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Abstract

That hedge funds have started to gain widespread acceptance while remaining a some-
what mysterious asset class enhances the need for better measurement and benchmarking
of their performance. One serious problem is that existing hedge fund indices provide
a somewhat confusing picture of the investment universe. In this paper, we present de-
tailed evidence of strong heterogeneity in the information conveyed by competing indices.
We also attempt to provide remedies to the problem and suggest various methodologies
designed to help build a “pure style index”, or “index of the indices” for a given style.
Finally, we provide evidence of the ability of pure style indices to improve benchmarking
of hedge fund returns. Our results can be extended to traditional investment styles such
as growth/value, small cap/large cap.
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The fact that hedge funds have started to gain widespread acceptance while remaining a
somewhat mysterious asset class enhances the need for better measurement and benchmarking
of their performance.! One serious problem is that existing hedge fund style indices pro-
vide a somewhat confusing picture of the investment universe. There are at least a dozen
competing hedge fund index providers (see table 1) which dicer in terms of selection crite-
ria (length of track record, assets under management, restrictions on new investment, etc.),
style classi..cation (manager’s self-proclaimed styles versus objective statistical-based classi-
..cation), weighting scheme (equally-weighted versus value-weighted) and rebalancing scheme
(e.g., monthly versus annually).

As a result of such dizcerences in the construction methods, competing index providers
ozer a very contrasted picture of hedge fund returns, and dicerences in monthly returns can
be greater than 20%! For example, Zirich reports a 20.48% return on long/short strategies in
February 2000, while EACM reports a -1.56% return in the same month! As further evidence
of the contrasted information conveyed by hedge fund indices, we also ..nd that the correlation
between two competing indices for the same strategy can be as low as .16 (correlation between
Henessee and MAR equity market neutral indices). It can even reach a negative -0.1901, as in
the case of EACM and Zirich long/short indices, retecting a sharp dicerence in net exposure
of these two competing indices. (See table 5 in section 2 for more details).

These di¢culties raise the question of what lies behind the concept of a “good” index.
From a normative standpoint, there are two major shortcomings from which all existing hedge
fund indices potentially suzer (see ..gure 1 for an illustration). One problem is that existing
indices do not fully represent the whole universe; roughly speaking, this translates into the
fact that an index for a given strategy never encompasses all existing hedge funds following the
strategy. The other is the existence of potential biases; roughly speaking, this translates into
the fact that an index for a given strategy may encompass hedge funds deviating signi..cantly
from the given strategy.

Such shortcomings obviously also apply to traditional equity style indices and also, albeit
to a lesser extent, to bond indices (see Reilly, Kao and Wright (1992)). In this paper, we choose
to focus on the alternative investment universe where the problem is dramatically ampli..ed
due to the complex nature of the strategies involved, and the absence of regulation concerning
performance disclosure (see details in section 1). In other words, we attempt to emphasize the
need for a better understanding of investment style benchmarks where the problems are most
visible, but the bulk of our message is more general and certainly extends to traditional equity
investment styles.

In what follows, we provide a systematic investigation of how heterogenous existing hedge

1The hedge fund industry is now a more than $ 700 billion industry, with more than 7,000 funds worldwide
(see Henessee group research report (2002)).
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Figure 1: Problems with Style Indexes.

fund indices are. We also attempt to provide remedies to the problem through the construction
of so-called “pure style indices”. We de..ne a “pure style index” as being the true unobserved
fully representative and unbiased index that would provide a fair representation of the return
on a portfolio encompassing for a given strategy all hedge funds following that strategy and
no other. We ..rst explore a statistical approach to the problem of the construction of pure
style indices, using Kalman ..Iter techniques which are well-suited for the estimation of an
unobservable factor from competing index return observations. Because, it is desirable that
a pure index can be regarded as a portfolio of existing indices, we also suggest a portfolio
approach to the problem of the construction of pure style indices. In particular, we suggest
using principal component analysis to extract the “best possible one-dimensional summary”
of a set of competing indices (addresses the problem of lack of representativeness), and using
minimum variance analysis to extract the “least biased portfolio” from a set of competing
indices (addresses the problem of biases). We also provide evidence of the ability of the pure
style indices to improve current techniques for factor analysis and benchmarking of hedge fund
returns.

Another issue with hedge fund benchmarks, which we do not address in this paper, is the
presence of measurement biases that hedge fund indices inherit from hedge fund databases
they are built from. There are three main sources of dicerence between the performance of
hedge funds in the database and the performance of hedge funds in the population, namely a
survivorship bias, selection bias and instant history bias.? It is not our purpose to focus on
the existence of these biases, a problem that has already been well addressed in the literature.

21t is believed that these biases account for a total approaching at least 4.5% annually (see Agarwal and
Naik (2000b), Liang (1999), Park, Brown and Goetzmann (1999) and Fung and Hsiesh (2000a)).



In particular, Fung and Hsieh (2001a) o=er a very detailed analysis of such biases, and also
propose an alternative approach to the benchmarking of hedge fund returns.®

Our relationship with existing literature on the subject can be summarized as follows. Fung
and Hsieh (2001a) focus on correcting for biases that can not be diversi..ed away in a portfolio of
indices. Survivorship, selection and instant history biases indeed are strongly correlated across
hedge fund indices. All indices suzer from these biases, and yet they exhibit signi..cantly
dicerent performances. We focus instead on diversi..able biases originating from the fact that
an index for a given strategy never encompasses all existing hedge funds following the strategy,
while it may encompass hedge funds deviating signi..cantly from the given strategy. Intuitively,
the our message is that it is possible to mitigate such biases by mixing indices into an index
of indices.*

Also related to ours are recent papers by Brittain (2001) and Schneeweis et al. (2001),
documenting measurement and interpretation problems with existing hedge fund indices. In
the same vein, Brooks and Kat (2001) report some evidence of signi..cant heterogeneity between
indices that aim to retect the same type of strategy. Our paper dicers from these in that we
provide a systematic investigation of how heterogenous existing hedge fund indices are, while
the aforementioned authors have dicerent focuses and merely report illustrations and examples
related to the problem. Also, we attempt to provide remedies to the problem through the
construction of so-called “pure style indices”.

Finally, our paper is related to the debate on improved techniques for hedge fund bench-
marking. Since hedge fund returns exhibit non-linear option-like exposures to standard asset
classes, standard asset pricing models and traditional style analysis ozer limited help in eval-
uating the performance of hedge funds (Fung and Hsieh (1997, 2000)). A possible remedy has
been suggested to try and capture such non-linear dependence is to include new regressors
with non-linear exposure to standard asset classes to proxy dynamic trading strategies in a
linear regression. In particular, Agarwal and Naik (2001) and Fung and Hsieh (2001) advocate
the use of buy-and-hold positions in derivatives as new regressors.’ Lhabitant (2001) argue
that hedge fund indices are other natural candidates for regressors with non-linear exposure
to standard asset classes. We complement this literature by outlining the shortcomings of
hedge fund indices as performance benchmarks, while providing some remedies to some of the
dicculties related to the presence of a strong heterogeneity in the information these indices

3Fung and Hsieh (2001a) suggest using returns on funds of funds, which provide a cleaner estimate of the
investment experience of hedge fund investors. Specialized fund of funds, however, are not available for all

hedge fund strategies. This makes impossible a complete benchmarking of the entire universe by fund of funds.
4The resulting “pure index”, however, still suser from undiversi..able biases (survivorship, selection and

instant history biases), the impact of which can and should be measured and accounted for as described in the

literature.
5See also Schneeweis and Spurgin (2000).



convey.

The rest of the paper is organized as follows. In section 1, we review the main providers
of hedge fund indices and discuss the database. In section 2, we provide strong evidence that
competing indices ozer a very contrasted view of hedge fund performance for a given style. In
section 3, we ocer three possible remedies and discuss the derivation of “pure style indices”
from a set of competing indices. Section 4 is devoted to testing the performance of these pure
style indices. In section 5, we present our conclusions and suggestions for further research.
Some information on hedge fund strategies as well as detailed information on competing hedge
fund indices are delegated to the Appendix.

1 The World of Hedge Fund Indices

We have listed almost a dozen hedge fund index providers.® We report some key information
about them in table 1, while more details on each of these index providers can be found in
Appendix B.’

Providers # of Indices Launch Date # of Funds Website
EACM 13 1996 100 eacmalternative.com
HFR 33 1994 1,300 hfr.com
CSFB/Tremont 9 2000 383 hedgeindex.com
Zirich Capital 5 2001 60 zcmgroup.com
Van Hedge 15 1995 750 vanhedge.com
Hennessee Group 23 1992 500 hedgefnd.com
Hedgefund.net 33 1998 1,800 hedgefund.net
LJH Global Investments 16 1992 800 ljh.com
MAR 19 1994 1,500 marhedge.com
Altvest 14 2000 2,000 altvest.com
Magnum 16 1994 NA magnum.com

Table 1: Competing Indices in Hedge Fund Universe. This table provides a listing of competing
hedge fund index providers, with information on the number of strategies, launch date, number
of selected funds and web site.

6Standard & Poor’s and MSCI have recently announced plans to create hedge fund indices (see Appendix

B for more details).
"Magnum publishes the performance of funds of funds (since January 1997), as opposed to non-investible

indices. Because they are well-established in the industry, we have chosen to include them in our analysis. This
is consistent with Fung and Hsieh (2001a) who suggest using returns on funds of funds as proxies for hedge
fund indices.



These indices have been set up to provide the rigorous data and analytics that both man-
agers and investors increasingly demand for measuring performance and risk in this rapidly
growing asset class. As argued in the introduction, one serious problem is that existing hedge
fund style indices provide a somewhat confusing view of the alternative investment universe,
because the collection of such indices is neither collectively exhaustive, nor mutually exclusive.

More speci..cally, hedge fund indices are built from databases of individual fund returns,
and therefore inherit their shortcomings in terms of scope and quality of data, which vary a
lot among various data vendors. There are three main competing databases (TASS, MAR,
HFR) that are used by providers of hedge fund indices. While all three data bases are marred
to some extend by the presence of the usual biases (survivorship, selection and instant history
biases), they are far from being homogeneous in terms of population. For instance, HFR
excludes managed futures from its databases while TASS and MAR take them into account.
The majority of funds are present in one but not the other: of the 1,162 HFR funds and the
1,627 TASS funds, only 465 are common to both databases. 59% of the funds that are still in
activity and 68% of the funds that no longer report to HFR are not part of the TASS database.
Out of the 465 funds in common between the HFR and TASS databases, only 154 (or 33.1%)
have been included in both databases at the same time (cf. Liang (2001)).

