not stand up favorably to the S&P500 and in all cases this is due to lower returns and not for problematic extreme events.  
6. Implications for Investors

This analysis of the true magnitude of extreme hedge fund returns has a number of implications for investors.  First, the results in Tables 7 and 8 can be interpreted as evidence that extreme returns are not as problematic as for equities, and that the large allocations to hedge funds by some investors, as mentioned in the introduction, appear to be justified.  The magnitude of extreme returns on hedge fund indices has clearly been smaller than on equity indices over the time period considered.  

Second, our findings provide support for the use of leverage on a diversified portfolio of hedge funds, as is the practice at some funds of hedge funds.  Note that in order to equate the fourth moments the leverage ratios in Tables 7 and 8 are significantly higher for the hedge fund indices as compared to the equity indices, yet the variance is still lower.  This implies that funds of hedge funds that apply leverage to a diversified basket of hedge funds may also provide a distribution of returns that is preferable to the distribution of equity index returns, even when the effect of leverage is considered.

Third, investors need to exercise caution in using scaled measures of higher moments, such as the standard measure of skew and kurtosis.  There is no theoretical basis for this scaling.  Further, as illustrated in Table 6, relying on standard measures may lead to incorrect assessments of the overall risk of a given investment.  This example also highlights the inability of skew and kurtosis to properly measure extreme event risk. 

Fourth, although the extreme returns on hedge funds are not problematic per se for investors, applying standard mean-variance portfolio tools to hedge funds may cause investors to overlook the risks associated with higher moments.  This point is illustrated in Table 9 which provides statistics on the various equity and hedge fund indices when leverage is applied in order to equate the variance.  As can be seen in the right hand column, allocating to hedge funds on the basis of a risk budget that considers only variance does indeed expose an investor to fourth moments well in excess to those for the equity indices.  This is because the trade-off between variance and the fourth moment is ignored in standard mean/variance portfolio allocation tools when determining the appropriate level of overall risk.  Thus it is the application of our tools to hedge funds that exposes investors to “hidden risk”, and not the hedge funds themselves. 

Before concluding it is important to note a number of caveats.  First, our decision rule does not consider combinations of the various equity and hedge fund indices.  Second, it is important to note that “past performance is not indicative of future results”, although the historical evidence that supports our arguments appears to be clear.  Third, we have not considered the returns on individual hedge funds which may be riskier than the returns on the overall hedge fund index or the indices.  We claim, without presenting direct empirical evidence, that investing in a single hedge fund exposes an investor to risks that are similar to the diversifiable risks in a single common stock, and note that investors are increasingly applying this portfolio approach in the hedge fund sector.  The statistics we report on the overall hedge fund indices, as compared to those for the equity indices, provide some indirect evidence of the benefits of such diversification.

7.  Conclusion

Based on historical returns for hedge fund indices and the S&P 500 and Nasdaq stock market indices, we report that the true magnitude of extreme returns is less severe for hedge fund indices than for equity indices.  Using a decision rule that takes higher moments into account when choosing one risky asset over another, we find that hedge fund indices are preferable to equity indices, even after taking into account the risk of extreme returns.  We also demonstrate that applying mean/variance portfolio management tools to hedge funds can cause problems for investors, and that the standard measures of skew and kurtosis that is typically used to gauge the risk of extreme returns may lead to incorrect portfolio choices. 
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Appendix

Assume an investor has a utility function U(•) defined over terminal wealth w with the following two derivatives:

U1(w) > 0 for all w, and

U2(w) < 0 for all w.

Assume the investor is strictly consistent in preference direction for the third moment, i.e., 

U3(w) > 0 for all w,

U3(w) = 0 for all w, or

U3(w) < 0 for all w.
This implies U3(w) > 0 for all w as shown in Scott and Horvath (1980).  

Assume there is a single risk-less asset with return r and two risky assets A and B. Define portfolio A* as consisting of a proportion α invested in risky asset A and (1-α) in the risk-less asset.  Define μiA* and μiB as the ith central moments of A* and B respectively for i ≥ 2 and the means of A* and B for i = 1.  Assume there is some value of α for which: 





μ1A* > μ1B,

 


μ2A* < μ2B,

  



μ3A* > μ3B and





μ4A* = μ4B.

Define portfolio A′ as consisting of the same proportion α invested in risky asset A and (1-α) in the risk-less asset, but where r is replaced with a lower value r′ which satisfies μ1A′ = μ1B.  Note μiA′ = μiA* for i ≥ 2 and that A* first-order-stochastically dominates A′.  

