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Abstract

With indtitutiona investors increasingly involved in aternative investments, portfolio
optimisation within a large universe of hedge funds has become a key area for research. This
paper develops a portfolio construction model that is specifically designed for funds of hedge
funds, incorporating specific controls for operational limitations, data biases and incompl eteness.
Absolute performance is targeted by selecting funds according to their alpha estimated with
factor models. Whilgt different factor models provide quite different estimates of a hedge fund' s
apha, we can till use the ranking produced by them in the fund selection process. In an extensive
out-of-sample historical analysis, funds of funds that are selected in this way and then allocated
using constrained minimum variance optimisation are shown to perform much better than the
equally weighted portfolio of al funds, or minimum variance portfolios of randomly selected
funds. This is true even when hedge funds are sdlected according to their aphas produced by
simple factor models. The best out-of-sample performance is obtained, out of the four factor
models considered in this analysis, with the Statistical factor model.
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Introduction

During the bear stock market of the last few years ingtitutional investors as well as high net worth
individual investors have found a new source of returns in aternative investment strategies. A

rough comparison illustrates the difference in performance between traditional and alternative
investments. over the period Jart00 to May-03, the Wilshire 5000 equity index lost on average
10.5% per year, while the HFR fund weighted composite index gained on average 4.7% per year,

with much lower volatility. Despite some high-profile losses, investors are committing more
assets to the aternative investment industry. According to TASS Research, in the second quarter
of 2003, the net flow into the hedge fund industry was estimated at 13.83 billion USD.

However, there isno ‘free lunch’. Due to the myriad of strategies employed by hedge funds, their
highly dynamic nature and the extensive use of derivatives and leverage inducing non-linear
relationships with the traditional asset classes, models for hedge fund returns are inherently
complex. This complexity is compounded by data reliability issues and operational limitations. In
terms of data, the fact that hedge funds report to commercial database providers on a voluntary
basis creates a number of sampling issues. Firgt, even if one combines the largest commercia
databases available,! there is no indication of the size of the population of hedge funds and the
degree to which the reporting funds are representative of this population. Beyond the small
sample bias, the databases comprise performance estimates rather than liquid market prices and
this generates both autocorrelation and a significant amount of noise in the data. Regarding the
operationa limitations, short sales are not possible, there are minimum investment limits, long
lock-up periods and advance notice, regular subscriptions'redemption as rare as once per year,

sades and early redemption fees.

Despite these difficulties there is no doubt that aternative investments present attractive
opportunities and their popularity is increasing. Thus currently, one of the most challenging
problems in portfolio management is to refine the traditional portfolio models to optimise
investments in a large universe of hedge funds. Given the special features of hedge funds, the
portfolio management tools developed for traditiona investments, being heavily reliant on the
existence of liquid markets and efficient prices, need refining. In these circumstances, hedge fund
portfolio management is as close to an art as any fidd in finance can be. High quality datais an

essential ingredient for any portfolio optimisation model but this is not likely to be achieved for

1 In 2003 Fauchier Partners counted 4,589 funds reporting to at least one of the three most important databases.
providers, TASS, HFR and CISDM.



hedge funds in the near future. We are not advocating informal or adthoc solutions. The most one
can hope for is that a skilful application of refinements to traditional portfolio management tools
with limited data can produce a better solution than a naive diversification.

The aim of this paper is to investigate the features of the investment process in hedge funds,
considered to be a source d apha that can be further transported to other asset classes’ To this
end, we anayse the out-of-sample performance of a portfolio construction model designed to
target apha through fund selection based on factor models and asset alocation based on
traditional optimisation. We follow through al the steps of portfolio management: the set-up of
the database and handling the biases in the data; the estimation of ‘apha, the risk adjusted
performance; the detection of the ‘true’ correlation structure of fund returns; optimal rebalancing
and the out-of-sample portfolio performance assessment. Following standard practice we use a
database of both dead and dive funds to diminish the impact of survivorship bias. We account for
the instant history bias through the use of dummy variables in factor models and report
performance on a relative basis, benchmarked against portfolios that are affected by the same
biases. Operationd limitations are addressed by imposing constraints on the optimisation and by
including an estimate of annual turnover as a key diagnogtic of the portfolio’s performance.

Traditional portfolio optimisation models require forecasts of the portfolio expected returns
and/or an estimate of their covariance matrix. Often expected returns are estimated using a factor
model, so difficulties arise when there is no consensus on the most appropriate factor model.
Given the highly dynamic and heterogeneous styles used in dternative investments, the non-
uniqueness of the factor model representationis one of the most important problems to address
when optimising portfolios of hedge funds. Amenc and Martellini (2003a) show that different
factor models can generate very different estimates of a hedge fund's ‘alpha and consequently
argue that the hedge fund industry should promote its diversification potentia rather than its
debatable alpha benefits.

We use four different factor models to estimate the alpha of a hedge fund: our ‘base case’ model
is the simplest representation of the fund returns as afunction of the two most important
underlying asset classes, equities and bonds; the ‘broad fundamenta’ factor model employs
indices to capture the performance of the main asset classes, and other factors representing

2 |n aforthcoming paper we investigate the diversification, or beta benefits of the hedge funds universe, considered also
a potential destination of alpha.



specific types of non-linear strateges such as market timing, volatility trading and equilibrium
trading; the ‘multi-factor’ model is based on hedge fund indices; and findly the ‘statistical’ factor
model is based on factors extracted from fund returns through principal component analysis. The
alpha estimates from the four factor models are used in the fund selection process and
subsequently we show that the best allocation optimiser is based on a minimum variance setting.

Our hedge fund selection process is determined by the fund's rank and not by its absolute alpha
estimate from afactor model. Different factor models are shown to generate very different alphas,
yet we find significant agreement on the ranking of funds based on their alphas from different
factor models. Interestingly, Amenc and Martellini (20034) report similar results using a different
database. The implication for the construction of portfolios of hedge funds is that, whilst models
that depend on the accuracy of apha estimates have significant model risk, there is considerable
scope for models that are based only on the ranking of funds.

The classic minimum variance portfolio optimisation is based solely on the funds covariance
matrix. We find that this produces better results than a mean-variance maximum information ratio
optimisation. As expected, given the reporting requirements of hedge fund databases, there is a
high degree of randomness in the sample covariance matrix. Some authors advocate ‘ cleaning’

this by imposing some factor structure before using it in the portfolio optimisation (Plerou et dl.,
2002; Amenc and Martellini, 2002). However portfolio weight constraints are essentia for hedge
funds investing and we show that with a constrained portfolio optimisation there appears to be no
further benefit from imposing a factor structure on the correlation matrix, as the sampling errors
appear to dready be significantly reduced through the weights constraining.

This approach results in a greatly improved performance compared to both randomly selected
minimum variance portfolios and to the equally weighted portfolio of al hedge funds. The out-of-
sample performance of this class of models highlights considerable alpha opportunities in the

dternative investment world that can be exploited using simple constrained optimisation models.

The reminder of the paper is organised as follows: section one describes the hedge fund data and
the treatment of biases, section two introduces the factor models used for measuring relative
abnormal return and reports the estimation results, section three presents severa portfolio
optimisation models and the out-of-sample performance analysis, and section four summarises
and concludes.



I Hedge Fund Data and Biases

Hedge fund data are subject to several measurement biases caused by the data collection process
and by the nature of the industry: survivorship bias, when a database does not include the
performance of funds that ceased operating during the sample period; ® selection or self -reporting
bias, when the hedge funds in the database are not representative of the population of hedge
funds* instant history bias, when the funds entering the database are alowed to back-fill their
results;” and multi-period sampling bias, when the anadysis is restricted to funds having a
minimum amount of history available. These biases are commonly estimated as the difference
between the average returns in the database of funds controlled for the feature causing the bias
(e.g. including only funds which have survived at the end of the period, or only funds which have
a minimum amount of history available) and the average returns of funds in the complete
database.

Fung and Hsieh (2000) provide an extensive analysis of biasesin the TASS hedge fund database.
They estimate a survivorship bias of approximately 3% per annum.® Regarding the instant history
bias they found an average incubation (back-filled) period of one year with an associated bias of
1.4% p.a., while the multi- period sampling bias was negligible. In order to reduce selection bias,
Fung and Hsieh (2002) recommend the use of indices of funds of funds to represent the hedge
fund investment experience because it is less susceptible to selection bias than the returns on
individual hedge funds.

Our fund data comes from the Hedge Fund Research (HFR) dead and alive funds databases, from
which we select the period January 1990 to May 2003. We restrict our analysis to US domiciled
funds reporting net of al fees in USD, having funds under management above 10 million USD
and not using leverage. Additionally, since we shall be estimating multi-factor models of each

% Most database providers only started collecting datain the early or mid-90's so there is little information on funds that
ceased operating before then. The early years of any hedge fund database will implicitly have a high survivorship bias.
4 Selection bias is the most difficult to estimate because the population of hedge funds is not observable. The main
reason for funds to report their performance is to attract investors so funds will report as long as they have not reached
full investment capacity and continue to achieve an attractive performance. Funds cease reporting for a variety of
reasons, including poor performance or liquidation, reorganisation, or because they have reached capacity and are no
longer interested in new investors. Thus the selection bias can work both ways — some funds report superior
performance in order to attract new investors, which creates an upward bias, while other funds, having reached full
capacity asaresult of extraordinary performance, choose to stop reporting, thus creating adownward bias. Also,
different data providers have different criteriafor including afund in their database and this can induce additional
selection biases.

5 Most funds enter the database with an existing track record from their incubation period or previous organisational
form and their results are usually back-filled over ayear or several months. Since funds can choose, post factum, the
moment when they enter the database, the back-filled history islikely to be affected by an upward bias in results.

6 Percentage of funds that have ceased to report during a given period, relative to the number of funds existing at the
beginning of the data period.



fund’s excess returns, we must require that each fund has at least 60 months of reporting history.
After imposing these selection criteria our database comprises 282 funds of which 55 had ceased
reporting before May 2003.

The attrition rate for the HFR database is known to be smaller than that of other databases so the
HFR survivorship bias could be higher. We include in our analysis the funds that ceased reporting
during the sample period but this does not ensure that the portfolio performance isidentica to the
experience of an investor in these funds because there is no information on the performance of
funds after having ceased reporting. If some funds were liquidated, their investors probably
recovered only part of the net asset value last reported. Therefore by including "dead’ funds we

only minimise the survivorship bias and do not éiminate it.’

In order to determine the impact of the instant history biasin our database, we have computed for
each fund the difference between the monthly average of the excess return (over SP500) in the
first year and the monthly average of the excess return in the first five years. The mean of the
difference is 0.33%, equivaent to an annual difference of 3.97%. The standard deviation of the
difference is 1.01%. The distribution of differences is positively skewed (with an estimated
coefficient of skewness of 0.48), suggesting the existence of a small number of funds having
much higher returns in the first year than in the rest of the reporting period. Separately, we have
estimated the average monthly excess returns for the first 5 to 60 months from the moment when
the fund started reporting. Figure 2 plots the average excess return across dl funds. The
decreasing pattern revedls that there is a clear ‘first year’ bias in the reported fund performance.
In order to isolate the instant history bias we use dummy variables for the first year of reporting in
all factor models.