As a result of the incompleteness and heterogeneity of hedge fund data, existing hedge
fund indices, which are built from that data, potentially sucer from the following two major
shortcomings (see ..gure 1).

e Existing indices are not fully representative. In the one-factor CAPM world of the sixties
and seventies, the notion of a good index was one that was representative of the value-
weighted portfolio of all traded assets, and the real challenge was to provide investors
with the closest approximation of the true market portfolio (see Roll (1977)). The market
cap logic, however, does not easily extend to the alternative investment universe. First,
hedge funds are not submitted to reporting requirements so that information on the asset
under management is very hard to gather with some degree of accuracy. This is the
reason why all existing hedge fund indices, to the notable exception of CSFB/Tremont,
use an equally-weighted, as opposed to value-weighted, scheme. Beside, because of the
lack of regulation on hedge fund performance disclosure, existing data bases only cover a
relatively small fraction of the hedge fund population. Probably only a little more than
half of existing hedge funds choose to self-report their performance to one of the major
hedge fund databases - see Appendix B for more details. As simple evidence of the fact
that existing indices are not fully representative of the universe, it perhaps su¢ces to
note that one of the most popular hedge fund indices, the EACM 100, does not account
for more than a tiny percentage of all existing hedge funds (100 among more than 7,000



funds).

e Existing indices are biased. Most hedge fund indices (actually all indices, except the
Zurich indices - see Appendix B) are based upon managers’ self-proclaimed styles. Given
that hedge fund managers jealously protect the secret of their investment strategies (the
so-called black-box problem), relying on managers’ self-proclaimed style is actually al-
most a necessity. The problem is that this procedure only makes sense under the following
two conditions: (1) a manager follows a unique investment style;® (2) a manager’s self-
proclaimed style matches the manager’s actual trading strategies. Of course, none of
these assumptions can be taken for granted. In particular, it is well documented (see
for example Lhabitant (2001)) that some signi..cant style drift occurs; as opportunities
eventually disappear in their original strategies, it is common practice for some hedge
fund managers to start looking at other markets (e.g., managers who start pursuing
..Xed income arbitrage strategies and end up investing in emerging markets as arbitrage
opportunities tend to disappear in liquid US markets).

2 Hedge Fund Indices are not Created Equal

Hedge fund indices come in very dicerent shapes and forms. The existence of a profound
heterogeneity in the set of assets under consideration, as well as some heterogeneity in the
index construction method, result in some dramatic heterogeneity in the returns, which we
document now.

2.1 The Data

There are some serious challenges one has to face when attempting to provide a detailed picture
of the universe of hedge fund indices. We had to compile what we believe is an exhaustive
database of all existing hedge fund indices. The data collection work involved was rather
formidable as there is not, to the best of our knowledge, a single integrator of all these sources.®
Fortunately, a signi..cant number of index providers ocer the possibility to download the data
from their web site at no cost for registered users. When possible, we have set up an account

8Similarly, building a growth index on the basis of growth stocks relies on the assumption that each stock
can be labelled either 100% growth or 100% value. This, of course, is a somewhat heroic assumption (is AOL-
Time Warner a growth or a value stock?). Some have proposed probabilistic classi..cation techniques for style:

95% growth, 5% value (e.g., Russell, Salomon Brothers) (see Borger (1997)).
9PerTrac, a vendor of systems for asset management, omers integrated access to a series of databases

including Hedgefund.net, Hedge Fund Research (HFR), Altvest, TASS, and MAR. PerTrac provides three
types of manager search selections: information search, statistics search and style search. However, speci..c
contracts are required with each of these prime data providers.



with these data vendors, and collected data on every single hedge fund index they would carry.
In other instances, we had to purchase the database from the vendor.X® Finally, we have also
used some proprietary databases obtained from speci..c contacts we have developed in the
hedge fund industry.!! As a result of this somewhat painful process of data collection, we have
been able to obtain a database consisting of indices maintained by the dozen aforementioned
hedge fund index providers.

A second step involves sorting the indices by strategy, i.e., listing all competing indices for
a given strategy. One problem we had to face is that the terminology of hedge fund strategies
is not entirely stabilized, as we are dealing with a relatively new industry.*> Therefore, the
same strategy can be referred to under dicerent names. For example, some hedge fund index
providers use the name convertible hedge, while others use the name convertible arbitrage. In
the same vein, EACM and HF Net use the label risk arbitrage to denote strategies that are
otherwise referred to as merger arbitrage by Altvest, HFR, Zlrich or Hennessee (see Appendix
A for information on these strategies). We have used our knowledge of the hedge fund industry
to try to generate the most consistent classi..cation possible. While it is almost impossible
to ascertain that a given classi..cation does not pair together inconsistent strategies, or leave
similar strategies apart, we feel con..dent that our classi..cation scheme includes in a consistent
way most of the available information. At the end of this process, we have ..nally listed as
many as 25 dicerent hedge fund strategies for which there are at least two competing index
providers.

In the interest of brevity, we do not report the results for all 25 strategies in this paper,
but only focus on the most popular ones. To that end, we have performed a selection based
on the following rules: (1) we eliminate strategies for which not more than 3 competitors are
available, (2) we eliminate strategies with narrow focus (e.g., sectors - health care). As a result
of that selection, we are left with the following list of 12 styles, including the composite fund
of funds style (see table 2), with 4 to 8 index providers for each style.

The strategies being left aside are listed in table 3. To that list should also be added
composite global across-strategies indices.’* We do not imply of course that these strategies
do not represent an important part of hedge fund investing. The results for these strategies

10v/an Hedge in particular do not post the historical performance of their indices on the web, but such data

can be purchased from them with a discount price charged when the data is used for academic purposes.
n particular, we would like to thank Francisco Portillero from Ziirich Capital Markets in London for

providing us with access to Zurich index performance data.
120ne of the authors is currently involved in a large-scale project, undertaken under the umbrella of the

Association for Investment Management and Research (AIMR), aiming at a standardization of the terminology

and style de..nition in the hedge fund industry.
13CSFB, Altvest, Van Hedge and Hennessee ocer a global index; MAR, Zurich, Magnum, HFR and HF Net

do not.



Sub-Universe List of Competing Indices Date
Convertible Arbitrage CSFB, HFR, EACM, Ziirich, Hennessee, HF Net 01/98
Emerging Markets CSFB, Altvest, HFR, MAR, Van Hedge, Hennessee, HF Net 01/96
Equity Market Neutral CSFB, Van Hedge, HFR, MAR, Hennessee, HF Net 01/96
Event Driven CSFB, Altvest, MAR, EACM, HFR, Hennessee, HF Net, Zirich 01/98
Fixed Income Arbitrage CSFB, HFR, Van Hedge, Hennessee, HF Net 01/96
Global Macro CSFB, Altvest, Van Hedge, MAR, HFR, Hennessee, HF Net, Magnum 02/97
Long/Short CSFB, Altvest, Zirich, EACM, HF Net 01/98
Merger Arbitrage Altvest, HFR, Zirich, Hennessee, EACM, HF Net 01/98
Relative Value Altvest, HFR, Van Hedge, EACM, HF Net 01/96
Short Selling Altvest, HFR, Van Hedge, MAR, EACM 01/96
Distressed Securities Van Hedge, Altvest, HFR, EACM, Zirich, HF Net, Hennessee 01/98
Fund of Funds Van Hedge, Altvest, HFR, Zirich 01/98

Table 2: Competing Indices in Hedge Fund Universe. This table provides a listing of competing
indices in the hedge fund universe, with details on the competing indices and the starting date.
Van Hedge oxer two market neutral indices, respectively labelled Arbitrage and Securities
hedging. For the purpose of this study, we have combined these two sub-indices into a single
one by taking a simple average return on the two strategies. EACM o=ers two long-short
indices, respectively labelled Relative Value and Equity Hedge Fund. For the purpose of this
study, we have combined these two sub-indices into a single one by taking a simple average
return on the two strategies. EACM and HF Net use the label risk arbitrage for strategies
otherwise known as merger arbitrage.

are available from the authors upon request.

We have collected and merged monthly return data from competing indices for each strat-
egy. As a result, we had to use the starting date of the database with the shortest history
as the starting date for our study. The starting date turned out to be January 1998 for each
sub-universe where Zurich has created an index, for example, as the starting date for Zurich
indices was early 1998, and the ending date is December 2000.%4

141t should be noted that the samples vary across sub-universes since the starting dates dicer. We have
chosen not to consider a unique sample history for our study because this would imply focusing on the period
ranging from January 1998 to December 2000. Given that such a period is relatively short, and does not contain
important events such as the LTCM crisis, we have decided to use as much data as possible, and consider the
longest possible history for each sub-universe. This comes at the cost of a relative loss in comparability between
dizerent styles, which is acceptable for our purposes as we focus on heterogeneity within a given style.



Sub-Universe List of Competing indices

Market Timing HFR, Van Hedge
Aggressive Growth Magnum, Van Hedge, HF Net
International Magnum, MAR, EACM, Hennessee
Special Situations Magnum, Van Hedge, HF Net
Opportunity Magnum, Van Hedge, EACM, HF Net
Emerging Markets - Latin America HFR, Hennessee
Fixed Income - High Yield HFR, Hennessee
Regulation D HFR, HF Net
Sectors - Energy HFR, HF Net
Sectors - Financial Van Hedge, Altvest, HFR, EACM, Zirich, HF Net
Sectors - Technology Altvest, HFR, Magnum, HF Net
Sectors - Health Care Altvest, HFR, HF Net, Hennessee
Statistical Arbitrage HFR, HF Net
Capital growth Magnum, Hennessee

Table 3: Strategies Not Covered. This table provides a listing of competing indices for hedge
strategies that we do not explicitly provide results for in this paper. Results for these strategies
can be obtained from the authors upon request.