Consider the investor’s optimal allocation of initial wealth of $1 between the risk-less asset and risky asset B.   Without loss of generality, assume proportion β invested in risky asset B is optimal.  The investor’s expected utility is:

     E[U(1 + βμ1B + (1-β)r] 

=  U(1 + βμ1B + (1-β)r) + U2(1 + βμ1B + (1-β)r) β2μ2B/2 

     + U3(1 + βμ1B + (1-β)r) β3μ3B/3! + U4(1 + βμ1B + (1-β)r) β4μ4B/4! 

<  U(1 + βμ1A′ + (1-β)r) + U2(1 + βμ1A′ + (1-β)r) β2μ2A′/2 

     + U3(1 + βμ1A′ + (1-β)r) β3μ3A′/3! + U4(1 + βμ1A′ + (1-β)r) β4μ4A′/4! 


=   E[U(1 + βμ1A′ + (1-β)r)]      

<   E[U(1 + βμ1A* + (1-β)r)]      

The right hand side of the first equality follows from a Taylor series expansion and by recognizing that the ith central moments of terminal wealth can be written as βiμiB for i ≥ 2; note the effect on expected utility of the fifth and higher moments is assumed to be zero.  The second inequality follows from the property of first order stochastic dominance.
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PANEL A

I 1.00 4.00 0.58 3.00 37.12 768.00

II 0.85 2.00 0.50 5.00 4.00 80.00

PANEL B

I 0.79 2.27 0.58 3.00 3.87 80.00

II 0.85 2.00 0.50 5.00 4.00 80.00

Table 6

Investor choice between two risky assets
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This example is based on typical monthly returns.  The risk-free rate used to de-lever is 6% annualized.
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PANEL A

CSFB/Tremont  (January 1994 to December 2004)

  US Equity Indices

S&P500 TR

Nasdaq

  CSFB/Tremont Hedge Fund Indices

Hedge Fund Index

Convertible Arbitrage

Dedicated Short Bias

Emerging Markets

Equity Market Neutral

Distressed

Event Driven Multi-Strategy

Risk Arbitrage

Fixed Income Arbitrage

Global Macro

Long/Short Equity

Managed Futures

Multi-Strategy

PANEL B

HFRI  (January 1990 to December 2004)

  US Equity Indices

S&P500 TR

Nasdaq

  HFRI Hedge Fund Indices

Fund Weighted Composite

Fund of Funds Composite

Convertible Arbitrage

Distressed Securities

Emerging Markets

Equity Hedge

Equity Market Neutral

Equity Non-Hedge

Event Driven

Fixed Income

Macro

Merger Arbitrage

Relative Value Arbitrage

Short Selling

Statistical properties of equity and hedge fund indices

Table 1

1,270.72 0.836 1.236 -2.679 14.863

184.92

1.293 2.439

915.38

0.298 6.210 0.150 4.439 16.20

0.978 1.046 -0.893 13.902

0.311 3.477 4.61

0.864 0.998 -0.340 7.919

10.34

1.185 1.908 -1.356 7.893 234.75

1.356 4.125 -0.510 3.582

15.18

0.749 0.921 0.162 3.286 1.40

1.393 2.578 0.175 4.379

242.67

1.293 4.311 -0.827 6.936 136.71

1.231 1.774 -0.681 8.523

140.99

0.863 0.979 -1.132 5.357 80.10

0.814 1.625 -0.257 7.305

10.50

1.149 2.001 -0.626 5.898 74.76

1.149 7.390 -0.390 3.889

0.958 4.229 -0.470 3.644

75.99

1.10

113.35

9.74

1,800.56

260.19

1,828.50

31.32

105.46

2.22

125.77

1,858.72

5.48

23.24

44.49

3.486

Jarque

- Bera

stat

9.52

1.107

0.899



   (%)

Mean

0.974 4.402 -0.611

0.625

0.770

1.087

0.862

0.663

0.557

1.148

1.002

0.783

-0.179

0.733

0.822

    Standard

    (%)

    Deviation

1.253

4.918

0.870

1.938

1.786

8.003

2.352

-0.373

0.098

3.522

1.266

1.107

3.346

3.060

1.347

5.101

0.034

-1.311

-2.833

-2.637

-1.313

-3.248

0.000

0.224

-1.447

0.913

-0.615

0.286

3.442

6.705

20.489

20.308

9.357

20.037

Skew Kurtosis

5.386

6.690

6.807

5.180

7.203

3.276

3.664

5.046

All calculations are based on monthly returns. The data for the US equity indices was downloaded from Yahoo and from Standard

and Poors.  The data for the Hedge Fund Indices was downloaded from the Tremont and HFRI websites.
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Figure 1