Toidentify the most likely causes of funds ceasing to report, we have analysed the performance
of the ‘dead’ funds prior to the moment of exiting the database. For each ‘dead’ fund we
computed the difference between the monthly average excess return over SPS00 in the last year of
reporting and the monthly average excess return over the five years prior to ceasing reports. The

" Toidentify theimpact of survivorship bias on our selected database, Figure 1 shows the number of funds entering the
database (left hand scale) and the number of funds that ceased reporting over the previous 12 months (right hand scale)
for the period Jan-90to Dec-02. Since we require al fundsto have at least 5 years of reporting our database does not
include any fund entering after Jun-99. Until the middle of the 1990s, during the set-up of the database, the percentage
of funds entering the database is huge, starting from as high as 70% in 1990. By 1996, the percentage of funds added to
the database settles at around 20%. The evolution of the number of ‘dead’ fundsis the opposite: the first fund ceases
reporting in Dec-95 (there is no information of funds that ceased operating before the moment of the database set-up),
and the percentage increases steadily to 5% in the last part of our sample.



mean of the difference is -0.50%, which is equivalent to an annua difference in the excess returns
of -6.10%. The standard deviation of the difference is 1.65%. Figure 3 shows the distribution of
these differences: it is positively skewed with a heavy upper tail, indicating that some funds
stopped reporting because of negative performance but some aso because of extraordinary good
performance. A smilar explanation is given by the analysis of the relationship between the

overal performance as measured by the information ratio and the number of dead funds in each

category.

As aready mentioned, we require a minimum number of reporting months. the longer the
minimum reporting period, the more accurate our factor model estimates for each fund, but also
fewer funds in the sample. Longer minimum reporting periods may increase some of the biases.
With no minimum number of reporting months, the database has more than 600 funds of which
25% had ceased reporting during the sample period. For a minimum of 60 months of reporting,
the number of funds goes down to 282 of which 19% had ceased reporting: this suggests that the
survivorship bias could increase when we impose a minimum number of reporting months.

However, the estimated multi-period bias is negative (but negligible), at -.33% p.a

In summary, the instant history bias is significant but this will be eliminated through the use of
dummy variables. The multi-period sampling bias is negligible. However, there may be an
unavoidable selection bias in our database and a survivorship bias that, though minimised by
including in our andysis the funds which have ceased operating during our data sample, may be
increased by the necessary imposition of a minimum reporting period. We therefore present all
performance results on a relative basis, benchmarked againgt the equally weighted index of all
funds. The relative performance can be interpreted as bias-free since both the portfolios and their

benchmark are affected by the same biases.

I Factor Modédsfor Hedge Funds

The development of a parsimonious factor model that adequately explains hedge fund returnsis a
great chalenge for aternative investment research. Such a model would alow one to measure
risk adjusted performance and manager’s sKill, identify the style mix employed by funds and
eventually devise optimal portfolios. Assuming that investors are only willing to reward managers
for superior performance that cannot be easily replicated, the fund returns may be decomposed
into the part explained by the factor model, which can be replicated by standard asset baskets and



common trading strategies, and the factor model residuals being attributed to the fund manager’s
skill.

A number of factor models have been proposed to capture risk adjusted hedge fund performance;
Ackermann, McEnally and Ravenscraft (1999), Brown, Goetzmann and Ibbotson (1999),
Agrawa and Naik (2000b), and Liang (2000) among others have used one factor models, while
Fung and Hsieh (1997), Schneeweis and Spurgin (1998), Liang (2001), Agarwa and Naik (2000),
and Edwards and Caglayan (2001) have used fundamental or statistical multi-factor models. The
wide range of models developed and the fact that no single model dominates the othersis usualy
explained by the large diversity of the strategies employed by hedge funds and their highly
dynamic nature. Whilst the traditional asset pricing literature is based on linear factor models, the
highly dynamic derivatives strategies that are often levered in hedge fund management have non-
linear relationships with traditional asset class returns (Fung and Hsieh, 1997; Agarwa and Naik,
2003; Amin and Kat, 2001).® Consequently, additional factors have been suggested for
explaining hedge fund returns, such as dynamic derivative strategies payoff (Schneeweis and
Spurgin, 2000; Agarwal and Naik, 2003; Mitchell and Pulvino, 2001; Fung and Hsieh, 2001).
Hedge fund indices have aso been used as aternative benchmarks for measuring performance
(Lhabitant, 2001).

Since there is no consensus on the best model® we estimate four factor models on our database of
282 US hedge funds:

(1) atwo-index model that considers the two main asset classes, US equities and bonds: this
is the smplest possible representation of risk factors and is the base case modd for our
analysis,

(2) abroad fundamental model, including as factors. international equity and bond indices
representing US and worldwide markets; investment style factors, commodities and
foreign exchange risk factors, and other factors representing specific types of non-linear
strategies such as market timing, volatility trading and equilibrium trading;

(3) amulti-factor model using the HFR hedge funds indices as factors;

(4) a datistical factor model using as factors portfolios replicating the first four principal

components of the system of all funds’ returns.

8 For pricing securities whose payoffs are nondinear functions of the risk factors two strands of literature have
emerged: non-linear factor models (Bansal and Viswanathan, 1993; Bansal, Hsieh and Viswanathan, 1993) and the use
of derivatives strategies and other non-linear factors to capture the non-linearities in securities payoff (Breeden and
Litzberger, 1978; Glosten and Jagannathan, 1994; Harvey and Siddique, 2000).

® Asisthe case for mutual funds, with Sharpe's (1992) model.



The general factor mode representationis:

k
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where r, is the net of fees excess return on fund i during month t; a; is the risk adjusted
performance, ‘alpha’, of fund i over the estimation sample; F; is the excess return on the k™ risk
factor over the month t;" by, is the loading of the fund i on k" factor, i.e. the sensitivity of the

fund i to the factor k over the estimation sample; and e;; is the error term.

Each of the four models were estimated by least square regressions over the period Jan-90 to
May-03 on each of the 282 fund returns in excess of the risk free rate’* For each fund we used
the entire data sample available: some funds entered the database after Jan-90 or ceased reporting
before May-03. To account for the backfilling bias previoudy identified, al models included a
dummy variable taking a value of one for the first twelve months of reporting. Potential
multicollinearity problems were addressed by identifying any pairs of factors that were highly
correlated over the sample and dropping the factor having lower correlation with the returns of
the fund."” To select the significant factors for each fund a backward step-wise regression method
was gpplied: starting with the most complete model which passed the multicollinearity filter, one-

by-one the non-significant factors were removed until a parsimonious model was obtained.

The results of estimating the four factor models in this way are grouped for presentation,
combining results for al funds within the same HFR strategy (strategy definitions are given in
Appendix 1).® Each cell in Tables 1 to 4 reports two figures: the average coefficient estimate

10 With afew exceptions when the risk factors are not investable indices or portfolios (e.g. for volatility and price
dispersion risk factors)

1 The 3 months US T-bill rate was used as a proxi for the risk free rate. We also attempted to use unsmoothed fund
returns (Geltner, 1991 and 1993), given some evidence of autocorrelation in returns for approximately 30% of the funds
in our database. However, such unsmoothed returns cannot be used in the second stage of our analysis, portfolio
construction, since in back-tests we require returns as close to real market circumstances as possible. For coherency
purposes, the factor models need to be estimated on the same type of returns which will be further used to construct
portfoliosin back-tests.

12 The rule-of-thumb’ used wasif the pair-wise factor correlation coefficient was above the square root of the
coefficient of determination of the model including al factors, then one of the factors was excluded. However, for some
funds the model’ s coefficient of determination was low so we applied this rule only for correlation coefficients
exceeding 0.5. Despiteitswide-spread use this procedureisrather ad-hoc. A more sound approach would be to
orthogonalise the factors and preserve the explanatory power of the model. However, the orthogonalisation of highly
correlated explanatory variables has no impact on measuring alpha and its standard error, and we prefer the first
approach for itsintuitive interpretation and straightforward hypothesis testing.

13 For reporting purposes, we have regrouped the HFR strategies that were weakly represented in our selected database
(i.e. with less than 4 funds from that strategy type). The three funds from ‘regulation D’ and the only fund from
‘relative value' were put together with the convertible arbitrage funds. Also, the four ‘macro’ funds and the two ‘ short
selling’ funds were grouped with ‘market timing’ funds.



over all funds in that strategy type (above) and the percentage of these funds for which the
coefficient was statistically significant at 10% (below).** The coefficient standard errors were
computed using the Newey-West (1987) heteroscedasticity and autocorrelation consistent

covariance matrix.

Two-index model

Thisisthe simplest representation of the fund excess returns as a function of the excess returns on
the two most important underlying asset classes, equities and bonds. We are fully aware of its
inappropriateness and use it merely as a base case model. The indices used to proxy the equity
and bond markets were the Wilshire 5000 and the Lehman Government/Credit Intermediate
indices. Given evidence of autocorrelation for approximately 30% of the funds in our database,
which could be caused by their pricing practices for illiquid securities, there is a non-synchronous
trading measurement risk for beta. Asness, Krail and Liew (2001) use contemporaneous and
lagged market betas to show that hedge funds may have more market exposure than one expects
due to stale prices or illiquidity of the securities they trade. Following Dimson’'s(1979)
arguments, we included the lagged equity index excess returns in the factor model to account for
potentialy stale prices.

The results are summarised in Table 1. On average, the two-index model explains only 27% of
the total variance of fund excess returns. This is in line with previous results (e.g. Fung and
Hsieh, 1997) and can ke attributed to the diverse dynamic strategies employed in the dternative
investment industry which induce non-linear exposures to traditional asset classes. Still, 80% of
funds have a significant relationship with the Wilshire 5000 excess returns (average beta = 0.3)
and for 38% of funds the lagged Wilshire excess returns are also significant determinants.
However, the bond index returns are significant for only 20% of funds. The average dpha is
positive and significant for 48% of funds, and negative and significant for only three funds. The
distribution of alphas has a mean of 7% and is both positively skewed and leptokurtic.

Broad fundamental factor model
The broad fundamental factor model uses excess returns on indices to capture the performance of

the main traditional asset classes, and other factors to mode specific types of strategies, such as

14 The alphas on individual funds are not independent so to assess the significance of an average alphaover al the
fundsin aparticular strategy type single-sample mean t-tests are not appropriate. Following Amenc and Martellini
(2003a) we estimated the factor models on an ‘average fund' returns series for each strategy type. We then used the
least squares standard error of the intercept to determine the statistical significance of the average alpha

10



market timing, volatility trading and equilibrium based trading models. Following Sharpe (1992),
Schneeweis and Spurgin (1998), Agarwal and Naik (2003) and others, we include in the broad

fundamental factor model equity indices (Wilshire 5000, SP500 growth and value, SP mid-cap
and smadll-cap to capture differences in equity investment styles, MSCI world index excluding US
to account for the investment opportunities outside US and MSCI emerging markets index to
capture the emerging markets investment opportunities as a separate asset class); bond indices
(Lehman Government, Lehman Credit Bond, Lehman High Yield and Lehman Mortgage Backed
Securities); the FED trade weighted foreign exchange rate index as a proxy for foreign exchange
risk; the GS Commodity index to capture commoadity related investment risk factors. In the spirit
of Sharpe's (1992) modedl, the slope coefficients of the regression will indicate the ieplicating
static mix of asset classes that would capture the fund’ s performance. It is common practice to go
beyond static asset class mixes and analyse the performance of funds using simple trading

strategies. As suggested by Treynor and Mazuy (1966), squared market returns can proxy for
market timing abilities. Therefore, in order to account for potentia asymmetries in the
relationship of the fund returns with the main asset classes, which are expected to occur when
derivatives or dynamic timing strategies are used, we include in the regressions the squared
excess returns of the main indices. Additionaly, we include two factors capturing specific trading
strategies. the change in the equity implied volatility index (VIX) to account for volatility trades
(Schneeweis and Spurgin, 1998),'° and the prices dispersion as a leading indicator of price

equilibrium trading strategies (Alexander and Dimitriu, 2003).%

The estimation results are presented in Table 2 Although 17 factors were considered in total, the
average number of significant factors for an individual fund was only 2.5. Nevertheless the
average R? across al funds was 36%, a considerable increase from the base case moddl. The
broad fundamental modd better explained the returns of fundsin the following classes: emerging
markets, equity hedge and northedge, event driven, convertible bonds, financial and technology
sectors. However, the returns for some fixed income, macro and relative value funds were not

well modelled by this approach. The most significant factor, determining the excess returns of

15 A quick note on the importance of using the right measure of volatility. If funds areindeed using derivatives and
timing strategies, a positive relationship with volatility should be revealed. However, by looking at several other
volatility measures, e.g. intra-month SP volatility, or maximum draw-down, one would get the opposite intuition — that
is, there is anegative relationship volatility — fund returns, which would cast serious doubt on the effectiveness of the
sophisticated strategies used by funds.