2.2 Heterogeneity in Competing Hedge Fund Index Returns

We have computed various measures of homogeneity/heterogeneity for each given sub-universe.
The ..rst measure is the maximum dicerence in monthly returns in the sample period (from
the starting date to December 2000). The results are reported in table 4.

As can be seen from table 4, dicerences in monthly returns are spectacular and can be
greater than 20%! For example, Zurich reports a 20.48% return on long/short strategies in
February 2000, while EACM reports a -1.56% return in the same month for the same strategy.
Obviously, replicating or outperforming a long/short strategy index was considerably easier
that month if the benchmark used was EACM as opposed to Zirich! Short selling also posts
maximum digerences in returns above 20%, while emerging market and global macro are very
close to that number (19.45% and 17.80%, respectively). We also note that the maximum
dicerences tend to be recorded in periods of crisis: for seven strategies, maximum dicerences
are recorded in the period ranging from August to October 1998, which corresponds to the
LTCM crisis. This suggests that index returns become less homogeneous in turbulent times.
While not surprising, this is bothersome because hedge fund indices fail to agree precisely when
reliable information is most needed. Such maximum dicerences become even more dramatic
when computed at a quarterly frequency. For example, we ..nd a maximum dicerence equal

10



Sub-Universe Max Diwzerence (with dates and indices)
Convertible Arbitrage 4.75% (Oct 98; CSFB (-4.67) / Hennessee (0.08))

Emerging Markets 19.45% (Aug 98; (MAR -26.65) / Altvest (-7.2))
Equity Market Neutral 5.00% (Dec 99; Hennessee (0.2) / Van Hedge (5.2))
Event Driven 5.06% (Aug 98; CSFB (-11.77) / Altvest (-6.71))
Fixed Income Arbitrage  10.98% (Oct 98; HF Net (-10.78) / Van Hedge (0.2))
Global Macro 17.80% (May 00: Van Hedge (-5.80) / HF Net (12))
Long/Short 22.04% (Feb 00: EACM (-1.56) / Zurich (20.48))
Merger Arbitrage 1.85% (Sep 98: Altvest (-0.11) / HFR (1.74))
Relative Value 10.47% (Sep 98: EACM (-6.07) / Van Hedge (4.40))
Short Selling 21.20% (Feb 00: Van Hedge (-24.3) / EACM (-3.09))
Distressed Securities 7.38% (Aug 98: HF Net (-12.08) / Van Hedge (-4.70))
Fund of Funds 8.01% (Dec 99: MAR-Zirich (2.41) / Altvest (10.42))

Table 4. Measures of Heterogeneity in Hedge Fund Indices (1). This table provides the maxi-
mum monthly return dicerence between competing indices for the same style.

to 30.08% for long/short or 16.52%% for relative value, as opposed to, respectively 22.04%
or 10.47%, at the monthly level. This strongly suggests that dicerences in competing index
returns do not smoothen out at lower frequencies.

We also compute the average and lowest correlation between various indices in each given
universe. Table 5 summarizes that information.

We ..nd again that there is evidence of strong heterogeneity in the information conveyed by
competing indices. For example, the correlation between two competing indices for the same
strategy can be as low as .16 (correlation between Henessee and MAR equity market neutral
indices). It can even reach a negative -0.1901, as in the case of EACM and Zurich long/short
indices, thus retecting a sharp dicerence in net exposure of these two competing indices. The
mean correlation between competing indices within a particular style can also be low, as low
as .4. In particular, equity market neutral strategies exhibit a low 0.4276 average correlation.
Interestingly enough, we ..nd that hedge fund strategies for which mean correlation is the
lowest are the ones which are known to come closest to market neutrality, i.e., equity market
neutral, long/short, or to a lesser extent ..xed-income arbitrage. The intuitive explanation is
that these fund managers attempt to follow pure alpha strategies with little, if any, systematic
exposure to pervasive risk factors, while more directional strategies maintain a large exposure
to standard asset classes in a way that makes them more similar. At the other extreme, we
..nd for example emerging markets, merger arbitrage or event driven, for which there is a fair
amount of homogeneity in the information provided by competing indices. For example, in

11



Sub-Universe Average Correlation Lowest Correlation

Convertible Arbitrage 0.8183 0.6350
Emerging Markets 0.9284 0.8301
Equity Market Neutral 0.4276 0.1258
Event Driven 0.9232 0.8458
Fixed Income Arbitrage 0.5407 0.2254
Global Macro 0.5598 0.2698
Long/Short 0.4575 -0.1901
Merger Arbitrage 0.9193 0.8797
Relative Value 0.6752 0.3042
Short Selling 0.8811 0.7796
Distressed Securities 0.8645 0.7218
Fund of Funds 0.8757 0.7985

Table 5: Measures of Heterogeneity in Hedge Fund Indices (2). This table provides two
measures of heterogeneity in the hedge fund index universe (average correlation and lowest
correlation).

the case of merger arbitrage, we ..nd that the maximum dicerence in monthly returns is a low
1.85% (see table 4) with an average correlation greater than .9 (see table 5). It actually turns
out that managers pursuing merger arbitrage strategies tend to behave in a consistent manner
which explains why competing indices, based on dicerent sets of managers, tend to agree more
than for other hedge fund styles. This is consistent with Mitchell and Pulvino (2001) who
show that most risk arbitrage returns are positively correlated with market returns in severely
depreciating markets but uncorrelated with market returns in fat and appreciating markets.®

We have created a customized heterogeneity index aimed at representing the percentage
heterogeneity in the sub-universe. For that we simply compute HI = 1 — average correlation.
Assume that a universe is made of K perfectly homogeneous indices. In that case, the cor-
relation matrix is entirely made of 1, and the heterogeneity index is equal to 1 — 1 = 0%
heterogeneity. In general, this yields a number between 0 and 1 that can be regarded as a
percentage heterogeneity in the sub-universe under consideration.!® We con..rm that existing
hedge fund indices provide a very contrasted view of the return on equity market neutral and
long/short strategies, as we obtain a heterogeneity index which rises as high as 57.24% and

15Based on this evidence, they argue that one may passively replicate a signi..cant proportion of the returns
generated by hedge funds pursuing merger arbitrage types of strategies using portfolios of uncovered index put
options.

161f the average correlation is negative, HI gets greater than 1. A negative average correlation accross indices
for a given strategy, however, would be surprising and never happens in our sample.

12



54.25%, respectively.

2.3 Implications for Factor Analysis and Asset Allocation

It has been reported in the literature that hedge funds are exposed not only to market risks,
but also to volatility, credit or liquidity risks (see for example Schneeweis and Spurgin (2000)
or Amenc, Curtis and Martellini (2001)). We now test for the heterogeneity in hedge fund
indices by documenting the dicerences in their exposure to a set of broad factors. The factors
that we use are market risks, including equity risk, proxied by the return on the S&P 500
index, equity volatility risk, proxied by changes in the average of intra-month values of the
VIX contract!’, ..xed income risks including level risk, proxied by the 3-month T-Bill rate,
slope risk or term premium risk, proxied by monthly observations of the dicerence between
the yield on 3-month Treasuries and 10-year Treasuries, currency risk, proxied by changes in
the level of a volume-weighted exchange index of currencies versus US dollar, commodity risk,
proxied by changes in the level of a volume-weighted index of commodity prices, credit risk,
proxied by changes in the monthly observations of the dicerence between the yield on long
term Baa bonds and the yield on long term AAA bonds, and liquidity risk, proxied by changes
in the monthly market volume on the NYSE.

Table 6 summarizes the information on the correlation of competing indices with these
factors for the ..xed-income arbitrage universe. (Similar results on other strategies can be
obtained from the authors upon request; they are not included in the paper in the interest of
brevity.)

It can be seen from table 6 that competing indices vary signi..cantly in the way they
correlate with a set of broad-based factors. For example, the HFR ..xed-income arbitrage
index is negatively correlated with the return on the S&P 500 (-0.16), while the Van Hedge
..xed-income arbitrage index exhibits a positive correlation greater than .5. Similarly, some
..xed-income arbitrage strategies are positively correlated with volatility risk (CSFB, HFR, HF
Net), while others are negatively correlated with it (Van Hedge, Hennessee).

Because dicerent hedge fund indices correlate in a very dicerent way with broad-based
economic factors, the diversi..cation bene..ts obtained from including them in a traditional
stock and bond portfolio also vary dramatically. As an illustration, we generate eCcient
frontiers obtained from adding various ..xed-income arbitrage indices to an equity and ..xed-
income portfolio, using the S&P 500 and Lehman Brothers Aggregate as proxies for equity and
..xed-income markets, respectively.’® This is reported in ..gure 2, which is based on monthly

7VIX, introduced by CBOE in 1993, measures the volatility of the U.S. equity market. This index is
calculated by taking a weighted average of the implied volatilities of eight OEX calls and puts. The chosen

options have an average time to maturity of 30 days.
18 Mean-variance analysis is a standard way to analyze and formalize the bene..ts of investing in hedge funds.
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Fixed-Income Arbitrage F1 F2 F3 F4 F5 F6 F7 F8

CSFB 0.00 0.12 0.15 0.23 042 0.05 -0.38 -0.10
HFR -0.16 0.14 025 0.19 057 0.07 -0.24 -0.18
Van Hedge 0.53 -0.47 0.09 0.02 -0.13 0.14 -0.16 -0.05
Hennessee 0.37 -0.37 0.06 019 026 0.12 -0.22 -0.12
HF Net -0.10 0.20 0.22 0.20 0.42 0.03 -0.37 -0.01

Table 6: Sensitivity to Broad-Based Factors - The Case of Fixed-Income Arbitrage. This
table provides the correlation between competing convertible arbitrage indices and a set of
broad-based factors. F1 stands for the return on the S&P 500 index, F2 stands for changes
in VIX, F3 stands for the T-Bill rate, F4 stands for the dicerence between the yield on 3-
month Treasuries and 10-year Treasuries, F5 stands for changes in the volume-weighted index
of currencies versus the US dollar, F6 stands for changes in the level of a volume-weighted
index of commodity prices, F7 stands for changes in the dicerence between the yield on long
term Baa bonds and the yield on long term AAA bonds and F8 stands for changes in the
monthly market volume on the NYSE.

data for the period extending from January 1996 to October 2001.