Sample histograms

CSFB/Tremont Hedge Fund Index

January 1994 to December 2004
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HFRI Fund Weighted Composite Index

January 1990 to December 2004
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HFRI Fund of Funds Composite Index

January 1990 to December 2004

0%

5%

10%

15%

20%

25%

30%

35%

-25% -20% -15% -10% -5% 0% 5% 10% 15% 20% 25%

S&P 500 Total Return Index

January 1990 to December 2004
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Nasdaq Index

January 1990 to December 2004
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The scales for all the graphs are identical on both the vertical and horizontal axis. The monthly returns are shown on the horizontal axis and the

percentage of time in each bucket is shown on the vertical axis. The vertical axis is shown as percentage of returns so that different time periods can be

compared. Note that the CSFB histogram is for a shorter time frame than the other histograms. Negative returns are shown in red and positive returns are

shown in blue.  All data is based on monthly returns.
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Table 2

Standard formulas for skewness and kurtosis

4th moment

s

4

none square root 3rd moment

s

3

percent percent

2

percent percent ------ ------
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-y)

3
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S

(y

i

-y)

4

DF DF

S

y

i

S

(y

i

-y)

2

DF

First Second Third Fourth

Moment Moment Moment Moment

Mean Variance ------ ------

Mean

Standard 

Deviation Skew Kurtosis

In the formulas, DF refers to degrees of freedom and s is the sample standard deviation. To obtain excess kurtosis' subtract 3 from

the transformed fourth moment.
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PANEL A

CSFB/Tremont  (January 1994 to December 2004)

  US Equity Indices

S&P500 TR 4.402 -0.611 3.486 -52.15 1,309.11

Nasdaq 8.003 -0.373 3.664 -191.13 15,028.66

  CSFB/Tremont Hedge Fund Indices

Hedge Fund Index 2.352 0.098 5.046 1.27 154.38

Convertible Arbitrage 1.347 -1.447 6.807 -3.53 22.39

Dedicated Short Bias 5.101 0.913 5.180 121.18 3,506.64

Emerging Markets 4.918 -0.615 7.203 -73.15 4,212.96

Equity Market Neutral 0.870 0.286 3.276 0.19 1.88

Distressed 1.938 -2.833 20.489 -20.60 288.73

Event Driven Multi-Strategy 1.786 -2.637 20.308 -15.03 206.71

Risk Arbitrage 1.253 -1.313 9.357 -2.58 23.03

Fixed Income Arbitrage 1.107 -3.248 20.037 -4.41 30.10

Global Macro 3.346 0.000 5.386 0.00 675.45

Long/Short Equity 3.060 0.224 6.690 6.43 586.65

Managed Futures 3.522 0.034 3.442 1.50 529.58

Multi-Strategy 1.266 -1.311 6.705 -2.66 17.23

PANEL B

HFRI  (January 1990 to December 2004)

  US Equity Indices

S&P500 TR 4.229 -0.470 3.644 -35.56 1,165.49

Nasdaq 7.390 -0.390 3.889 -157.52 11,596.31

  HFRI Hedge Fund Indices

Fund Weighted Composite 2.001 -0.626 5.898 -5.02 94.47

Fund of Funds Composite 1.625 -0.257 7.305 -1.10 50.92

Convertible Arbitrage 0.979 -1.132 5.357 -1.06 4.92

Distressed Securities 1.774 -0.681 8.523 -3.80 84.37

Emerging Markets 4.311 -0.827 6.936 -66.25 2,396.44

Equity Hedge 2.578 0.175 4.379 3.00 193.27

Equity Market Neutral 0.921 0.162 3.286 0.13 2.36

Equity Non-Hedge 4.125 -0.510 3.582 -35.81 1,037.39

Event Driven 1.908 -1.356 7.893 -9.42 104.58

Fixed Income 0.998 -0.340 7.919 -0.34 7.87

Macro 2.439 0.311 3.477 4.52 123.06

Merger Arbitrage 1.236 -2.679 14.863 -5.06 34.66

Relative Value Arbitrage 1.046 -0.893 13.902 -1.02 16.63

Short Selling 6.210 0.150 4.439 36.02 6,600.47

( %

4 

)