16 Alexander and Dimitriu (2003) argue that prices’ cross sectional dispersion represents a measure of prices
equilibrium. Strategies based on historical equilibrium will realise relative losses when the dispersion of pricesis
increasing and relative gains when the dispersion of prices decreases. However, in special market circumstances, e.g.
following a crash period, the relationship changes sign — relative gains are realised when prices dispersion increases.
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38% of the funds is the small cap SP index. As expected, this influences funds trading on
distressed securities, equity hedge and non-hedge, event driven, funds of funds and technology.
Additiondly, the sguared returns of the small cap SP index are significant in 40% of models,
indicating use of leverage and market timing abilities’” The other equity style indices are only
significant in 6-10% of the funds. Another important factor is the Lehman High Yield index (for
convertible arbitrage, distressed securities, event driven, managed futures, merger arbitrage and
funds of funds, as well as equity hedge and non-hedge funds, the latter two having a negative
average beta) and its squared excess returns (highly significant and positive for funds in
distressed securities, equity non-hedge and managed futures, and significant but negative for
convertible arbitrage, equity hedge, funds of funds, market timing and technology funds). The
MSCI emerging markets index was significant for 20% of the funds: in addition to the funds
primarily trading in emerging markets and funds of funds investing in these, distressed securities,
equity hedge and non-hedge, event driven, and technology funds all have significant exposure to
emerging markets. The GS commodity index is a significant factor for emerging markets, event
driven, funds of funds, equity hedge and non-hedge, and, as expected, managed futures.

Whilst the broad equity market indices and the FED trade weighted forex index are generally less
significant than other factors, the change in SP500 implied volatility and the Dow Jones price
dispersion index are among the most significant factors. Each of these factors has positive
coefficients and is significant for amost 30% of funds. The first year reporting dummy confirmed
a significant positive bias for most strategies, especially convertible arbitrage, equity market
neutral, event driven, funds of funds, market timing and managed futures. However, there is a
negative first year of reporting dummy coefficient for funds in the equity norn-hedge, emerging
markets and technology categories. Alpha was most significant for emerging markets and
financial sector funds (significant negative apha only occurred for funds investing in emerging
Asian markets) and also for convertible arbitrage, rdlative value and short-selling (but for these a
high apha could just result from poor explanatory power of the modél).

Hedge fund indexes model
The hedge fund indices provided by HFR represent investable portfolios having non-linear
exposures to traditional asset classes. Hence a factor model based on them should explain the

Considering the wide spread use of historical equilibrium models we use dispersion as an indicator of their
performance.

" The squared returns of small caps have a positive relationship with funds from the equity hedge, market neutral and
non-hedge, funds of funds, managed futures, market timing and technology and a negative one with the funds trading
on distressed securities and event driven.
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returns on individual funds better than the two factor model considered previoudly (Lhabitant,
2001). The HFR indices are based on clustering analysis and possible re-classification of funds if
their sdlf-stated strategy is not consistent with HFR's statistical analysis. One approach is to
classify funds into groups and use only the relevant group index to explain their returns. Instead
we alow, through step-wise regression, the selection of the most significant hedge fund indices
for each fund. Also, we do not reconstruct the indices from the funds in our sub-sample: the HFR
indices are a better choice as factors since they are more representative for the entire population
of funds and are also investable.

The results of estimating this factor model are presented in Table 3. Clearly there are systematic
risk factors, beyond the ones included in the fundamental factor model that are captured by these
HFR style indices® The model explains an overall average of 46% of the variance in fund excess
returns (ranging from 37% for equity market neutral funds, to over 60% for equity nonhedge
funds, event driven, funds of funds and technology funds). Each fund’s excess returns tend to be
determined by the relevant index for their salf-stated strategy, indicating no large errors in the
classification. At an individua fund level, 17% of funds have negative and significant alpha,
while only 11% of funds have positive and significant alpha. The funds with positive apha come
from the emerging markets group, some fixed income strategies, market timing and managed
futures. The funds with the largest negative a phas are equity non-hedge, event driven and some

sectors.

Statistical model

Statistical factors extracted from the funds returns data through principal component analysis
were firg used to model hedge fund returns by Fung and Hsieh (1997). As opposed to mutua

funds, for which the asset class they trade in is the determinant factor, the more important factor
for hedge funds is ‘how’ they trade, i.e. which type of dynamic strategy hey employ for a
particular asset class. The intuition behind statistical factor analysisisthat if a group of funds use
similar strategies in the same markets, their returns should be correlated. Through factor analysis,
the major common styles can be extracted from fund returns.

Appendix 2 describes the methodology used to identify the optima number of principal

component factors and to construct investable portfolios replicating these factors. Our statistical
factor model uses four principal component factors, and the portfolios replicating these are
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denoted by PC1 to PC4. These portfolios preserve well the theoretical features of the principal
components. PC1 captures the common trend in fund returns and has a very similar behaviour to
an equally-weighted index of all funds, to which it is aso highly corrdlated.*® It has negative but
not very significant skewness, and an excess kurtosis of 1.4. The other three portfolios have
returns distributions that are nearer to normality. 2°

From their portfolio structure, we can infer that the first two principal components have an
intuitive interpretation; the ‘common trend’ PC1 portfolio is well diversified across al strategies
(with particular emphasis on funds of funds and equity funds because most funds ae of these
types) and the PC2portfolio is clearly dominated by managed futures, which stand out as an
investment style with returns uncorrelated to the common trend but representative of a significant
part of the hedge fund population. PC3 comprises mainly equity market neutral and funds of
funds, while in PC4 there are technology funds and again equity market neutral funds.” In
summary, the structure of the portfolios replicating the first two principal components is well
defined, whilst the third and fourth principal components portfolios have a mixed composition
providing little insight on their characteristics.

The relationship of the first principal components with the traditional asset classes has been
investigated previoudly, both from a linear and non-linear perspective (Fung and Hsieh, 1997).
Their results indicate that, if the first principal component is explained to afair degree by alinear
representation of the traditional asset classes, this is not the case for the other principa
components, which have non-linear relationships with the traditional asset classes. Indeed, we
find that the first principal component has strong linear relationships with our broad fundamental
factors (R? = 0.79) and hedge fund indices (R? = 0.89), while the other three principal components
have no obvious significant linear relationship with fundamental factors (maximum R = 0.20),
and a rather weak one with the hedge fund indices (maximum R = 0.35)** Appendix 3 provides

18 Following Fung and Hsieh's (1997) argument, the hedge fund indices can be interpreted as style factors, as opposed
to the location factors which are captured by the fundamental factors.

9 The equally-weighted index is less volatile, but this is to be expected, considering that the number of funds entering
the portfolio replicating the first principal component is smaller, and the first principal component is constructed by
maximising the variance of the underlying linear combination of funds.

2 The portfolios replicating the other three principal components also have progressively lower volatility, by
construction, and generally higher information ratios than PC1.

21 The presence of equity market neutral fundsin three of the four orthogonal factors indicaes that the fundsin this
category are rather heterogeneous, having low correlation with each other.

22 This low dependency of higher order principal components to traditional asset classes is thought to be caused by the
use of dynamic trading strategies and derivatives, as well as style switching. A well-known example is the strategy of a
market timer with perfect forecasting abilities, which will display non-significant correlation with the market, but thisis
just an artefact of the correlation computation method. In fact, the strategy is perfectly correlated with up -markets and
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clear evidence that the portfolios replicating the higher principal components are in fact capturing
dynamic hedge fund strategies having non-linear relationships with the traditional asset classes.

The estimation results for the statistical factor model are presented in Table 4. The only strategies
with positive and significant aphas are convertible arbitrage and merger arbitrage, but they aso
have a low average R, so the abnormal return could be due to omitted risk factors. The average
R® across all strategies is 0.39, greater than for the fundamental factor model, suggesting that
there is indeed vaue in using statistical factors capturing dynamic hedge fund strategies. The
strategies with the highest R? are the equity hedge and non-hedge, funds of funds and technology
funds, but this is clearly an artefact of the structure of our database, which is dominated by these
types of funds. The PC1 portfolio is a significant factor for 79% of funds, PC2 portfolio for 39%
funds, PC3 for 44% funds and PC4 is significant for 29% of funds. All strategies, except for
managed futures have positive average betas on the PC1 portfolio. Also, most strategies have
positive betas on the PC2 portfolio and negative betas on PC3 portfolio. The first year reporting
dummy remains positive and significant for most strategies, except for event driven, merger
arbitrage and technology funds.

A Comparison of Alphas from Different Factor Models

At the strategy level, substantia differencesin alphas estimated from the four factors models have
been identified in Tables 1 — 4. Table 5 summarises the alpha estimates of the *average fund'. For
the two index model an estimated apha of 0.69% per month is highly significant and is
equivalent to 8.5% per annum. The risk adjusted performance for the ‘average fund' is again
highly significant in the broad fundamental model: a 5.1% in annual terms this model till
implies a positive average apha, even if significantly reduced from the base-case two index
model. However, for the multi-factor model, the ‘average fund’ risk adjusted performance is
negative, even if not statistically significant. More importantly, the ‘average fund’ has a negative
and significant a pha when benchmarked against the four PC portfolios.

In summary, there is a significant disagreement between the factor models on the *average fund’
apha, ranging from —2.5% to 7% per annum, and the dispersion of apha estimates is even higher
a the level of individua funds. This leads us to conclude that an accurate estimate of the
abnormal return is very difficult to obtain from any single model with any degree of certitude.
However, some agreement can be achieved on the sign of aphafor individua funds. Of the funds

perfectly negatively correlated with down-markets. In the real world, there are of course no perfect market timers,
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having at least one positive alpha estimate, in 30% of cases there is perfect agreement betweendl
models in terms of apha s sign.

After investigating an exhaustive range of factor models, Amenc and Martellini (2003a) conclude
that the models tend to agree on the relative ranking of funds despite the fact that the range of
alpha estimates produced by different models is wide. We also find significant agreement
between different models in terms of funds ranking based on alpha. Table 6 shows the
correlation, the rank correlation and probability of agreement between different models in terms
of dpha estimates. All probabilities of agreement are above 0.58, even though the correlation in
individual apha's estimates can be as low as0.27 (for the statistical model and the base case

model).