We ..rst note that the introduction of alternative investment strategies in a ..xed-income
portfolio is likely to generate a dramatic enhancement of the e¢cient frontier. On the other
hand, the diversi..cation bene..ts vary signi..cantly depending on which index is used as a proxy
for the return on ..xed-income arbitrage strategies. The asset allocation decision is also greatly
acected. As an illustration, we ..nd that the minimum variance portfolio corresponds to an
allocation of almost 40% in ..xed-income arbitrage hedge funds when CSFB index is used,
while it corresponds to almost half that number (23.1%) when Henessee index is used instead.

3 Desperately Seeking Pure Style Indices

In the presence of many dicerent competing indices, one may be at a loss to decide which one
to use for performance benchmarking or asset allocation decisions. The problem is that there
IS no clear and de..nitive judgment that one can make in terms of a qualitative assessment

It is however well-known that it requires suitable assumptions on investor preferences (quadratic preferences)
or asset return distribution (normal returns). There is clear evidence, however, that hedge fund returns may
not be normally distributed (see for example Amin and Kat (2001) or Lo (2001)). Hedge funds typically exhibit
non-linear option-like exposures to standard asset classes (Fung and Hsieh (1997a, 2000), Agarwal and Naik
(2000)) because they can use derivatives, follow all kinds of dynamic trading strategies, and also because of
the explicit sharing of the upside pro..ts (post-fee returns have option-like element even if pre-fee returns do
not). As a result, hedge fund returns may not be normally distributed even if traditional asset returns were.
In this paper, we mainly use mean-variance analysis for illustration purposes.
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Figure 2: Heterogeneity in Diversi..cation Bene..ts. In this ..gure, we generate e€cient fron-
tiers obtained from adding various ..xed income arbitrage indexes (CSFB, HFR, Van Hedge,
Henessee, HF Net) to an equity and ..xed income portfolio, using the S&P 500 and the Lehman
Brothers Aggregate as proxies for equity and ..xed income markets, respectively. This ..gure
is based on monthly data for the period extending from January 1996 to October 2001.

of which index provider is doing the best job at representing a given market segment. All
existing indices have both advantages and drawbacks. For example, Zurich Capital Markets
(ZCM) have tried to design a process to ensure the style-purity of their indices by using an
objective statistical cluster-based classi..cation procedure for style classi..cation, as opposed to
managers’ self-proclaimed styles. On the other hand, ZCM do not use as exhaustive a database
as some of their competitors: their hedge fund indices are based upon a data set of 60 hedge
funds, while HFR for example uses as many as 1,100 hedge funds (see Fung and Hsieh (2001b)
for more institutional details). Therefore, while Zirich indices may be less biased than some
of their competitors, they fail to properly represent a signi..cant fraction of the entire universe
and are therefore less representative than some of their competitors.

In this context, it seems desirable to try and use all available information, as opposed to
focus on a single speci..c index. In what follows, we attempt to provide remedies to both the
lack of representativeness and existence of bias problems and suggest various methodologies
designed to help extract a “pure style index”, or “index of the indices” from the information
conveyed by competing index providers.

3.1 Statistical Approach to the Construction of Pure Style Indices

There is a whole body of the statistical literature that deals with (linear and non linear) factor
models with unobservable factors. For example, at the cost of speci..c assumptions (e.g.,
assumption that the return on the indices are normally distributed), one may use ..Itering
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theory (Kalman ..Iter) to draw inferences on the unobservable variable, based on the observed
returns.'®

Many time-series models, including the classical linear regression model and ARIMA mod-
els, can be represented in a general form known as the state space form. There are two main
bene..ts to representing a dynamic system in state space form. First, the state space allows
unobserved variables (known as the state variables) to be incorporated into, and estimated
along with, the observable model. In the present context, the observed variables are the com-
peting indices, and the unobserved variable is the “true” pure index. Second, state space
models can be estimated using a powerful recursive algorithm known as the Kalman ..Iter.
The Kalman ..Iter is used both to evaluate the likelihood function and to forecast and smooth
the unobserved state variables. In this paper, our motivation is to estimate (smooth) the un-
observed state variable, based on the observed returns. State space models have been applied
in the econometrics literature to model unobserved variables such as (rational) expectations,
measurement errors, missing observations, permanent income, unobserved components (cycles
and trends), and the natural rate of unemployment. Extensive surveys of applications of state
space models in econometrics can be found in Hamilton (1994a, 1994b) and Harvey (1989).

We present here a brief discussion of the speci..cation and estimation of a state space model
in the context of pure hedge fund indices. Those desiring greater detail are directed to Hamilton
(1994a) and Harvey (1989). The basic intuition is that we want to model the return on these
indices as the sum of a true unobservable pure style index I and a white noise capturing the
existence of biases and lack of full representativeness. The state space representation of the
dynamics of a vector R, = (Ri),_, _,, of the return on competing indices is then given by the
following system of equations

Rt:1'1t+5t (1)
L =T+ v (2)

where 1 is a (n x 1) vector of ones, I, is the scalar return on the unobservable pure index, I
the mean of the unobserved pure index, and where ¢, and v, are assumed to be independent

white noise with Var [ey| Fi] = 02 = (02)._, ., Var [u|F] = of and Couv [ey, 14| F] = 0 for
all i =1,..,n.2°

19The assumption that hedge fund returns are normally distributed is at odd with empirical evidence. It
can, however, be shown, that, while the Kalman ..Iter forecasts need no longer be optimal for systems that
are not normal, no other forecast based on a linear function of I, will have a smaller mean squared error (see

Hamilton (1994b)). These results parallel the Gauss-Markov theorem for ordinary least squares regression.
20Note that because of the presence of biases such as self-selection and instant history biases, the noise term

¢ may have a positive mean. This unambiguous eaect can be accounted for separately from the analysis we
present in this section by substracting an estimate of the impact of the combined biases from the return of
competing indices.
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Equation (1) is known as the observation (or measurement) equation while equation (2)
is known as the state (or transition) equation, which speci..es the dynamics of the return
on the index. It should be noted that one may consider the more general expression R; =
AX + H- I, + ¢, where A and H are n x 1 vectors of parameters, and X is a n x 1 vector of
observable factors. We have also tested the latter, more general, version of the model.?* We
do not report the results here in the interest of brevity; they can be obtained from the authors
upon request.

Given observations (R;) for t = 1,2,...,T, our goal is to estimate the parameters o2 and
o2, and make inferences about the state vector ;. The Kalman ..Iter is a recursive algorithm
for sequentially updating the state vector given past information. While we use the more
familiar terminology of Kalman ..lter, we actually use in this paper the Kalman smoother.
The dizerence between the two is the conditioning information set. The ..Iter is conditional
upon information up to time ¢, and therefore is well-suited for prediction. In the context of
prediction, the problem is to provide an optimal forecast of the value of the state vector at
date ¢+ 1 based on information available at date ¢, denoted ft+1|t- In our application, the value
of the state vector is of interest in its own right. In such cases it is desirable to use information
through the end of the sample (date 7°) to help improve the inference about the historical value
that the state vector took on at any particular date ¢ in the middle of the sample. Such an
inference is known as a smoothed estimate, denoted 7, 4r = E L] Ir]. The mean squared error

~ 2
of this estimate is denoted P;r = E [(IHT — [t> } .

The smoothed series, which is the best estimate (in terms of mean squared error) of the
state series using the full sample 7', is obtained as follows. We ..rst compute ft‘t and Py, for
t=1,2,...,T, using the recursive Kalman ..Iter procedure, which reads in the general case

ft|t = ftfl|t71 + S H (H/St—lH + 03)71 (Rt —AX — Hftflh‘,fl)
Py =51 —S—1H (HIStﬂH + 052)_1 HS, 4

where S;_; = Py + o%. Note that the recursion for P does not depend on the forecasted state
vector IAt_Ht_l, or on the observed data (R, X). The smoothed series and its mean squared
errors are then computed by the backward recursion

ft\T = ft\t + J; (TH—I\T - ft+1|t>

Pyr = Py + J} (Peyr — Priap)

21\We have actually tested 2 versions of the model, one with R, = A+ H - I, +¢;, where A and H are n x 1
vectors of parameters, and another with R, = A’ X + H - I; +¢;, where A and H are n x 1 vectors of parameters,
and X is a n x 1 vector of observable factors. For the latter formulation of the model, we have used factors that
have been found to help explain equity returns (proxies for market, credit and liquidity risks) and subsequently
performed Kalman ..Itering.
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fort=T7—1,T—2,..,1, where J; = P, P,

In table 7, we provide information on the mean, volatility, estimation error, kurtosis, skew-
ness as well as average correlation with competing indices of pure indices generated using the
Kalman ..Iter smoothing techniques. We also provide (in parenthesis) average values for these

parameters for competing indices.

Sub-Universe Mean Volatility Est. Error Average Correlation
Conv. Arbitrage  0.75% (0.88%) 1.04% (1.35%) 0.01% 0.905
Emerging Markets 0.49% (0.56%) 4.32% (5.08%) 0.01% 0.966
Eqg. Market Neutr. 0.71% (0.83%) 0.55% (0.90%) 0.01% 0.707
Event Driven 0.72% (0.82%) 1.70% (2.01%) 0.01% 0.954
Fixed Income Arb. 0.34% (0.41%) 1.09% (1.67%) 0.02% 0.789
Global Macro 0.60% (0.68%) 1.77% (2.44%) 0.01% 0.822
Long/Short 0.84% (1.01%) 2.22% (3.00%) 0.02% 0.704
Merger Arb. 0.71% (0.83%) 1.07% (1.29%) 0.01% 0.969
Relative Value 0.75% (0.88%) 1.39% (1.90%) 0.01% 0.807
Short Selling 0.53% (0.66%) 5.68% (7.42%) 0.02% 0.954
Distressed 0.65% (0.75%) 1.73% (2.14%) 0.01% 0.923
Fund of Funds 0.69% (0.86%) 1.83% (2.40%) 0.02% 0.948

Table 7: Pure Indices from Kalman Filter Analysis. This table provides information (mean,
volatility, estimation error as well as average correlation with competing indices) on the
monthly returns of pure indexes generated using the Kalman ..Iter smoothing techniques.
Numbers in paranthesis are average values for these parameters for competing indices.