Moment

Standard

( %

 

)

Third

( %

3 

)

Deviation Moment

Table 3

Higher moments of equity and hedge fund indices

Fourth

The skew is calculated by dividing the 3rd moment by the standard deviation

3



and the kurtosis is calculated by dividing the 4th moment by

the standard deviation

4

.
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PANEL A

CSFB/Tremont  (January 1994 to December 2004)

  US Equity Indices

S&P500 TR 25 27

*

-14.5

Nasdaq 31 27

*

-53.7

  CSFB/Tremont Hedge Fund Indices

Hedge Fund Index 3 13

Convertible Arbitrage 3 10

Dedicated Short Bias 76 0

*

-46.6

Emerging Markets 18 55

Equity Market Neutral 5 4

Distressed 5 8

Event Driven Multi-Strategy 5 14

Risk Arbitrage 4 7

Fixed Income Arbitrage 7 13

Global Macro 14 18

Long/Short Equity 3 43

Managed Futures 8 15

Multi-Strategy 5 5

PANEL B

HFRI  (January 1990 to December 2004)

  US Equity Indices

S&P500 TR 25 27

*

-14.5

Nasdaq 31 27

*

-53.7

  HFRI Hedge Fund Indices

Fund Weighted Composite 4 7

Fund of Funds Composite 6 12

Convertible Arbitrage 2 12

Distressed Securities 4 8

Emerging Markets 14 18

Equity Hedge 25 10

Equity Market Neutral 3 3

Equity Non-Hedge 30 13

Event Driven 5 7

Fixed Income 5 13

Macro 3 15

Merger Arbitrage 1 4

Relative Value Arbitrage 4 6

Short Selling 112 29

Table 4

Peak to trough drawdowns and recovery times

-6.6

-53.4

-28.2

-10.8

-8.3

-6.5

-10.7

-12.8

-43.4

-10.3

-2.7

-75.0

-11.4

-13.1

-12.0

-44.7

-44.7

-75.0

-13.8

-12.0

-46.6

-17.7

-7.1

-45.1

-3.5

(%) (%) (months) (months)

Peak to 

Trough 

Drawdown

Still to be 

Recovered

Length of 

Drawdown

Time to 

Recovery

-26.8

-14.2

-14.3

-18.5

-7.6

-12.5

These calculations are based on month end values. When looking at daily data, the drawdowns can be larger. Peak to Trough refers

to the largest drop within the sample from a high point to a low point. It can include both positive and negative months. The

recovery time is the number of months the index took to move from the trough back to a level which matches or exceeds its earlier

peak. Still to be Recovered indicates indices that have not yet recovered from their maximum drawdowns. It is calculated as the

value at December 31 2004 divided by its peak value minus 1.  

*As of the date of this paper, the equity indices and the short bias index still have not recovered from their largest drawdown. The

actual recovery times could take several years, especially for the Nasdaq and the short bias index. The number shown in the table

represents the number of recovery months as of December 2004.  
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Index Return St.Dev. Skew Kurtosis J-B Stat Moment Moment

(%) (%) (%3) (%4)

Convertible Arbitrage 0.93% 1.20% (1.51) 10.94 321.46 (2.61) 22.69

Dedicated Short Bias -0.06% 6.07% 0.41 3.63 4.81 91.70 4,927.89

Event Driven 0.68% 5.08% (1.28) 8.03 141.91 (167.80) 5,347.74

Emerging Markets 0.64% 0.80% 0.69 4.99 26.27 0.35 2.04

Equity Markets Neutral 0.83% 1.60% (1.57) 10.83 317.32 (6.43) 70.98

Fixed Income Arbitrage 0.53% 1.36% (2.47) 13.42 592.83 (6.21) 45.91

Fund of Funds 0.56% 1.74% (0.14) 6.31 49.13 (0.74) 57.84

Global Macro 0.59% 2.02% 0.75 4.22 16.60 6.18 70.26

Long/Short Bias Hedge 1.14% 2.96% 0.13 4.87 15.89 3.37 373.85

Managed Futures 0.47% 2.80% 0.10 2.86 0.26 2.20 175.79

Other 0.74% 1.91% (2.25) 17.96 1088.70 (15.68) 239.02

Hedge Universe 0.70% 1.99% (0.25) 5.51 20.09 (1.97) 86.41

CSFB 1.05% 2.45% 0.07 4.90 16.20 1.03 176.55

S&P500 0.93% 4.70% (0.64) 3.28 7.62 (66.45) 1,600.54

T-Bill 0.34% 0.14% (0.89) 2.20 16.98 (0.00) 0.00

Monthly

Table 5

Higher moments of equity and hedge fund indices - bias adjusted

This table has been drawn from exhibit 12 of Malkiel and Saha (2004). The third and fourth moments have been backed out of the skew and

kurtosis numbers using the monthly standard deviation.
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PANEL A