The implication of these results for funds of funds portfdio construction is that methods relying
heavily on the accuracy of apha estimates cannot be implemented without significant model risk.
However, there is considerable scope for more flexible models, such as implied apha moddls,
based precisely on funds ranking. In the following, we will examine the power of such portfolio
construction models for hedge funds.

[l Constructing Optimal Portfolios of Hedge Funds

Optimisers are well known to be error enhancers (Michaud, 1989), so the quality of the data is
essential. Since thisis not likely to be achieved with hedge funds in the near future one can only
am for a better solution than naive diversification. Before proceeding to optimisation, we
consider the optima size of diversified hedge funds portfolios by testing the benefits of naive
diversification through simulation. We randomly draw without replacement 5, 10, and up to
80funds (in multiples of 5) from our database and independently form equally weighted
portfolios having no style consideration. For each size of portfolio we repeat the experiment
1,000 times, and estimate the first four moments of the fund of funds portfolio returns
distributions for each portfolio size. Our results, summarised in Figures 4 and 5 indicate that
diversification across all strategies works well, with most of the diversification benefits obtained
at around 30 funds in the portfolio.?® Practitioner standards also appear to favour portfolios of at
least 20 to 30 funds even though other academic results on funds diversification (Henker, 1998;

which makes things even more complicated, because one has to consider also the effect of forecasting/trading errors.
2 Our results are based on a smaller sample (282 funds) than other studies, which does not allow the investigation of
the diversification benefits at the level of each style. Lhabitant and Learned (2002), on a database of 6,985 funds, find
asignificant trade off between the decrease in volatility and the evolution of the higher moments: as the number of
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Amin and Kat, 2002) recommend a number of fundsin the range of 15 to 20. Therefore, provided
that holding 20 to 30 funds does alow a fair diversification across al investment styles in our
database, our portfolios will include a number of fundsin this range.

The classical portfolio theory of Markowitz (1952) underlies the foundations of modern finance
and many of today’s practitioner models. Assuming investors have quadratic preferences, its
application requires knowledge of the first two moments of the returns distribution. Estimating
expected returns has been shown to be a difficult task even for traditional asset classes (Merton,
1980; Jorion, 1985), and this is the main reason why mean-variance efficient portfolios perform
poorly out-of-sample (Frost and Savarino 1986, 1988; Jorion, 1986; Michaud, 1989; Best and
Grauer, 1991). Accurate estimates of expected returns are even more difficult to obtain for
aternative investments, as shown in the previous section. On the meanvariance efficient frontier
the only portfolio that does not require estimates of expected returns is the minimum variance
portfolio. In the hedge funds world, thisis a natura choice, given that it eliminates the estimation
risk associated with expected returns. Moreover, there is empirical evidence (Jorion, 1985;
Jagannathan and Ma, 2003) that out-of-sample, the minimum variance portfolio overperforms
classical tangent portfolios in terms of information ratio, especially when the estimation sampleis
not large.®* For these reasons, we focus our analysis on minimum variance portfolios of hedge
funds.

When no restrictions are imposed, the minimum variance portfolio weights are given by:

MV = T St 1

where S is the covariance matrix of the fund returnsand 1 is a vector of ones. If restrictions are
imposed on weights, the solution can be obtained numericaly. Since the covariance matrix of
fund returns is the only input required in the model, the results will strongly depend on its
accuracy. Given that the number of funds in our sample is much larger than the number of data

points, we are concerned with the estimation risk in the sample covariance matrix. Appendix 2

fundsisincreased, for strategies like fixed income arbitrage, convertible arbitrage and event driven, the skewness
decreases and the excess kurtosisincreases.

24 For comparison, we also implemented a mean-variance maximum information ratio optimisation in place of a
minimum variance optimisation but the lack of accuracy in theindividual alpha estimates resulted in lower out-of -
sample information ratios for the mean-variance portfolios than for the minimum variance portfolios, and the portfolios
were |ess stable than the ones constructed based on minimum variance. Therefore, rather than optimising on less
accurate estimates, one is better off selecting funds based on alphas and then running the optimisation on the covariance
matrix solely.
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compared the properties of the empirical correlation matrix* with tose of a similar but random
correlation matrix, finding significant agreement between the two. Hence part of the information
content of the empirical correlation matrix is driven by randomness. In Appendix 2 we showed
that the ‘true’ correlation structure is captured by the first four eigenvaues, while the rest can be
ascribed to noise and measurement errors. Since the presence of such noiseis likely to perturb the
minimum variance optimisation, its reduction is essential. Several solutions have been offered,
including imposing a factor structure (e.g. Sharpe, 1963; Chan, Karceski and Lakonishok, 1999),
the use of an optimal shrinkage towards the mean or the single factor model (Jorion, 1985, 1986;
Ledoit and Wolf, 2003; Kempf and Memmel, 2003) and the introduction of portfolio constraints
(Jagannathan and Ma, 2003).

One straightforward solution that exploits the information contained in the empirical correlations
whilst minimising the model risk has been recommended by Plerou et al. (2002) for traditional
assets, and Amenc and Martelini (2002, 2003b) for aternative investments. It involves the
reconstruction of the empirical correlation matrix using only the eigenvalues that deviate from
those of a random correlation matrix. In our database only four eigenvalues deviated from those
of a random correlation matrix, as shown in Appendix 2. We therefore construct the ‘ cleaned’
correlation matrix as:
C=wW? W'

where L. is the diagona matrix of the ordered eigenvalues of the correlation matrix of fund
returns with dl but the first four eigenvalues replaced by zeros, and W is the matrix of
eigenvectors. The diagonal elements of C were set equal to one. The ‘cleaned’ covariance matrix
was computed as V = DCD, where D is the diagonal matrix of standard deviations of each fund

returns.

In order to test the efficiency of the noise ‘cleaning’ process, we compared, out-of-sample, the
variances of minimum variance portfolios constructed from (&) the empirical covariance matrix
and (b) the ‘cleaned’ covariance matrix. We constructed 1,000 portfolios, each with 25 randomly
selected funds, and optimised them based on both the ‘cleaned” and the sample covariance
matrices to achieve minimum variance. For estimating the covariance matrices we used arolling
sample of 60 months. The first portfolios were constructed in Jan98 and rebaanced every six
months until Jan-03. Between two rebalancing moments, the portfolios are left unmanaged and
their out-of-sample performance monitored in order to determine the out-of-sample variance.

% We have performed the same analysis for the covariance matrix and obtained similar resuilts.
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The results are presented in Table 7. We found that, when no constraints are imposed on the
portfolio weights, the out-of-sample variance of the portfolio constructed on the ‘cleaned’
covariance matrix is smaller than that based on the sample covariance matrix, indicating the
effectiveness of the noise cleaning process. Our results are in line with those of Plerou et
al. (2002), whose out- of-sample results also favoured the ‘cleaned’ covariance matrix. But in a
hedge funds portfolio, no short sales are allowed, so the portfolio weights need to be constrained
to be positive and upper bounds are also normally imposed to reduce concentration risk.”® We
therefore introduce a non-negativity constraint and an upper bound on individua fund weights
at 20%, following standard practice in this respect.

When we repeated the previous analysis with the constraints in place, the out-of-sample results
were in favour of the sample covariance matrix (Table 7). This feature has been previousy
observed by Jagannathan and Ma (2003) 2" The constraints improve significantly the performance
of the portfolio based on the sample covariance matrix, which has the smallest variance overall
and an average excess kurtosis that is smaler than that of the minimum variance portfolios based
on the ‘cleaned’ covariance matrix. Hence in the following we use the ordinary sample

covariance matrix instead of the ‘ cleaned’ one.

The portfolios analysed so far were based on randomly selected funds, and give an idea of the
average performance expected from minimum variance portfolios of hedge funds. Next, we
enhance the minimum variance portfolios by introducing a fund selection criterion based on the
alphas estimated with the four factor models presented in the previous section. If accurate
estimates of aphas had been available, then a mean-variance optimisation would have been
possible. But a large dispersion was associated with the alpha estimates from different factor
models and the only significant agreement between the models alphas was in terms of their

% Therole of constraints on portfolio performance goes beyond this institutional limitation, being an alternative method
for dealing with measurement errors. A recent paper by Jagannathan and Ma (2003) shows that imposing upper and
lower bounds on the weights is equivalent to shrinking the covariance matrix towards zero. The sampling errors are
reduced this way, improving the out-of-sample performance. Especially in large cross sections, even if the constraints
do not hold in the population, they are still useful, because the sampling error is much larger than the specification error
induced by imposing wrong restrictions. Additionally, since non-negativity constraints tend to concentrate the portfolio
on few assets, imposing upper bounds on the portfolio weights ensures that the optimal portfolios comprise a
sufficiently large number of stocks.

%" They found that when imposing afactor structure on the covariance matrix, constraining the portfolio weights to be
non-negative can result in asignificant reduction of performance. This happens because the sampling error has already
been reduced through imposing the factor structure, and adding constraints which do not hold in the population
increases the specification error, which is penalised in terms of out-of-sample performance.
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ranking. Hence we can only use apha estimates as a selection criteria and not as a parameter in
the optimisation.

Using each of the four factor models, we first select al the funds having positive aphas that are
significant at 10%. Secondly, we tighten the selection criteria and require that all models indicate
apositive apha, which isaso significant in at least three of them at the 10% significance level. In

each case, the portfolio weights are alocated so that the fund of funds has minimum variance.

In order to test the out- of-sample performance of these two selection criteria we use the period
Jan-90 to Dec-97 to calibrate the factor models and select the first set of funds. We keep the non-
negativity and 20% upper bound constraints in place. The first minimum variance portfolios are
set up in Jan-98 and left unmanaged for the next 6 months. The portfolios are then re-balanced
every six months, based on the alphas estimated over the entire data sasmple available at the
portfolio construction moment and the covariance matrices estimated over the previous
60 months.

Compared with the randomly selected minimum variance portfolios having a fixed number of
25 funds, the portfolios of hedge funds that employ the alpha selection criterion (each having a
variable number of funds) have a significantly improved out-of-sample performance. The
evolution of the portfolio values, equivaent to a dollar investment of 100 in Jan-98, is plotted in
Figure 6 (for reference, we aso plot the dollar vaue of an equally weighted portfolio of al funds
in our database’®) and the portfolio statistics are reported in Table 8. The results are very
encouraging indeed: al portfolios have average annua returns in the range of 8% to 9.5%, with
an annual volatility of only 1.3% to 1.7%. Their evolution is very constant, with no more than
three months (out of 66) having negative returns in any of the models. The lowest volatility is
displayed by the portfolio based on the apha estimates of the Satistical factor model and this
portfolio also has the highest average annual information ratio (6.91). The highest returns are
produced by the portfolio based on the HFR indices factor model, but given the higher voldtility,
the information ratio of this portfolio was the lowest (5.56). The null hypothesis of normally
distributed out- of-sample returns cannot be rejected. By contrast, the equally weighted portfolio
has comparable returns but much higher volatility resulting in an information ratio of 1.5, and its
returns display significant excess kurtosis. We note that even the portfolio based on the apha
estimates from the base case model produces good results. The more conservative approach,
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based on dl modeds alpha estimates generates average results. three of the portfolios based on
single model apha estimates produced better results in terms of both volatility and information
ratio. To conclude, all factor models provided valuable information for hedge fund selection.