As an illustration, we plot in ..gure 3 the return for the pure index, with the corresponding
95% con...dence interval, as well as the return on competing indices for the strategy convertible
arbitrage on the period 1998-2000.

From table 7 and ..gure 3, it appears pure indices generated from Kalman ..Iter analysis
have relatively high correlations with corresponding competing indices. On the other hand,
they have smoother paths than that of the competing indices, suggesting that noise reduction
has actually occurred. On the other hand, one key problem with this approach is that the
estimated pure index can not be expressed as a linear combination of competing indices. As
a result, a pure index generated from Kalman smoothing analysis can not be regarded as an
index in its own right, since it can not be expressed as a portfolio of individual hedge funds. In
what follows, we discuss a portfolio approach to the construction of pure style indices, which
allows us to alleviate this black-box problem.
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Figure 3. Convertible Arbitrage Pure Index from Kalman Analysis. This ..gure displays the
return for the pure index, with the corresponding 95% con...dence interval, as well as the return
on competing indexes for the strategy convertible arbitrage on the period 1998-2000.

3.2 Portfolio Approach to the Construction of Pure Style Indices

Given that it is impossible to come up with an objective judgement on what is the best existing
index, a natural idea consists of using some combination of competing indices to reach a better
understanding of what the common information about a given investment style would be.

One straightforward method for obtaining a composite index based on various competing
indices would involve computing an equally-weighted portfolio of all competing indices.?? This
would obviously provide investors with a convenient one-dimensional summary of the con-
trasted information contained in competing indices. In particular, because competing hedge
fund indices are based on dizerent sets of hedge funds, the resulting portfolio of indices would
be more exhaustive than any of the competing indices it is extracted from (see theorem 2
section 4.1). In this paper, we wish to push the logic one step further and suggest using factor
analysis techniques to extract the best possible one-dimensional summary of a set of competing
indices, and design what can be called “pure style” indices. Our method is a natural general-
ization of the idea of taking a portfolio of competing indices. The re..nement involves relaxing
the assumption of an equally-weighted portfolio.

22\/alue-weighting is not a viable alternative, as information on the assets under management is not usually
part of the information made available to the public by data vendors. Besides, funds frequently report assets
under management with a considerable lag, which implies that such information could not be made available
on a timely basis anyway.
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3.2.1 Maximization of Representativeness

We ..rst suggest to use factor analysis techniques to generate a set of pure indices that can
be thought of as the best possible one-dimensional summaries of information conveyed by
competing indices for a given style, in the sense of the larger fraction of the variance explained.
Here, we are looking for the portfolio weights that make the combination of competing indices
capture the largest possible fraction of the information contained in the data from the various
competing indices. Technically speaking, this amounts to using the ..rst component of a PCA
of competing indices as a candidate for a pure style index. Note that the ..rst component
typically captures a large proportion of cross-sectional variations because competing styles
tend to be at least somewhat positively correlated. This is con..rmed by the numbers in table
8 below.

The PCA of a time-series involves studying the correlation matrix of successive shocks.
Its purpose is to explain the behavior of observed variables using a smaller set of unobserved
implied variables. From a mathematical standpoint, it involves transforming a set of K cor-
related variables into a set of orthogonal variables, or implicit factors, which reproduces the
original information present in the correlation structure. Each implicit factor is de..ned as a
linear combination of original variables. De..ne R as the following matrix

R = (Rtk)lgth

1<k<n

We have n variables, i.e., monthly returns for n dicerent competing indices, and 7" obser-
vations of these variables.?> PCA enables us to decompose Ry as follows?*

R =Y ViUV ®)
=1

where

(U) = (Uir) 1< p<n 1s the matrix of the n eigenvectors of R'R.

(UTm) = (Uki);k;n is U transposed.

(V)= (V;,-)lgt;T is the matrix of the n eigenvectors of RR'.

Note that tlﬁégg n eigenvectors are orthonormal. ); is the eigenvalue (ordered by degree
of magnitude) corresponding to the eigenvector U;. Denoting s;;, = /MU, the principal
component sensitivity of the £ variable to the ** factor, and V;; = Fj;, one can equivalently
write equation (3)

n

Ry = Z SikFi

=1

Z3The asset returns have ..rst been normalized to have zero mean and unit variance.
24For an explanation of this decomposition in a ..nancial context, see for example Barber and Copper (1996).
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where the n factors F; are a set of orthogonal variables. One may use the method to describe
each variable as a linear function of a reduced number of factors. To that end, one needs to
select a number of factors I such that the ..rst [ factors capture a large fraction of asset return
variance, while the remaining part can be regarded as statistical noise

I

I
Ry, = Z VAU Vi + en = Z SieFy + € 4)
i—1

=1
where some structure is imposed by assuming that the residuals <, are uncorrelated one to an-

other. The percentage of variance explained by the ..rst I factors is given by Zle Ai/ Zﬁi 1 i
By taking I = 1 in equation (4) this method can be used to generate “the best one dimensional”

summary of a set of competing indices. Furthermore, a simple normalization

Ko
;

Ry, = Z K
=Y s

k'=1

k

Fy;

allows one to obtain an index which can be regarded as a portfolio of competing indices, so
that an actual decomposition in terms of actual funds in the index can easily be obtained as
long as information is available in each competing index composition.

Table 8 displays the ratio of the eigenvalue associated with the ..rst component to the
sum of all eigenvalues. That number can be regarded as the percentage of the information
contained in the time-series of competing indices that is captured by the pure index (column
3). An information loss ratio can be computed by simply taking 100% minus the percentage of
variance explained by the ..rst factor. Table 8 also provides the number of competing indices
for each category in column 2.

We ..nd that pure style indices are able to capture a very large fraction of the information.
The average (resp. median) percentage of variance explained by the pure style indices is
79.12% (resp. 81.12%) across all sub-universes. The percentage of variance explained by the
pure index is, of course, all the more signi..cant in that the correlation between competing
indices was high. For example, emerging market style indices have a percentage of variance
explained greater than 90% while it originates from a population of 7 competing indices. From
table 4, we see that the mean correlation was almost 0.93 for emerging market indices. In
the same vein, event driven and merger arbitrage PCA indices capture more than 80% of the
information originally available in a set of 8 and 4 competing indices, respectively. The fund of
funds PCA index also enjoys very low information loss as more than 91% of the information is
captured by the one-dimensional summary. On the other hand, the percentage of information
loss is higher in the case of equity market neutral (41.09% = 100% — 58.91% information
loss) and ..xed-income arbitrage (35% = 100% — 65% information loss). This is because these
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Sub-Universe # of Indices % of Variance Explained

Convertible Arbitrage 6 84.91
Emerging Markets 7 91.97
Equity Market Neutral 6 58.91
Event Driven 8 85.41
Fixed Income Arbitrage 5 65
Global Macro 8 74.13
Long/Short 6 86.8
Merger Arbitrage 4 83.81
Relative Value 5 71.26
Short Selling 5 78.42
Distressed Securities 7 77.6
Fund of Funds 5 91.19

Table 8: Pure Style Indices. This table provides the ratio of the eigenvalue associated with the
..rst component to the sum of all eigenvalues. That number can be regarded as the percentage
of the information contained in the time-series of competing indices that is captured by the
pure index (column 3). It also provides the number of competing indices for each category in
column 2.

strategies were the ones for which the heterogeneity of information provided by competing
index providers was the most extreme (see tables 4 and 5).

Pure hedge fund indices generated as the ..rst component in a factor analysis have an
appealing built-in element of optimality, since there is no other linear combination of compet-
ing indices that implies a lower information loss. Another approach consists in focusing on
minimization of the bias.

3.2.2 Minimization of Bias

In this approach, we still model the return on these indices as the sum of a true unobservable
pure style index I and a white noise (the bias)

Ry =1 +¢ei4

We denote as F; = (Ris),<, -1, the agents’ information set. Note that investors do
not observe the return on the true index but only the return on the competing indices. The
following assumptions will be made for all 7,7 =1,....,n

e Assumption 1: E[ey| F] =0
e Assumption 2: Var [ey| F] = o2,
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e Assumption 3: Cov [ey, I;] F] =0

Assumption 1 simply states that the bias is not systematic: sometimes the return on the
commercial index i exceeds that of the true unobservable index, sometimes it is lower, on
average the dicerence is zero. Assumption 2 is a homoskedasticity assumption which states
that the variance of the bias is constant in time (note that o7 is a measure of the size of the
bias). Assumption 3 is common to linear models; it states the bias is not acected by the level
of the true index.

Our goal is to de..ne a portfolio of competing indices that would be as close as possible to

the return on the true unobservable factor. We denote as

Rpt = w' . Rt

:It+w'-5t

where w is a n—dimensional vector of weights, and R; (respectively ¢;) is a n—dimensional
vector of index returns (respectively biases). Finally ' denotes transpose. We obtain

B[Ryl Fi] = B[L] F]
Var [Ry| Fi] = o7 +w' - S - w

where we are using assumption 1 and 3 in the ..rst and second line, respectively, and where
oy is the volatility of the true unobservable index, and 3. is the variance-covariance matrix of
the bias terms.

Our objective is to minimize the bias of the composite index R, that is Minw’ -3, - w such
that v’ -1 = 1, where 1 is a n—dimensional vector of ones. The solution to this problem is
well-known to be (see for example Cochrane (2001))
R VS |

TS = |

©)

This is formally similar to a variance minimization problem. Since Var [R,| F] = o7 +
w' - X, - w, it actually appears that minimization of the bias is equivalent to minimization
of Var [R,:| F:]. This can be achieved in the usual way, using an e¢cient estimate of the
sample covariance matrix of hedge fund returns (see Amenc and Martellini (2002)). Note also
that portfolio constraints may further be imposed to ensure that all the weights are positive.
This may actually be a desired property since it is natural that the index of the indices thus
obtained be eventually expressed as a portfolio with positive investments in individual funds.
In principle, imposing positivity constraints obviously induces a deviation from optimal bias
reduction. On the other hand, we ..nd evidence that minimum bias portfolios in the presence of
positivity constraints are sometimes more representative than in the absence of such constraint
(see table 9 in section 4.2).
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If we make one additional assumption (assumption 4 below), we can show that the prob-
lem of bias minimization actually admits a very simple and elegant closed-form solution (see
equation 6).

o Assumption 4: Cov [g;,¢j¢| Fi] = 0 for i # j

Assumption 4 states that the bias on a given index is independent from that on another
competing index, so that X, is diagonal. Because biases are meant to capture some idiosyn-
cratic component in competing index returns, this can be regarded as a reasonable assumption.
On the other hand, that assumption may not be taken for granted, as there might exist some
common factors in the biases of various competing index providers for a given style.® As often
the case, a standard trade-o= exists between model risk and estimation risk.