CSFB/Tremont  (January 1994 to December 2004)

  US Equity Indices

S&P500 TR 0.586 0.703 2.583 -10.476

Nasdaq 0.319 0.571 2.554 -5.786

  CSFB/Tremont Hedge Fund Indices

Hedge Fund Index 1.000 0.899 2.352 1.274

PANEL B

HFRI   (January 1990 to December 2004)

  US Equity Indices

S&P500 TR 0.457 0.623 1.936 -3.301

Nasdaq 0.258 0.550 1.907 -2.479

  HFRI Hedge Fund Indices

Fund Weighted Composite 0.857 1.033 1.715 -3.097

Fund of Funds Composite 1.000 0.814 1.625 -1.102

Table 7

De-levering to match fourth moments



Average Standard Third

Leverage Return Deviation Moment
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When de-levering, the portion which is not invested in the index is invested in the US 3-month T-Bill rate for the corresponding month.
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Convertible Arbitrage 0.548 0.66 0.66 -0.43

Dedicated Short Bias 0.143 0.28 0.87 0.27

Event Driven 0.140 0.39 0.71 -0.46

Emerging Markets 1.000 0.64 0.80 0.35

Equity Markets Neutral 0.412 0.54 0.66 -0.45

Fixed Income Arbitrage 0.459 0.43 0.62 -0.60

Fund of Funds 0.434 0.44 0.75 -0.06

Global Macro 0.413 0.44 0.83 0.44

Long/Short Bias Hedge 0.272 0.56 0.80 0.07

Managed Futures 0.328 0.38 0.92 0.08

Other 0.304 0.46 0.58 -0.44

Hedge Universe 0.392 0.48 0.78 -0.12

CSFB 0.328 0.57 0.80 0.04

S&P500 0.189 0.45 0.89 -0.45

Table 8

De-levering to match fourth moments - Bias Adjusted



( %
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Leverage Return Deviation Moment



Average Standard Third

When de-levering, the portion which is not invested in an index is invested in T-Bills at the rate shown in Table 5.
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PANEL A

CSFB/Tremont  (January 1994 to December 2004)

  US Equity Indices

S&P500 TR 0.533 0.669 -789.45 10,594.82

Nasdaq 0.294 0.551 -447.45 11,085.44

  CSFB/Tremont Hedge Fund Indices

Hedge Fund Index 1.000 0.899 127.40 15,437.63

PANEL B

HFRI   (January 1990 to December 2004)

  US Equity Indices

S&P500 TR 0.383 0.577 -192.75 2,522.94

Nasdaq 0.220 0.519 -150.07 2,679.97

  HFRI Hedge Fund Indices

Fund Weighted Composite 0.812 0.997 -260.81 4,089.38

Fund of Funds Composite 1.000 0.814 -110.25 5,092.05

Table 9

De-levering to match second moments



Average Third Fourth

Leverage Return Moment Moment
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When de-levering, the portion which is not invested in the index is invested in the US 3-month T-Bill rate for the corresponding month.


End notes







� We have not provided descriptions of the various hedge fund strategies, but there are a number of papers that do so.  One of the better ones is Schneeweis, Kazemi and Martin (2003) although their discussion does not exactly match the strategies covered by the CSFB/Tremont and HFRI indices.


� This discussion is based on the following statistics for the normal and for Kaplansky’s four example distributions:


               PDF				CDF at	


            At Mean              Kurtosis                -1.645 σ





Normal         	0.399             	3.00      	  	 0.0500


P(x)                 	0.423             	2.75      	  	 0.0535


Q(x)                   	0.387            	3.125   	  	 0.0483


R(x)                   	0.470            	4.50     	  	 0.0476


S(x)                   	0.366            	2.667   	  	 0.0484





� Without the ability to borrow or lend at the risk-less rate, an investor may prefer the asset with the lower Sharpe ratio depending on the location, slope and curvature of his or her indifference curve in mean/variance space; note Ingersoll references Levy as the original source of this argument.  
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