These results are reported before transactions costs. It is not easy to estimate the transaction costs
associated with hedge funds portfolios, given the heterogeneity of sales and early redemption fees
used in the hedge fund world as well as other associated costs. However, given the significant
trading limitations for hedge funds portfolios it is very important to investigate the structural

stability of these portfolios. Therefore we compute a measure of portfolio turnover: the absolute
difference in fund weights from one rebalancing period to the next. With 10 rebalancing pointsin
our out-of-sample test, the maximum turnover is 20 (10* 200%). Table 9 reports that the estimated
turnover for our portfolios ranges from 4.9 (for portfolio based on the statistical factor model, the
same as for the equally weighted portfolio of al funds) to 7.6 (for the portfolio based on the HFR
indices model). Thisis equivalent to restructuring from 12% (turnover = 4.9) to 19% (turnover =

7.6) of the portfolio a each rebalancing point.

For comparison, we also implement a maximum information ratio optimisation based on the
apha estimates from al four models and the sample covariance matrix, al the rest being the
same. Theresults are presented in Table 9. As expected, the lack of accuracy in the individua
alpha estimates results in lower out-of-sample information ratios for the mean-variance portfolios
as compared to the minimum variance portfolios, even if the objective of the optimisation in the
first caseis exactly the information ratio. Additionaly, the mean-variance portfolios are less
stable than the ones constructed based on minimum variance. Therefore, rather than optimising
on less accurate estimates, one is better off selecting funds based on aphas and then running the

optimisation on the covariance matrix solely.

In summary, al performance measures favour the portfolio where hedge funds are selected using
the dphas from the statitical factor model: this produces a portfolio of hedge funds with the
highest average annual information ratio (6.91), the lowest turnover (12% portfolio restructured
every 6 months), and its returns are very close to normality. We have shown that a hedge fund
selection method based on apha estimates from any factor model greatly improves the
performance of hedge fund portfolios compared to both randomly selected portfolios and equally
weighted portfolio of al funds. Also, the minimum variance optimisation produces better results

2 A value weighted portfolio of all funds would be a better reflection of the performance of hedge funds investment,
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than maximum information ratio optimisation. In the constrained portfolio optimisation, there is
no benefit from imposing a factor structure on the correlation matrix, as the sampling errors
appear to be significantly reduced through the weighting constraints.

v Summary and conclusions

Despite the modelling complexity caused by biases present in data, noisy correlation structure,
alphas that are difficult to estimate and the ingtitutional limitations to trading, there is no doubt
that aternative investments present attractive opportunities, which explains their increasing

popularity amongst ingtitutional investors. Consequently, portfolio optimisation within alarge

universe of hedge funds has become a key area for research in portfolio management.

The purpose of this paper was to develop a fund selection and optimal alocation process for
funds of hedge funds. To this end, we have analysed the out-of-sampl e performance of a portfolio
construction model that is designed to target apha through fund selection based on factor models.
In order to deal with the data biases, we have used a database comprising both dead and aive
funds and reported performance on a relative basis, benchmarked against portfolios affected by
the same biases.

Since most traditional portfolio construction models require an estimate of expected returns, we
have used a number of factor models to estimate the funds relative abnormal return. Despite the
significant disagreement in terms of individual apha estimates, the factor models largely agreed
on the ranking of funds. Therefore, whilst methods relying heavily on the accuracy of apha
estimates cannot be implemented for hedge funds given the significant model risk, there is
considerable scope for more flexible models that are based only on funds ranking. Having
obtained aphas estimates from the four factor models, we used them only to select funds.

The best portfolio optimisation, as a separate stage, was based solely on the covariance matrix.
Finding that the sample covariance matrix had a high element of randomness, we considered bath
‘cleaning’ the matrix (by imposing some factor structure before using it in the portfolio
optimisation) and reducing the measurement errors by imposing weight constraints in the

portfolio optimisation model. We found no benefit from imposing a factor structure on the

but assets under management series are incomplete for some of the fundsin our database.
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correlation matrix, as the sampling errors aready appear to be significantly reduced through the
weights constraining.

Our results showed that the fund selection method based on factor models alpha estimates greatly
improves the performarce of hedge fund portfolios optimised to have minimum variance,
compared to both randomly selected portfolios and the equally weighted portfolio of al funds.
Also, given the inaccuracy in alpha estimates, the minimum variance optimisation produced
better results than maximum information ratio optimisation, when applied to the funds selected
based on the factor model apha estimates.

An out-of-sample performance assessment of this class of models has revealed considerable apha
opportunities in the aternative investment world, which can be exploited by simple constrained
optimisation models. Thus, with some refinements, the traditional tools of portfolio management

can be applied to portfolios of hedge funds to achieve excellent results.
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Appendix1
HFR Strategy Definitions

Convertible Arbitrage involves purchasing a portfolio of convertible securities, generally convertible bonds, and
hedging a portion of the equity risk by selling short the underlying common stock. Certain managers may also seek to
hedge interest rate exposure under some circumstances. Most managers employ some degree of leverage, ranging from
zero to 6:1. The equity hedge ratio may range from 30 to 100 percent. The average gade of bond in atypical portfolio
is BB-, with individual ratings ranging from AA to CCC. However, as the default risk of the company is hedged by
shorting the underlying common stock, therisk is considerably better than the rating of the unhedged bond indicates.

Distressed Securities strategies invest in, and may sell short, the securities of companies where the security's price has
been, or is expected to be, affected by a distressed situation. This may involve reorganizations, bankruptcies, distressed
sales and other corporate restructurings. Depending on the manager's style, investments may be made in bank debt,

corporate debt, trade claims, common stock, preferred stock and warrants. Strategies may be sub-categorized as"high -
yield" or "orphan equities." Leverage may be used by some managers. Fund managers may run a market hedge using
S& P put options or put options spreads.

Emerging Markets funds invest in securities of companies or the sovereign debt of developing or "emerging"
countries. Investments are primarily long. "Emerging Markets" include countriesin Latin America, Eastern Europe, the
former Soviet Union, Africa and parts of Asia Emerging Markets - Global funds will shift their weightings among
these regions according to market conditions and manager perspectives. In addition, some managers invest solely in
individua regions. Emerging Markets - Asia involves investing in the emerging markets of Asia. Emerging Markets -
Eastern Europe/CIS funds concentrate their investment activities in the nations of Eastern Europe and the CIS (the
former Soviet Union). Emerging Markets - Latin America is a strategy that entails investing throughout Central and
South America.

Equity Hedge investing consists of a core holding of long equities hedged at all times with short sales of stocks and/or

stock index options. Some managers maintain a substantial portion of assets within a hedged structure and commonly
employ leverage. Where short sales are used, hedged assets may be comprised of an equal dollar value of long and

short stock positions. Other variations use short sales unrelated to long holdings and/or puts on the S& P 500 index and
put spreads. Conservative funds mitigate market risk by maintaining market exposure from zero to 100 percent.
Aggressive funds may magnify market risk by exceeding 100 percent exposure and, in some instances, maintain a short
exposure. In addition to equities, some funds may have limited assets invested in other types of securities.

Equity Market Neutral investing seeksto profit by exploiting pricing inefficiencies between related equity securities,
neutralizing exposure to market risk by combining long and short positions. One example of this strategy is to build
portfolios made up of long positions in the strongest companies in several industries and taking corresponding short
positions in those showing signs of weakness.

Equity Market Neutral: Statistical Arbitrage utilizes quantitative analysis of technical factors to exploit pricing
inefficiencies between related equity securities, neutralizing exposure to market risk by combining long and short
positions. The strategy is based on quantitative models for selecting specific stocks with equal dollar amounts
comprising the long and short sides of the portfolio. Portfolios are typicaly structured to be market, industry, sector,
and dollar neutral.

Equity Non-Hedge funds are predominately long equities although they have the ability to hedge with short sales of
stocks and/or stock index options. These funds are commonly known as "stock-pickers." Some funds employ leverage
to enhance returns. When market conditions warrant, managers may implement a hedge in the portfolio. Funds may
also opportunistically short individual stocks. The important distinction between equity non-hedge funds and equity
hedge funds is equity non-hedge funds do not always have a hedge in place. In addition to equities, some funds may
have limited assets invested in other types of securities.

Event-Driven is aso known as "corporate life cycle" investing. This involves investing in opportunities created by
significant transactional events, such as spin-offs, mergers and acquisitions, bankruptcy reorganizations,
recapitalizations and share buybacks. The portfolio of some Event-Driven managers may shift in majority weighting
between Risk Arbitrage and Distressed Securities, while others may take a broader scope. Instruments include long and
short common and preferred stocks, as well as debt securities and options. Leverage may be used by some managers.
Fund managers may hedge against market risk by purchasing S& P put options or put option spreads.
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Fixed Income: Arbitrage is a market neutral hedging strategy that seeks to profit by exploiting pricing inefficiencies
between related fixed income securities while neutralizing exposure to interest rate risk. Fixed Income Arbitrage is a
generic description of a variety of strategies involving investment in fixed income instruments, and weighted in an
attempt to eliminate or reduce exposure to changes in the yield curve. Managers attempt to exploit relative mispricing
between related sets of fixed income securities. The generic types of fixed income hedging trades include: yield-curve
arbitrage, corporate versus Treasury yield spreads, municipal bond versus Treasury yield spreads and cash versus
futures.

Fixed Income: Convertible Bonds funds are primarily long only convertible bonds. Convertible bonds have both
fixed income and equity characteristics. If the underlying common stock appreciates, the convertible bond's value
should rise to reflect this increased value. Downside protection is offered because if the underlying common stock
declines, the convertible bond's value can decline only to the point where it behaves like a straight bond.

Fixed Income: Diversified funds may invest in a variety of fixed income strategies. While many invest in multiple
strategies, others may focus on a single strategy less followed by most fixed income hedge funds. Areas of focus
include municipal bonds, corporate bonds, and gobal fixed income securities.

Fixed Income: High-Yield managers invest in non-investment grade debt. Objectives may range from high current
income to acquisition of undervalued instruments. Emphasis is placed on assessing credit risk of theissuer. Some of the
available high-yield instruments include extendible/reset securities, increasing-rate notes, pay -in-kind securities, step-
up coupon securities, split-coupon securities and usable bonds.

Fixed Income: M ortgage-Backed funds invest in mortgage-backed securities. Many funds focus solely on AAA-rated
bonds. Instruments include: government agency, government-sponsored enterprise, privatelabe fixed or adjustable-
rate mortgage pass-through securities, fixed- or adjustable-rate collateralized mortgage obligations (CMOs), real estate
mortgage investment conduits (REMICs) and stripped mortgage-backed securities (SMBSs). Funds may ook to
capitalize on security-specific mispricings. Hedging of prepayment risk and interest rate risk is common. Leverage may
be used, as well as futures, short sales and options.

Macro involves investing by making leveraged bets on anticipated price movements of stock markets, interest rates,
foreign exchange and physical commodities. Macro managers employ a "top-down" global approach, and may invest in
any markets using any instruments to participate in expected market movements. These movements may result from
forecasted shifts in world economies, political fortunes or global supply and demand for resources, both physical and
financial. Exchange-traded and over-the-counter derivatives are often used to magnify these price movements.