Using assumptions 4 and 2, we obtain that . is a diagonal matrix with cr?i terms on the
diagonal. Now

o2 =Var [ey| F] = Var [I, — Ry| F)] = o] + 0] — 2Cov [ I}, Ryy| F]

where o2 is the variance on the return on the i** competing index. Noting that (using assump-
tion 3)
Cov [I, Ry| )] = Cov [I;, I, + 4| F)) = o7

we ..nally obtain

02 =02 — o2
From equation (5), we ..nally get
1
2__2
wi = ©)
1
L o707

j=1

a very simple and elegant expression.

In practice, the volatility o; of the return on the competing index 7 is replaced by its
unbiased estimator o;. The problem is that the optimal weight w; is also a function of the
volatility of the unobservable true index o;. That term can be estimated from the Kalman
.Iter approach described above. Alternatively, one may elect to estimate that term in the
following way. Just note that

COU [Rita Rjt| -7:t] = COU [It + Eits It + 5jt| .7:15]
=07 + Cov I, 4| F] + Cov [ 1, gjt] Fi] + Cov (i, eje| Fi] = o?

25To check whether assumption 4 is consistent with the data, we have computed the correlation between
R;; — I where the return I, on the pure index is obtained from Kalman analysis. From that analysis, we ..nd
evidence of non trivial correlations between the noise terms for competing indices.
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where we use assumptions 3 and 4 in the last line. This suggests that one may use the average
covariance between competing indices as an estimator for the variance on the return on the
unobservable true factor

SO

O'? = E Z Jij

ij=1

where 5;; = 1 ZTj (Rt — R;) (Rjs — R;) is the estimator of the covariance between the return
on index i andti:r%dex J.

In table 9, we provide information on the mean, volatility, as well as average correlation
with competing indices of pure indices generated using equation (6), where the variance of the
pure index is estimated from the Kalman ..Iter approach. We also provide (in parenthesis)
average values for these parameters for competing indices.

Sub-Universe Mean Volatility Average Correlation

1.08% (0.94%) 1.13% (1.34%) 0.90

Convertible Arbitrage

Emerging Markets

0.80% (0.43%)

3.33% (5.34%) 0.95

Equity Market Neutral 0.85% (0.83%) 0.44% (1.03%) 0.58
Event Driven 0.95% (0.86%) 3.78% (2.09%) 0.87
Fixed Income Arbitrage 0.37% (0.36%) 1.33% (1.70%) 0.78
Global Macro 0.09% (0.69%) 3.73% (2.55%) 0.70
Long/Short 0.78% (1.11%) 0.76% (3.13%) 0.56
Merger Arb. 0.99% (0.89%) 1.15% (1.31%) 0.92
Relative Value 0.82% (0.90%) 1.00% (1.97%) 0.68
Short Selling 0.82% (0.49%) 6.95% (7.70%) 0.47
Distressed 0.46% (0.73%) 2.55% (2.26%) 0.80

Fund of Funds 0.94% (0.91%) 2.45% (2.52%) 0.95

Table 9: Pure Indices from Minimum Bias Analysis. This table provides information (mean,
volatility, as well as average correlation with competing indices) on monthly returns of pure
indices generated using minimum bias analysis where the variance of the pure index is esti-
mated from the Kalman ..Iter approach. Number in paranthesis are average values for these
parameters for competing indices.

From table 9, we see that the volatility of all but one pure indices is lower than the average of
competing indices, hence suggesting that a noise reduction has actually occurred. Pure hedge
fund indices generated from minimum variance analysis have an appealing built-in element of
optimality, since there is no other linear combination of competing indices that implies a lower
bias, granted that assumptions 1 to 4 hold (see discussion in section 4).
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It should be noted that the sample covariance matrix of historical returns is likely to
generate high sampling error when the number of observations is relatively small compared to
the number of asset classes.?® Several methods that have been introduced to improve asset
return covariance matrix estimation could be applied in the present context. One solution
is to impose some structure on the covariance matrix to reduce the number of parameters
to be estimated. Several models fall within that category, including the constant correlation
approach (Elton and Gruber (1973)), the single factor forecast (Sharpe (1963)) and the multi-
factor forecast (e.g., Chan, Karceski and Lakonishok (1999)). In these approaches, sampling
error is reduced at the cost of some speci..cation error. Several authors have studied the
optimal trade-oa between sampling risk and model risk in the context of optimal shrinkage
theory. This includes optimal shrinkage towards the grand mean (Jorion (1985, 1986)), optimal
shrinkage towards the single-factor model (Ledoit (1999)). Also related is a recent paper by
Jagannathan and Ma (2000) who show that imposing weight constraints is actually equivalent
to shrinking the extreme covariance estimates to the average estimates.

Since the focus of the paper is not on estimation of variance-covariance matrices, we use
the sample estimate for simplicity. We, however, also try and impose positivity constraints,
and we argue in section 5 below that it might help mitigate the estimation error risk.

4 How Pure is Pure?

One may wonder how better o= an investor would be by focusing on these pure style indices,
as opposed to any of the competing indices from which they are extracted. Backtesting pure
style indices is no easy task because of the de..nite chicken-and-egg tavor associated to it. If
we knew what a good style index should be in the ..rst place, we would have all competing
index providers agreeing to a larger extent, and we would have no need for composite pure
style indices!

In what follows, we ...rst provide two simple results that show the superiority of any portfolio
of indices over any single competing index for a given strategy. Obviously, PCA-based and
minimum-variance-based pure style indices, which have been speci..cally designed to address,
respectively, the information loss and minimization of the bias problems, should be better than
an arbitrarily selected portfolio of competing indices. We also illustrate the performance of
the pure style indices in terms of their ability to improve benchmarking of hedge fund returns.

26|n the present context, the number of assets is not very large, as we deal with portfolio of competing hedge
fund indices. The data, however, is scarce, as hedge fund returns are typically available at a monthly frequency
only.
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4.1 The two Basic Theorems of Pure Indexing

The mere fact of composing a pure index as an index of the indices, i.e., as a portfolio of
existing indices, always leads to a reduction in the size of the bias and an improvement of
representativeness, even if the portfolio weights are not optimized. This is the content of the
following two straightforward theorems.

Theorem 1 A portfolio of indices is always less biased than the average of the set of indices
it is extracted from.

Proof. Straightforward application of the properties of portfolio diversi..cation. The proof
is expressed under the additional assumption 4. Let us consider a portfolio of competing indices

R, = > w;Rj. Theorem 1 says that the variance of the portfolio bias is always smaller than
j=1
the average variance of the competing index biases, whatever the portfolio weights, that is

05213 S ijo_?j
j=1
To see why, note that the variance of the portfolio afp is given by

n
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where the portfolio weight vector w is de..ned as w = (wy, ..., w,). The announced result is

obtained from
n n
2 2 2
Sutet <Y we?
=1 =1

Obviously, the noise reduction is the greater, by construction, for the minimum biased
index. In the same vein, considering a portfolio of hedge fund indices always enhances the
representativeness of the index, because more funds are accounted for.

Theorem 2 A portfolio of indices is always more presentative than any competing index.

Proof. Obvious from ..gure 4 in the case of 3 indices.
We denote by N; = card(1;) (respectively, N, = card(I,)) the number of funds used

n N]’ .
by index j (respectively, by the portfolio of index R, = > w;R;), i.e., Rjy = Zp,(j)Rkt,
j=1 k=1

Np
(respectively, R, = > p,(f)Rkt), where Ry, is the return at date ¢ on individual fund k£ and
k=1

p,(j) (respectively, p,(f)) the weighting of fund % in the index j (respectively, in the portfolio of
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Figure 4. Representativeness of a Portfolio of Competing Indexes. A portfolio of competing
indexes encompasses more individual funds than any of the competing indexes.

indices). In most cases, we have that p,(j) = 1/N;, since all but one existing hedge fund indices
are equally-weighted. We have that

I N L

i ))

]p - <j=1o...,njj) Y <j:1L;J...,n <
N, = card (1,) = card < N IJ) + card ( U <Ij N Ij/)> > max (N;)
J= n n

from which we obtain
1., j=1,..., j#j

Note that N, # > N, because funds may report their performance to more than one database
=1

(ie., ;NI # Q])). Note also that the index of the indices will not be in general an equally-
weighted portfolio of individual funds. =

In other words, even if PCA based portfolios are meant to focus on the representativeness
dimension while minimum variance portfolios are meant to focus on the bias dimension, any
portfolio of hedge fund indices (e.g., an equally-weighted portfolio of competing indices) should
do better than any given index on both dimensions. When the correlation between competing
indices is high, we actually expect the ..rst component of the PCA analysis to generate an
almost equally-weighted portfolio. On the other hand, when correlation is relatively low,
i.e., when we really need a pure index, PCA guarantees the best possible one-dimensional
representation.

4.2 Testing the Representativeness of Pure Hedge Fund Indices

While any improvement of the pure style indexes with respect to existing indexes along the bias
dimension is hard to measure, it is easier to attest their superior representativeness. To that
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end, we have performed the following test.?” We have ..rst merged the three major databases
providing information on individual fund return, MAR, TASS and HFR. We have also added
data on funds which do not report to any data base, that had been directly obtained from
administrators. As a result of that data collection process, we have gathered monthly returns
on a total of 7,422 hedge funds, including 2,317 funds that do not report their returns to the
major data bases.?® As a result, our sample represents a very signi..cant fraction of the hedge
fund population.?® The following table (table 10) provides information on the breakdown of
that number into strategies.