Market Timing involves alocating assets among investments by switching into investments that appear to be
beginning an uptrend, and switching out of investments that appear to be starting a downtrend. This primarily consists
of switching between mutual funds and money markets. Typically, technical trend-following indicators are used to
determine the direction of a fund and identify buy and sell signals. In an up move "buy signal," money is transferred
from amoney market fund into a mutual fund in an attempt to capture a capital gain. In adown move "sell signal," the
assets in the mutual fund are sold and moved back into the money market for safe keeping until the next up move. The
goa isto avoid being invested in mutua funds during a market decline.

Merger Arbitrage, sometimes called Risk Arbitrage, involves investment in event-driven situations such as leveraged
buy-outs, mergers and hostile takeovers. Normally, the stock of an acquisition target appreciates while the acquiring
company's stock decreases in value. These strategies generate returns by purchasing stock of the company being

acquired, and in some instances, selling short the stock of the acquiring company. Managers may employ the use of

equity options as a low-risk alternative to the outright purchase or sale of common stock. Most Merger Arbitrage funds
hedge against market risk by purchasing S& P put options or put option spreads.

Regulation D Managers invest in Regulation D securities, sometimes referred to as structured discount convertibles.
The securities are privately offered to the investment manager by companies in need of timely financing and the terms
are negotiated. The terms of any particular deal are reflective of the negotiating strength of the issuing company. Once
adeal is closed, there is awaiting period for the private share offering to be registered with the SEC. The manager can
only convert into private shares and cannot trade them publicly during this period; therefore their investment isilliquid
until it becomes registered. Managers will hedge with common stock until the registration becomes effective and then
liquidate the position gradually.

Relative Value Arbitrage attempts to take advantage of relative pricing discrepancies between instruments including
equities, debt, options and futures. Managers may use mathematical, fundamental, or technical analysis to determine

misvaluations. Securities may be mispriced relative to the underlying security, related securities, groups of securities, or
the overall market. Many funds use leverage and seek opportunities globally. Arbitrage strategies include dividend

arbitrage, pairs trading, options arbitrage and yield curvetrading.
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Sector: Energy focuses on investment within the energy sector. Investments can be long and short in various
instruments with funds either diversified across the entire sector or specializing within a sub-sector.

Sector: Financial is a strategy that invests in securities of bank holding companies, banks, thrifts, insurance
companies, mortgage banks and various other financial services companies.

Sector: Healthcare/Biotechnology funds invest in companies involved in the hedthcare, pharmaceutical,
biotechnology, and medical device aress.

Sector: Metals/Mining funds invest in securities of companies primarily focused on mining, processing and dealing in
precious metals and other commodities. Some funds may employ arbitrage strategies on a worldwide basis.

Sector: Real Estate involves investing in securities of real estate investment trusts (REITS) and other real estate
companies. Some funds may also invest directly in real estate property.

Sector: Technology funds emphasize investment in securities of the technology arena. Some of the sub-sectors include
multimedia, networking, PC producers, retailers, semiconductors, software, and telecommunications.

Short Selling involves the sale of a security not owned by the seller; a technique used to take advantage of an
anticipated price decline. To effect a short sale, the seller borrows securities from a third party in order to make

delivery to the purchaser. The seller returns the borrowed securities to the lender by purchasing the securities in the
open market. If the seller can buy that stock back at a lower price, a profit results. If the price rises, however, a loss
results. A short seller must generally pledge other securities or cash with the lender in an amount equal to the market
price of the borrowed securities. This deposit may be increased or decreased in response to changesin the market price
of the borrowed securities.

HFRI FOF: Conservative exhibit one or more of the following characteristics: seeks consistent returns by primarily
investing in funds that generally engage in more "conservative" strategies such as Equity Market Neutral, Fixed Income
Arbitrage, and Convertible Arbitrage; exhibits a lower historical annual standard deviation than the HFRI Fund of
Funds Composite Index. A fund in the HFRI FOF Conservative Index shows generally consistent performance
regardless of market conditions.

HFRI FOF: Diversified exhibit one or more of the following characteristics: invests in a variety of strategies among
multiple managers; historical annual return and/or a standard deviation generally similar to the HFRI Fund of Fund
Composite index; demonstrates generally close performance and returns distribution correlation to the HFRI Fund of
Fund Composite Index. A fund in the HFRI FOF Diversified Index tends to show minimal loss in down markets while
achieving superior returnsin up markets.

HFRI FOF: Market Defensive exhibit one or more of the following characteristics: invests in funds that generally
engage in short-biased strategies such as short selling and managed futures; shows a negative correlation to the general
market benchmarks (S&P). A fund in the FOF Market Defensive Index exhibits higher returns during down markets
than during up markets.

HFRI FOF: Strategic exhibit one or more of the following characteristics: seeks superior returns by primarily
investing in funds that generally engage in more opportunistic strategies such as Emerging Markets, Sector specific,
and Equity Hedge; exhibits a greater dispersion of returns and higher volatility compared to the HFRI Fund of Funds
Composite Index. A fund in the HFRI FOF Strategic Index tends to outperform the HFRI Fund of Fund Composite
Index in up markets and underperform the index in down markets.
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Appendix 2
Replicating Portfolios for the Statistical Factor M odel

Given a set of k stationary random variables, X 4, X,, ...X\, the basic ideain principal component analysisisto find the
linear combinations of the original variables so that (1) they explain, successively, the maximum amount of variance
possible and (2) they are orthogonal. These linear combination are called principal components. By convention, the first
principal component is the linear combination of X4, X,, ...X « that explains the most variation, the second principal
component is the linear combination that (1) explains the most of the remaining variation and (2) is uncorrelated with
the first principal component. Each subsequent principal component accounts for as much as possible from the
remaining variation and is uncorrelated with the previous principal components. To reproduce the total variation of ak
system of variables, one needs exactly k principal components. However, if the first few principal components account
for alarge part of the total variability, the dimensionality and much of the noise in the original data can be significantly
reduced by modelling the system using only the first few principal components.

Our first challenge is to determine the optimal number of principal componentsto explain hedge fund returns. Principal
component analysis heavily relies on the quality of the correlation matrix, so it isimportant to be able to separate ‘true’
correlation from noise or measurement errors. Especially for hedge fund returns, where the correlation matrix is
computed on small samples the measurement risk is large and separating real information from noise becomes
essential. To this end, we make use of random matrix theory and compare the properties of the correlation matrix of all
the funds in our sample — the empirical correlation matrix — to the properties of a correlation matrix of an identical
number of mutually uncorrelated returns series, following a method proposed by Plerou et al. (2002)®  Uncorrelated
series were constructed by randomly drawing observations from the empirical distribution of our fund returns. If the
properties of the empirical correlation matrix are consistent with those of the random matrix, then the information
content of the empirical matrix is entirely driven by randomness. However, deviations of the empirical matrix from the
properties of the random matrix reveal information about ‘true’ correlation between hedge fund returns.

We perform the analysis over two sub-periods of 5 years, 1993-1997 and 1998-2002, for a robustness check. In the first
period, the sample includes 92 funds and in the second period, 214 funds. We first examine two distributions: of the
random correlations and the empirical correlations. As expected, the random correlations have a Gaussian distribution
centred on zero. However, the distribution of the empirical correlations is centred on a positive value (0.16 in the first
period and 0.20 in the second period). Considering the general market conditions during each period, this may indicate
that correlation in hedge funds increases in more volatile periods. The left tail of the empirical correlation distribution
shows good agreement with the random correlation distribution, but the observed positive correlations are less likely to
be random (the 95% confidence intervals for the random cross correlations is (-.27, .27) in both sub-periods). In each
period, we also find that only the four largest empirical eigenvalues significantly exceed the range of the random ones.
This suggests that the ‘true’ correlation pattern can be captured with just the first four principal components and the
variation in fund returns relating to the higher eigenvaluesis simply uncorrelated noise.

After establishing the number of principal components to be used in our statistical factor model, the next target is to
construct portfolios that replicate them. The principal components cannot be used directly in the factor model, as they
do not represent investable portfolios — some funds will have negative loadings on the principal components. With no
short sale restrictions, we require a selection criterion and an optimisation model which will produce feasible portfolios
resembling the first few principal components. After investigating several alternatives, the best replicas were produced
through the methodology proposed by Fung and Hsieh (1997): to construct a portfolio to replicate one principa
component we selected the funds that were highly correlated solely with that component. Then, the portfolio was
optimised to have maximum correlation with the principal component it is replicating, subject to a positive weights
constraint. In order to construct replica portfolios for the period Jan-90 to May -03, we split the sample in three: 1990-
1993, 1994-1997 and 1998-2003.

2 We note that general results from RMT are not directly applicable to hedge fund returns, unless the number of
datapointsis less than the number of funds included in the analysis, which is not our case.



Appendix 3
Dynamic Strategiesand Market Timing: A Markov Switching M odel

One way of testing for the presence of dynamic strategies is to estimate switching models for the relationship between

the strategy returns and the relevant asset dass returns. Regime switching models provide a systematic approach to
modelling multiple breaks and regime shifts in the data generating process. In a regime-switching model the processis

considered to be time-invariant conditional on a state variable that indicates the regime prevailing at the time. Regime
shifts are considered to be stochastic, rather than deterministic events, which fits well our problem setting where we
have no knowledge of the exact strategies and signals used by individual funds to switch their positions. These models
alow usto infer from the pattern of returns the type of strategies followed by the funds, as well as the switching times.

In order to test the existence of switching relationships, we specify a simple Markov switching model with two states
for the relationship between the returns on PC2-PC4 portfolios and the major asset classes. We estimate single factor
switching models rather than multi-factor in order to avoid the assumption that the switching times are the same for
strategies applied to different asset classes.

In the general form of the estimated model, the regression intercept, slope and the variance of the error term are all
assumed to be state dependent. Following Hamilton (1994), if we let s, denote the latent state variable which can take
oneof K = 2 possible values (i.e. 1 or 2), then the regression model can be written as:

Yi=2z'bg+esy

where y; isthe (T x 1) vector of the statistical factor returns; z,= (1 x;) is the (T x 2) matrix of explanatory variables,
with Xt denoting the fundamental factor returns, b st = (a st, b sy) isthe vector of state dependent regression coefficients;
es; is the vector of state dependent disturbances, assumed normal with state dependent variance s . Thetransition
probabilities for the two states are assumed to follow afirst-order Markov chain and to be constant over time. The 2x2
matrix of transition probabilities is denoted (p;). Now astandard maximum likelihood approach allows the estimation
of tl\)Nag_l_sets of coefficients for the regression and variance of the residual terms, together with a set of transition
probabilities.

For each portfolio, we attempted to estimate switching models using each of the factors used in the fundamental model
— however convergence was achieved for only a subset of them. For these we interpreted as evidence of dynamic

strategies the presence of either (1) different signs of the slope coefficient in the two regimes, indicating a strategy that
switches between long and short positions in that asset class, or (2) a significant slope coefficient in only one of the

states, indicating a strategy that only trades on that asset class at certain times.

As shown by the results below we have been able to identify a number of asset classes for each of the PC2-PC4
portfolios on which switching strategies might have been in place. For example, PC4 portfolio has a positive and strong
relationship with W5000 index in one regime and again, a strong but negative relationship with W5000 index returnsin
the second regime. Similar types of relationships have been identified also for the other two portfolios. The returns of
all PC2-PC4 portfolios have regime switching relationships with the returns of GS Commodity Index and small caps SP
index, and PC2 and PC4 portfolios a so have switching relationships with the returns of W5000.