Sub-Universe Number of Funds
Convertible Arbitrage 657
Emerging Markets 198
Equity Market Neutral 206
Event Driven 1083
Fixed Income Arbitrage 438
Global Macro 263
Long/Short 2533
Merger Arb. 638
Relative Value 198
Short Selling 302
Distressed 554
Fund of Funds 352
Total 7,422

Table 10: Number of Funds in the Sample. This table provides information on the number of
funds in the sample for each strategy.

Then, for each strategy covered in this paper, we have collected all funds with self-
proclaimed style matching the strategy under consideration and form equally-weighted portfo-
lios. Because we are following the funds’ self-proclaimed style, these equally-weighted portfolios
are undoubtedly biased. On the other hand, because they account for the return on all funds
for which there is public and some private information, they are as representative as possible.

In table 11, we report for each pure index (PCA, minimum bias with and without posi-
tivity constraints, and also Kalman) the correlation with the corresponding equally-weighted

2T\We would like to express our deepest gratitude to Francois-Serge Lhabitant who has provided us with the

data needed for this test.
28Dead funds are kept in the sample. This alleviates the survivorship bias problem.
29Even though it is impossible to have a precise estimate of that number, we believe that the sample represents

approximately 70-80% of the population of hedge funds with more than $20 million of assets under management.
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portfolio, as well as the percentage of time this correlation is higher than that of competing

indices.3°

Sub-Universe

Kalman (%)

PCA (%)

Min. Bias (%) Min. Bias Positive Weights

Convertible Arbitrage
Emerging Markets
Equity Market Neutral
Event Driven
Fixed Income Arbitrage
Global Macro
Long/Short
Merger Arbitrage
Relative Value
Short Selling
Distressed
Fund of Funds

0.84 (67%)
0.95 (29%)
0.38 (83%)
0.95 (75%)
0.93 (80%)
0.71 (86%)
0.63 (40%)
0.85 (67%)
0.88 (83%)
0.69 (50%)
0.95 (100%)
0.93 (75%)

0.84 (67%)
0.98 (86%)
0.41 (83%)
0.96 (100%)
0.81 (60%)
0.77 (86%)
0.98 (100%)
0.86 (67%)
0.89 (83%)
0.73 (50%)
0.94 (86%)
0.94 (100%)

0.76 (33%)
0.95 (29%)
0.38 (67%)
0.92 (37%)
0.88 (60%)
0.55 (43%)
0.41 (20%)
0.86 (67%)
0.61 (17%)
0.44 (0%)
0.82 (14%)
0.93 (75%)

0.78 (50%)
0.86 (14%)
0.38 (67%)
0.92 (37%)
0.76 (60%)
0.78 (86%)
0.24 (20%)
0.84 (67%)
0.88 (83%)
0.75 (100%)
0.91 (43%)
0.83 (25%)

Table 11. Testing the Representativeness of Pure Indices. In this table we report for each
pure index (Kalman, PCA, minimum bias with and without oisitivity constraints) the correla-
tion with the corresponding equally-weighted portfolio, as well as the percentage of time this
correlation is higher than that of competing indices.

A number of conclusions can be inferred from these results. First it appears that the PCA-
based pure indices are always more correlated with the equally-weighted as-representative-
as-possible portfolios than more than 50% of the competing indices they are extracted from.
Overall, these results strongly suggest that PCA-based indices do achieve the improvement of
representativeness they were designed for. Also PCA-based indices are more correlated with
these portfolios than minimum bias and Kalman indices for all but very few strategies (...xed-
income arbitrage and distressed securities). In all cases but one (emerging markets), Kalman-
based pure indices are always more correlated with the equally-weighted as-representative-as-
possible portfolios than more than 50% of the competing indices they are extracted from. On
the other hand, indices generated from minimum bias analysis do not always outperform more
than half of the competing indices they were extracted from when no further constraints are
imposed on the weights. Under the condition of positive weights, the correlation with the
equally-weighted portfolios increases in some cases, suggesting that a better representativeness

30The minimum bias indices without positivity constraints have been generated using equation (6). Minimum
bias indices with positivity constraints have been generated from minimum variance analysis based on the
sample covariance matrix of competing indices.
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may then be achieved.

5 Conclusion

In this paper, we attempt to emphasize the need for a better understanding of investment
style benchmarks by focusing on the alternative investment universe, where the problems
are most visible. Our contribution is two-fold. First, we provide detailed evidence of strong
heterogeneity in the information conveyed by competing indices. Second, we attempt to provide
remedies to the problem and suggest a methodology designed to help build a “pure style index”
or “index of the indices” for a given style. In particular, we explore a statistical approach to
the problem of the construction of pure style indices, using Kalman ..Iter techniques for the
estimation of an unobservable factor from competing index return observations. Because it is
desirable that a pure index can be regarded as a portfolio of existing indices, we also suggest
a portfolio approach to the problem. In particular, we suggest using principal component
analysis to extract the “best possible one-dimensional summary” of a set of competing indices
(addresses the problem of lack of representativeness), and using minimum variance analysis to
extract the “least biased portfolio” from a set of competing indices (addresses the problem of
biases).

The relevance of this work is underlined by the recent recognition that asset allocation
models and modern portfolio theory can be applied to hedge funds as well as to traditional
investment vehicles (Amenc and Martellini (2001, 2002), Amenc, El Bied and Martellini (2002),
Cvitanic et al. (2001)). In particular, passive strategies start to emerge in the alternative
investment universe, as they have developed in the traditional stock and bond markets over the
past 10 years. Very recently, a series of investment products designed to track the performance
of hedge-fund indices have actually been launched and various institutions (Credit Swiss First
Boston and Zirich Capital Markets, among others) now ozer index funds aiming at capturing
the average return of a speci..c hedge fund universe.3!

Our results can easily be extended to traditional investment styles such as growth/value,
small-cap/large-cap and a series of returns on pure indices can be constructed on the basis
of the S&P/BARRA, MSCI, Dow Jones, Wilshire, Russell, etc., equity style indices. In a
companion paper (Amenc and Martellini (2003)), we show that existing indices also provide
a somewhat confusing picture of the return on style factors (growth/value, small/large cap),
and we also report disturbing evidence that this heterogeneity poses serious problems, not
only for modern portfolio analysis, but also for empirical tests of asset pricing theory.>’> Some

31See the article “Critics spotlight shortcomings in index funds” in the weekly newsletter “Hedge Fund
Alert”, March 6, 2002.
$2This is somewhat reminiscent of Roll’s critique (1977) of CAPM: if the true value and size factors are not
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of the techniques introduced in this paper could actually be also used to help design better
benchmarks in the traditional investment universe.
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A Information on Hedge Fund Strategies

e Convertible Arbitrage. Attempts to exploit anomalies in prices of corporate securities
that are convertible into common stocks (convertible bonds, warrants and convertible
preferred stocks). Convertible bonds tends to be under-priced because of market seg-
mentation; investors discount securities that are likely to change types: if the issuer does
well, the convertible bond behaves like a stock; if the issuer does poorly, the convertible
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bond behaves like distressed debt. Managers typically buy (or sometimes sell) these se-
curities and then hedge part or all of the associated risks by shorting the stock. Delta
neutrality is often targeted. Over-hedging is appropriate when there is concern about
default as the excess short position may partially hedge against a reduction in credit

quality.

Dedicated Short Bias. Sells securities short in anticipation of being able to re-buy them
at a future date at a lower price due to the manager’s assessment of the overvaluation of
the securities, or the market, or in anticipation of earnings disappointments often due to
accounting irregularities, new competition, change of management, etc. Often used as a
hedge to omset long-only portfolios and by those who feel the market is approaching a
bearish cycle.

Emerging Markets. Invests in equity or debt of emerging (less mature) markets that
tend to have higher infation and volatile growth. Short selling is not permitted in many
emerging markets, and, therefore, exective hedging is often not available, although Brady
debt can be partially hedged via U.S. Treasury futures and currency markets.

Long/Short Equity. Invests both in long and short equity portfolios generally in the
same sectors of the market. Market risk is greatly reduced, but ecective stock analysis
and stock picking is essential to obtaining meaningful results. Leverage may be used to
enhance returns. Usually low or no correlation to the market. Sometimes uses market
index futures to hedge out systematic (market) risk. Relative benchmark index is usually
T-bills.

Equity Market Neutral. Hedge strategies that take long and short positions in such a
way that the impact of the overall market is minimized. Market neutral can imply dollar
neutral, beta neutral or both.

— Dollar neutral strategy has zero net investment (i.e., equal dollar amounts in long
and short positions).

— Beta neutral strategy targets a zero total portfolio beta (i.e., the beta of the long
side equals the beta of the short side). While dollar neutrality has the virtue of
simplicity, beta neutrality better de..nes a strategy uncorrelated with the market
return.

Many practitioners of market-neutral long/short equity trading balance their longs and
shorts in the same sector or industry. By being sector neutral, they avoid the risk of
market swings acecting some industries or sectors dicerently than others.
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e Event Driven : corporate transactions and special situations

— Deal Arbitrage (long/short equity securities of companies involved in corporate
transactions)

— Bankruptcy/Distressed (long undervalued securities of companies usually in ..nan-
cial distress)

— Multi-strategy (deals in both deal arbitrage and bankruptcy)

e Fixed Income Arbitrage. Attempts to hedge out most interest rate risk by taking ooset-
ting positions. May also use futures to hedge out interest rate risk.

e Global Macro. Aims to pro..t from changes in global economies, typically brought about
by shifts in government policy that impact interest rates, in turn acecting currency,
stock, and bond markets. Participates in all major markets — equities, bonds, currencies
and commodities — though not always at the same time. Uses leverage and derivatives to
accentuate the impact of market moves. Utilizes hedging, but the leveraged directional
investments tend to have the largest impact on performance.

e Managed Futures. Opportunistically long and short multiple ..nancial and/or non ..-
nancial assets. Sub-indices include Systematic (long or short markets based on trend-
following or other quantitative analysis) and Discretionary (long or short markets based
on qualitative/fundamental analysis often with technical input).

B Information on Hedge Fund Indices

B.1 Main indices

There are three main providers of hedge fund indices.