Therefore, in the statistical factor model where the first principal component captures the common trend in fund returns

just as the traditional asset classes do © in the fundamenta factor model, the other three principal components are
capturing factors related to dynamic hedge fund strategies.
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Markov Switching Modelsfor PC2-PC4 Portfolios

M odel a; a, b, b, P11 P2 Sy S,
PC2/GSCI  Coefficient 03589 10970 -66810 30220 07394 08467 07034 19718
Sderror 01332 02387 26801 48432 04317 03563 04055  0.2712
Z-sat 26937 45953 -24928  0.62 171 237 173 7.27
P-value 00071 O 0.0127 05326 00868 00175 00828 0
PC2/SC600 Coefficient 04401 12313 -23525 -1236 07994 08257 09032 19845
Sderror 01543 03232 32286 54138 03933 04301 16491  0.3401
Z-sat 285 381 -073 228 203 192 055 5.83
P-value 00043 00001 04662 00224 00421 00549 05839  0.0000
PC2/W5000 Coefficient 04684 12472 -53136 -1285 07686 08055 08688  1.9682
Sderror 01556 03516 34508 57183 04633 04677 11965  0.3283
Z-stat 301 355 -154 225 166 172 073 6.00
P-value 00026 00004 01236 00246 00972 00850 04678  0.0000
PC3/GSC|  Coefficient 04742 12345 04623 46786 09387 09859 06223 14258
Sderror 01089 01369 21775 22343 05143 03099 02243  0.2323
Z-dat 436 902 021 2.09 183 318 277 6.14
P-value 0.0000 00000 0.8319 00363 00680 00015 0.0055  0.0000
PC3/SC600 Coefficient gg3oa 12777 14383  31.3582 09465 08991 10072  1.3529
Sderror 01150 02566 21758 77152 03195 03452 13.9138 0.4904
Z-dat 730 498 066 4.06 296 260 007 2.76
P-value 00000 00000 0508 00000 00031 00092 09423  0.0058
PC4/GSCI  Codfficient 09112 12406 -76743 61992 08843 08610 08179 17135
Sderror 01180 02760 22306 59722 03285 03619 05302  0.3649
Z-sat 772 449 34 1.04 269 238 154 4.70
P-value 00000 00000 00006 02093 00071 00173 01229  0.0000
PC4/SC600 Coefficient 07488 38130 114778 -37.684 09409 04120 09578 0.9389
Stderror 00854 05134 19607 16172 01817 09257 16571 45243
Z-sat 877 743 585 -233 518 045 058 0.21
P-value 0.0000 00000 0.0000 00198 00000 06563 05633 0.8356
PC4/W5000 Coefficient  13g53 00088 -154912 17203 09583 09893 08197 12662
Sderror 01413 01498 31131 41038 02946 04800 05420  0.2984
Z-sat 966 6.03 -498 421 325 206 151 4.24
P-value 00000 00000 00000 00000 00011 00393 01304  0.0000
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Table 1 Base case factor model estimation results

Equity
All Convert Distress Emerge  Equit Equi Event- Fixed Market Man Merger
g uty auity Non- . FoF o o g Sectors
Funds Arb Sec Markets Hedge MN Driven  Income Timing Futures Arb
Hem

Alpha 0.62 0.64 0.44 111 0.75 0.38 0.65 0.60 0.32 0.48 0.70 0.93 0.35 0.80
100%  100% 100% 100% 100%  100% 100%  100%  100% 100% 100%  100% 100%  100%

W5000 0.38 0.04 0.22 0.78 0.61 0.21 0.76 0.39 0.23 0.19 0.07 -0.23 0.10 0.60
80% 50% 76% 100% 83% 65% 95% 95% 65% 81%  80% 61% 50% 100%

Lagged 0.12 0.05 0.15 0.44 0.17 0.00 0.28 0.10 0.07 0.06 NA -0.15 0.06 0.35
W5000 38%  40% 76% 50% 30% 15% 42% 45% 35% 62% 0% 28% 75% 5%

Lehman -025 0.13 -040 NA -068 -0.15 0.45 -0.20 0.09 -046  -052 1.15 -0.17 0.14
Bond 20% 60% 12% 0% 25% 19% 5% 5% 18% 29%  20% 17% 25% 16%
Istyrrep  0.32 1.42 -016 -3.68 -018 2.25 -1.39 -053 0.79 -010 161 2.36 NA -2.15
dummy 24% 60% 12% 8% 25% 19% 11% 40% 35% 29% 20% 28% 0% 11%
K 0.27 0.20 0.16 0.23 0.32 0.19 0.39 0.32 0.30 0.28 0.24 0.13 0.11 0.29

Table 2 Fundamental factor model estimation results

Equit
All Convert Distress Emerge Equity Equity Nq Y Event- Fixed FoF Market Manag  Merger

on- 0 Sectors
Funds Arb Sec Markets Hedge MN Driven Income Timing Futures Arb

Hm

Alpha 0.55 0.81 0.63 1.35 0.58 0.40 0.40 0.57 0.36 0.51 0.62 0.34 0.47 0.57
100% 100% 100% 100% 100% 100% 100% 100%  100% 100% 100%  100% 100%  100%

W5000 0.62 0.04 0.18 1.14 0.82 NA 0.84 0.64 0.26 0.28 0.36 0.69 NA 0.63
18% 10% 6% 50% 21% 0% 42% 5% 29% 21%  20% 6% 0% 21%
SP500g  0.23 0.12 NA NA 0.29 0.29 NA NA -0.08 0.01 0.23 NA NA 0.52
% 20% 0% 0% 2% 31% 0% 0% 6% 2% 33% 0% 0% 5%
SP500v 0.22 -0.01 0.29 0.21 0.32 0.26 0.47 0.09 0.08 -031  NA NA NA 0.45
7% 20% 12% 8% 2% 15% 5% 5% 6% 4% 0% 0% 0% 26%
MD400 0.40 NA 0.40 0.24 0.46 0.10 0.58 0.31 NA 0.15 0.15 NA 0.04 1.01
10% 0% 6% 25% 21% 4% 11% 15% 0% 6% 7% 0% 25% 11%
SC600 0.39 0.09 0.15 0.45 0.55 0.34 0.81 0.37 0.29 0.22 0.33 NA 0.07 0.76
38% 10% 47% 8% 47% 15% 37% 70% 24% 62% 1% 0% 75% 37%
MSCIW  0.00 0.09 -008 0.13 0.19 -0.01 0.41 NaN 0.04 0.05 NaN -0.25 NaN 0.16
EXUS 9% 10% 6% 8% 6% 8% 16% 0% 6% 4% 0% 50% 0% 5%
MSCI 0.18 0.07 0.17 0.56 0.18 0.04 0.21 0.15 0.14 0.09 0.06 -0.22 NaN 0.10
EMF 20% 20% 24% 67% 21% 12% 16% 5% 12% 31% 20% 6% 0% 11%
LEH 0.25 0.88 NaN NaN 0.30 041 0.66 NaN 0.11 -02  -069 1.12 NaN 0.41
Gov 6% 10% 0% 0% 4% 12% 5% 0% 6% 4% 13% 6% 0% 16%
LEH -021  0.09 -023 NaN -033 NaN NaN -047 0.03 -022  NaN NaN -0.10 NaN
CREDIT 6% 20% 24% 0% 6% 0% 0% 10% 6% 6% 0% 0% 25% 0%
LEH 0.09 0.20 0.27 -0.46 -011 -0.06 0.10 0.26 0.17 0.08 0.12 040 0.03 -0.02
HY 24% 30% 65% 8% 23% 12% 21% 30% 6% 17%  27% 22% 50% 37%
LEH -020 NA -0.65 NA NA NA NA 0.19 0.27 -039 NA 0.05 NA -111
MBKD 5% 0% 6% 0% 0% 0% 0% 5% 18% 10% 0% 11% 0% 5%
FX -045  0.08 NA NA -048 -0.18 -0.77 -051 -0.23 0.02 NA -0.65 NA -041
11% 10% 0% 0% 8% 8% 16% 5% 12% 8% 0% 67% 0% 16%
GSCI 0.02 -0.03 -013 0.17 -001 -0.06 -0.03 0.08 -0.01 0.05 0.08 -0.18 -0.07 0.27
Com 19% 10% 12% 42% 8% 12% 26% 15% 12% 23% 20% 39% 25% 26%
L w5000 0.13 0.03 0.11 0.19 0.14 0.14 0.25 0.09 0.08 0.07 -0.27 0.38 0.05 0.21
18% 10% 18% 8% 28% 4% 26% 25% 18% 17% 7% 6% 50% 21%
SCe002 0.00 -0.01 -001 -0.02 0.01 0.00 0.00 -0.01 0.00 0.00 0.01 0.01 0.00 0.01
39% 60% 53% 33% 36% 50% 42% 25% 41% 35%  33% 50% 25% 26%
LEH 0.01 -0.04 0.02 0.00 -0.02 002 0.13 0.00 0.01 -002  -001 0.04 -001 0.01
HY"2 28%  40% 47% 33% 26% 19% 37% 5% 35% 19%  40% 33% 50% 37%
VIX 0.00 0.00 0.00 -0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
27% 20% 18% 25% 30% 38% 11% 15% 6% 21%  27% 61% 25% 32%
DISP 0.56 NA 0.63 -0.95 197 -1.09 1.59 -0.88 0.40 0.44 -6.18 -2.95 -1.37 141
29% 0% 18% 25% 45% 23% 26% 20% 12% 33% 13% 17% 25% 58%
Istyrrep 043 0.92 0.23 -1.39 0.05 1.55 -1.33 0.48 0.75 0.15 141 3.52 NA -0.44

dummy 25% 50% 24% 17% 28% 23% 11% 40% 35% 29%  20% 11% 0% 16%




Table3 HFRI factor model estimation results

All Convert Distressed Emerge Equity  Equity Equity Event- Fixed Market Manag Merger
Non- FoF Sectors
Funds Arb Securities  Markets Hedge MN Driven Income timing Futures Arb
Hedge
Alpha 012 0.18 -0.34 0.34 -024 -012 -058  -0.56 0.02 -0.01 0.02 0.56 -0.07 -0.31
100% 100% 100% 100% 100% 100% 100% 100% 100%  100% 100% 100%  100%  100%
Corv Arb 027 0.89 -0.25 1.84 0.3 0.12 -032  0.39 0.42 0.11 0.07 -0.27 -0.06 -0.74
25%  50% 6% 33% 25% 12% 11% 25% A7% 29% 33% 28% 75% 11%
Regul D 003  -001 0.00 -042 0.18 -008 -032 -004 -0.06 0.10 0.02 -0.69 0.06 0.05
27%  50% 29% 42% 25% 12% 26% 15% 53% 27% 40% 11% 25% 26%
Rel Val 034 NA -148 -164 -060 -024 -039 -004 0.09 -0.42 0.50 -0.76 -0.86 0.59
28% 0% 6% 50% 23% 35% 21% 35% 41% 27% 33% 33% 25% 37%
Distress 039 0.23 1.30 3.39 -040 -012 012 1.01 -0.65 0.17 0.83 -061 0.11 -09%5
Sec 30% 30% 100% 17% 26% 15% 26% 60% 18% 33% 7% 28% 25% 11%
Em Mk 033 -0.03 -0.20 1.44 -002  0.19 0.15 0.29 0.04 0.21 -0.10 -0.26 -0.13 -010
(Total) 22%  30% 18% 100% 8% 15% 21% 35% 29% 17% 33% 11% 25% 16%
EqHedge 068 -025 -012 NA 1.19 0.98 110 0.46 NA 0.47 0.39 -058 -0.13 1.03
21%  20% 12% 0% 40% 12% 11% 10% 0% 31% 13% 22% 25% 21%
EqMN 029 -036 -043 1.56 0.05 1.08 0.81 0.06 -0.27 0.18 -0.25 NA NA -0.06
24%  20% 18% 8% 30% 58% 21% 10% 18% 21% 27% 0% 0% 37%
Eq Non- 0.75 -020 0.00 -025 1.13 0.51 1.14 0.42 0.37 0.19 0.34 0.71 0.08 0.78
Hedge 16% 10% 12% 8% 19% 15% 68% 15% 12% 4% 13% 6% 25% 11%
EvDriven -013 NA -0.65 -165 0.34 -004 0.8 0.56 -0.02 0.17 -0.69 -131 0.00 0.23
23% 0% 18% 42% 11% 15% 16% 50% 12% 27% 20% 33% 75% 26%
Fixed Inc 018 0.61 -054 NA 0.49 -168 -015 -0.08 -0.45 -0.63 0.08 -244 0.15 0.95
(Total) 34%  40% 47% 0% 34% 19% 32% 35% 53% 38% 33% 17% 50% A7%
Fixed Inc 001 -019 0.20 0.86 -020 0.59 -020 0.13 0.19 0.13 0.08 -043 NA -03
ConvArb  20%  20% 35% 8% 17% 4% 26% 20% 35% 23% 7% 33% 0% 11%
Fixed Inc 0.03 NA 0.07 -026 -013 0.24 0.96 -0.75 0.78 -0.05 -0.27 0.05 0.02 0.09
HY 26% 0% 35% 42% 19% 15% 16% 30% 47% 23% 40% 28% 50% 26%
Fixed Inc 009 0.26 -0.22 -057 0.13 -030  -049 -041 0.35 0.16 0.41 -1.02 0.53 -0.37
Arbitrage 25%  10% 41% 25% 25% 19% 26% 35% 35% 19% 33% 11% 25% 32%
Fixed Inc 027  -040 0.66 0.76 -059  0.37 0.78 0.30 0.46 0.17 -0.80 1.55 -0.19 -048
Diversified 34%  30% 35% 25% 23% 19% 16% 15% 41% 48% 33% 83% 50% 37%
FixedInc 009 -051 0.02 -042 -025  0.37 0.14 0.08 0.19 0.19 -0.36 -0.22 -0.20 -0.67
MBKD 28% 20% 29% 33% 34% 19% 11% 20% 47% 29% 33% 28% 50% 26%
FoF 022 0.07 0.04 -134 -021 -055 -066 -049 0.33 0.63 0.08 1.00 NA -0.36
30% 20% 18% 8% 23% 8% 26% 20% 18% 65% 13% 50% 0% 42%
Mk 0.08 -005 -014 0.24 0.14 0.05 -008 0.12 0.07 0.05 0.41 -0.87 NA 0.46
Timing 34%  40% 41% 17% 38% 31% 42% 25% 29% 37% 67% 17% 0% 26%
Macro 031 NA 0.12 -060 0.19 0.23 0.34 0.32 0.00 0.12 0.47 1.00 0.04 0.23
28% 0% 18% 25% 26% 27% 21% 25% 24% 23% 33% 72% 25% 37%
Short Sdl 0.04  0.22 -004 -069 -003  0.09 0.08 0.03 -0.12 0.11 0.24 0.23 NA -0.23
31% 10% 35% 8% 36% 15% 37% 35% 18% 37% 47% 39% 0% 32%
Merger 060 0.25 0.51 2.24 0.89 0.57 1.29 0.24 -0.33 -0.06 0.89 0.52 0.80 0.66
Arb 30% 10% 18% 42% 32% 23% 32% 50% 29% 31% 20% 6% 100%  37%
Sector 002 0.10 -0.05 -055 0.30 -013 -003 0.24 -0.21 -0.05 NA 0.76 NA -054
(Total) 13%  30% 35% 25% 13% 8% 11% 15% 12% 8% 0% 6% 0% 16%
Energy 0.05 0.00 0.06 0.12 0.04 -007  0.07 0.02 -0.02 0.01 0.02 0.27 NA 0.11
30%  40% 6% 8% 32% 35% 32% 45% 35% 23% 13% 44% 0% 58%
Financia 003 -004 -014 -013 0.02 0.10 -016  0.06 NA -0.03 -0.07 -0.20 -0.06 0.20
31% 10% 24% 25% 36% 15% 47% 35% 0% 37% 33% 50% 25% 32%
HC/Bio 002 0.01 -011 -004 0.02 -010 -010 0.01 0.07 0.03 -0.19 -0.32 0.02 0.39
24%  30% 12% 25% 13% 54% 21% 30% 12% 23% 13% 28% 50% 32%
Real 0.10 -0.01 -051 0.44 -016 041 0.33 0.13 0.11 0.07 0.56 -0.61 -0.11 0.15
Estate 20%  40% 12% 17% 17% 12% 32% 5% 29% 21% 27% 6% 50% 32%
Techn 037 NA 0.17 NA 0.41 -005 0.53 NA -0.03 0.07 0.38 NA NA 0.67
7% 0% 12% 0% 9% 8% 5% 0% 6% 2% 13% 0% 0% 26%
Sect misc 0.06 0.01 -0.10 0.81 0.16 -011  0.00 -0.06 NA -0.03 -0.16 0.32 0.09 0.01
22%  30% 12% 8% 23% 15% 16% 30% 0% 23% 13% 39% 50% 42%
Istyrrep 0.46  0.90 0.42 NA 0.52 0.81 -115  0.30 171 -0.02 1.14 1.99 NA -0.69
dummy 28%  40% 35% 0% 34% 27% 21% 30% 12% 27% 27% 39% 0% 32%
[d 058  0.42 0.56 0.58 0.60 0.37 0.62 0.66 0.59 0.67 0.51 0.47 0.54 0.68




Table4 Statistical factor model estimation results

Equity
All Convert Distress Emerge  Equit Equi Event- Fixed Market Man Merger
g auty ity Non- . FoF o o g Sectors
Funds Arb Sec Markets Hedge MN Driven  Income timing Futures Arb
Hedge
Alpha -021 0.56 0.36 0.34 -057 0.01 -109 -0.15 0.30 -007 0.27 -092 0.31 -0.65
100% 100% 100% 100% 100% 100%  100% 100%  100% 100%  100% 100%  100%  100%
PC1 0.60 0.08 0.51 1.80 0.93 0.16 117 0.80 0.30 0.39 0.06 -018 0.13 112
79% 50% 88% 100% 85% 46% 95%  100% 65% 92% 87% 28% 75% 89%
PC2 0.19 0.03 0.06 0.27 -007 0.15 0.05 0.15 0.02 017 0.09 1.86 0.00 0.04
39% 20% 18% 33% 34% 46% 42% 30% 35% 44% 33% 94% 0% 37%
PC3 -0.02 -0.07 -0.34 -1.37 0.28 0.03 0.06 -0.24 -0.19 0.06 -0.06 0.18 -0.04 0.16
44% 20% 47% 58% 45% 42% 37% 65% 35% 50% 33% 33% 25% 37%
PC4 0.16 0.02 -0.17 0.21 0.24 0.16 0.59 0.14 -007  0.02 0.37 0.24 0.04 0.23
29% 10% 18% 17% 36% 38% 53% 35% 18% 25% 20% 22% 25% 37%
Istyrrep 0.21 0.85 0.49 0.39 0.33 0.29 0.27 -0.16 0.24  0.00 0.51 0.51 -0.15 -0.45
dummy 23% 60% 12% 8% 30% 31% 16% 25% 35% 21% 13% 11% 0% 16%
Y 0.39 0.17 0.23 0.33 0.47 0.22 0.49 0.46 0.32 0.46 0.33 0.52 0.12 0.46
Table5 Average fund alphas
Alpha P-value
Base case model 0.6890 0.0000
Broad fundamental factor model 0.5103 0.0000
Hedge fund index model 0.0057 0.3967
Stetistical factor model -0.2787 0.0031

Table 6 Correlations and probability of agreement between different models' alpha

Fundamental factor

Multi factor HFRI

Correlation Two index model model model Statistical factor model
Two index model 1 0.7382 0.3993 0.2710
Fundamental factor model 1 0.3927 0.5067

Multi factor HFRI model 1 0.4500
Stetistical factor model 1

Rank correlation Two index model Fundarrrrllggz: fector Mult Iﬁgtgé HFRI Stetistical factor model
Two index model 1 0.6804 0.3466 0.1941
Fundamental factor model 1 0.3175 0.4560

Multi factor HFRI model 1 0.4338
Stetistical factor model 1

Prob of agreement Two index model Fundarrrrllggz: factor Muld m‘g HFRI Stetistical factor model
Two index model 1 0.7621 0.6564 0.5881
Fundamental factor model 1 0.6266 0.6605

Multi factor HFRI model 1 0.6884
Statistical factor model 1




Table 7 Average performance of randomly selected minimum variance portfolios (out-of-sample)

Bounded Unbounded
Sample matrix Cleaned matrix Samplematrix ~ Cleaned matrix
Annua volatility 2.32 2.30 197 2.54
Annual returns 7.49 7.20 7.92 7.69
Skewness 0.03 -0.26 -015 -0.40
Excess kurtosis 5.47 5.73 4.14 5.28
Info raio 3.22 3.12 401 3.02

Table 8 Performance of portfolios selected using alphas from different factor models and optimised

to have minimum variance. Equally weighted portfolio of all fundsincluded for comparison.

Base case Fundamental HFR indices Statistical factor All factor Equally
model factorsmodel model model models weighted
Annual returns 8.28 8.15 9.44 8.94 9.06 10.44
Annua volatility 1.35 1.34 1.70 1.29 151 6.89
Skewness 0.30 0.06 0.10 0.22 0.49 -0.07
Excess kurtosis -0.08 -0.03 0.24 -0.34 0.35 191
Info ratio 6.15 6.06 5.56 6.91 5.99 151
Turnover 6.30 7.13 7.66 4.94 7.02 4.92

Table 9 Performance of portfolios selected using alphas from different factor models and optimised
to have maximum information ratio. Equally weighted portfolio of all fundsincluded for comparison.

Base case Fundamental HFR indices Statistical All factor Equaly
model factorsmodel model factorsmodel models weighted
Annual returns 9.24 8.55 10.39 8.98 NA 10.44
Annua volatility 1.86 181 197 1.44 NA 6.89
Skewness 0.71 0.01 0.57 0.50 NA -0.07
Excess kurtosis 0.57 1.92 0.46 0.10 NA 1.91
Info ratio 497 4.73 528 6.22 NA 151
Turnover 8.99 9.77 7.05 7.59 NA 4.92
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Figure 1 Percentage of funds added to the database vs. per centage of funds that ceased reporting
during the previous 12 months
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Figure 2 Average monthly excessreturn over thefirst k months of reporting
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Figure 3 Distribution of the difference between the monthly average excess return in the last year
and the monthly average excessreturn in thelast five yearsfor the funds exiting the database
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Figure 4 Average information ratio of randomly selected, equally weighted portfolios
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Figure5 Average skewness and kurtosis of randomly selected, equally weighted por tfolios
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Figure 6 Dollar value of portfolios selected using alphas from different factor models and optimised
to have minimum variance. Equally weighted portfolio included for comparison
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