B.1.1 Evaluation Associates Capital Markets (EACM)

Evaluation Associates Capital Markets ocer one aggregate index, the EACM 100. This in-
dex is an equally-weighted composite of unaudited performance information provided by 100
private investment funds chosen by EACM. There are ..ve broad strategies and 13 under-
lying sub-strategy styles: Relative Value (long/short equity specialists, convertible hedgers,
bond hedgers, multi-strategy), Event Driven (deal arbitrageurs, bankruptcy/distressed debt
specialists, multi-strategy managers), Equity Hedge Funds (domestic long biased, domestic op-
portunistic, global/international), Global Asset Allocators (systematic traders, discretionary
managers) and Short Selling. Funds are assigned categories on the basis of how closely they
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match the strategy de..nitions. Names in the funds are not disclosed. Investment managers
in the index are selected based on guidelines established by EACM. Investment manager allo-
cations are rebalanced at the beginning of each calendar year. It was launched in 1996 with
data going back to 1990.

B.1.2 Hedge Fund Research (HFR)

Hedge Fund Research provides indices for seven strategies (convertible arbitrage, equity hedge,
event-driven, merger arbitrage, distressed securities), as well as an equally-weighted aggregate
index based on 1,100 funds drawn from a database of 1,700 funds. Funds of funds are not
included in the composite index. Funds are assigned to categories based on the descriptions
in their omering memorandums. One advantage is that the indices eliminate the survivor bias
problem by incorporating funds that have ceased to exist. The index was launched in 1994
with data going back to 1990. Hedge Fund Research ozers a daily “investible” index to its
institutional investors.

B.1.3 Credit Swiss First Boston/Tremont (CSFB/Tremont)

The CSFB/Tremont index is an index that weights component hedge funds according to the
relative size of their assets. It is currently the industry’s only asset-weighted hedge fund
index. In principle, asset-weighting, as opposed to equal-weighting, provides a more accurate
depiction of an investment in the asset class.®®* The CSFB/Tremont indices cover nine strategies
(conwvertible arbitrage, dedicated short bias, emerging markets, equity market neutral, event
driven, ..xed income arbitrage, global macro, long-short equity and managed futures), and is
based on 340 funds representing $100 billion in invested capital, selected from a database, the
TASS database, which tracks over 2,600 funds. A fund must have US $10 million in assets
to be included. Only funds with audited ..nancials are included. The index is calculated
on a monthly basis, and funds are re-selected on a quarterly basis as necessary. Funds are
not removed from the index until they are liquidated or fail to meet the ..nancial reporting
requirements. The index was launched in 1999 with data going back to 1994.

B.2 Other Hedge Fund indices

There is also a variety of other hedge fund index providers.

33However, for indices such as the Zurich Capital and EACM indices, which select from a small pool of
large, established managers, equal weighting will provide the most e¢cient estimate of the performance of a
particular style. Using equal weights also simpli..es independent con..rmation of index performance, as funds
frequently report assets under management with a considerable lag.
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B.2.1 Zurich Capital Markets

Zurich Capital Markets hedge fund indices consist of equally weighted portfolios of funds that
satisfy a number of qualitative criteria for institutional investment as well as a statistical clas-
si..cation procedure for style classi..cation. The indices are based on 60 funds selected from a
universe of several thousand. Funds within each category must meet asset, years in existence,
and statistically-based style purity constraints. Funds that meet these restrictions are asked to
participate in the index; however, only those managers who agree to meet reporting constraints
are included. Five strategies are available: convertible arbitrage, merger arbitrage, distressed
securities, event driven and hedged equity. The indices were launched in 2001 with data going
back to 1998. They are equally weighted and are rebalanced quarterly. The Zirich Hedge
Fund indices are the only ones to have an independent advisory board. Investible portfolios,
i.e., replicating portfolios with an approximate 2.5% tracking error, are available for each of
these 5 indices with monthly liquidity ensured by Zirich Capital Markets. These indices dicer
from existing hedge fund indices by focusing only on those funds/managers that are 1) strategy
pure in their style 2) have a two-year minimum performance track record and 3) sucient as-
sets under management to demonstrate organizational and managerial infrastructure, scalable
strategies and the ability to raise funds from sophisticated investors.

B.2.2 Van Hedge

Van Hedge fund indices cover 12 strategies: aggressive growth, distressed securities, emerg-
ing markets, fund of funds, income, macro, market timing, market-neutral securities hedging,
market-neutral arbitrage, opportunistic, short selling, special situations and value. The com-
pany’s database, which is used in the construction of the indices, contains detailed information
on over 3,400 hedge funds (2,000 U.S. and 1,400 omshore). There are no performance or size
criteria and funds are assigned to categories based on their ocering memorandums and inter-
views with the individual managers. Van Hedge Fund Advisors International provides research
and advisory services to individual and institutional investors.

B.2.3 Hennessee Group

Twenty-two strategies are available: convertible arbitrage, distressed, event driven, ..nancial
equities, ..xed income, growth, healthcare and bio tech, high yield, macro, market neutral,
merger arbitrage, multiple arbitrage, opportunistic, regulation D, short biased, value, emerging
markets, Europe, Paci..c rim, Latin America, technology and telecom and media. Results are
based on 450 funds including 150 in which Hennessee clients invest, from a database of 3,000
funds. Assets of $160 billion are represented in the index. The indices were created in 1987
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and ..rst published in 1992. Hennessee Group LLC provides research and consulting to hedge
fund advisors.

B.2.4 Hedgefund.net

Hedgefund.net’s so-called tuna indices are an equally-weighted average of all fund returns.
They cover 33 strategies: aggressive growth, convertible arbitrage, country speci..c, commod-
ity trading advisor, distressed, emerging markets, energy sector, event driven, ..nance sector,
..Xed income arbitrage, ..xed income, fund of funds, healthcare sector, long only, long/short
hedged, macro, market neutral, market timer, opportunistic, options arbitrage, options strate-
gies, other, other relative value, regulation D, risk arbitrage, short bias, short-term trad-
ing, small/micro-cap, special situations, statistical arbitrage, technology sector, value and
VC/private equity. They are updated from a database of 1,800 hedge funds and funds of
funds. The data goes back to 1979 and managers select their own categories. They are among
the ..rst to report performance results each month. Hedgefund.net is operated by Links Secu-
rities LLC, a NASD registered broker-dealer, and is owned by Links Holding and Capital Z
Investments.

B.2.5 LJH Global Investments

LJH hedge fund indices are equally weighted and are calculated as the average performance of
all managers for each style. They cover 16 strategies, each composed of 25 to 50 funds: Asian
hedge, convertible arbitrage, distressed securities, domestic hedge, emerging markets, emerging
markets ..xed income, event driven, ..xed income arbitrage, European hedge, global hedge,
global macro, hedge, market neutral equity, risk arbitrage, short only and technology fund.
These indices are rebalanced quarterly or semiannually, depending upon the strategy. Funds
must have audited statements and have passed some level of LJH due diligence. Funds are
assigned categories by LJH. LIJH Global Investments is a consulting and investment advisory
.rm.

B.2.6 Managed Account Reports (MAR)

The MAR database contains 1,300 funds and managers usually select their own categories. A
composite index is not available. There are 9 categories (“medians’), some of which are com-
bined into sub-categories (“sub-medians™): Zurich Event-Driven Median (Distressed securities
and Risk arbitrage sub-medians), Zurich Global Emerging Median, Zirich Global Interna-
tional Median, Zirich Global Established Median (Global Established growth, Global Estab-
lished small-cap and Global Established value sub-medians), Zirich Global Macro Median,
Zurich Market Neutral Median (Market Neutral arbitrage, Market Neutral long/short and
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Market Neutral mortgage-backed sub-medians), Zurich Sector Median, Zurich Short-Sellers
Median, Zurich Fund of Funds Median (Fund of Funds diversi..ed and Fund of Funds niche
sub-medians). MAR was recently acquired by Zurich Capital Markets.

B.2.7 Altvest

Altvest hedge fund indices cover 13 strategies: capital structure arbitrage, currency trading,
distressed securities, emerging markets, event driven, fund of funds, health care, long/short
equity, macro, merger arbitrage, relative value, short selling and technology. Each fund is
assigned to the category in which the largest percentage of its assets is invested. Index results
are based on reports from more than 1,400 hedge funds in a database of 1,800 funds. The
index was launched in 2000 with data going back to 1993. Altvest is owned by InvestorForce.

B.2.8 Magnum

Founded in April 1994, Magnum focuses on identifying hedge funds likely to generate superior
returns and combines them into funds of hedge funds designed to deliver targeted levels of
return for given levels of risk. Magnum ozers 17 owvshore funds of hedge funds, ..ve feeder
funds (with lower minimum investment levels) and 2 funds of hedge funds. The various indices
they publish are the Magnum Aggressive Growth Fund, Magnum Bull & Bear Fund, Magnum
Capital Growth Fund, Magnum e-Com Fund, Magnum Edge Fund, Magnum Europe Equity
Fund, Magnum Fund, Magnum Global Equity Fund, Magnum International Equity Fund,
Magnum Macro Fund, Magnum Multi Fund, Magnum Opportunity Fund, Magnum Special
Situations Fund, Magnum Tech Fund, Magnum Turbo Growth Fund and Magnum U.S. Equity
Fund.

B.3 Forthcoming Indices

Two major providers of traditional indices have recently annouced their intention to launch
hedge fund indices.

B.3.1 S&P

Standard & Poor’s has recently announced plans to create the S&P Hedge Fund Index, aimed
at providing a transparent benchmark of the hedge fund asset class. The S&P Hedge Fund
Index will ozer investors an investable benchmark that is broadly representative of the range
of major strategies that hedge funds employ. The Index will contain 40 funds divided into
three sub-indices: Arbitrage, Event Driven and Tactical, which in turn represent a total of
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nine speci..c strategies. These strategies include: Macro, Equity Long/Short, Managed Fu-
tures, Special Situations, Merger Arbitrage, Distressed, Fixed Income Arbitrage, Convertible
Arbitrage and Equity Market Neutral. The strategies will be equal weighted to ensure well-
rounded representation of hedge fund investment approaches and to avoid over-representation
of currently popular strategies. The index is expected to be launched during the third quarter
of 2002.

Potential index constituents must pass a series of quantitative screening criteria to ensure
that they conform to their stated strategy’s return and risk characteristics. After this screening,
eligible funds must agree to o=er daily transparency so that their valuations can be veri..ed
by a third party, in this case Derivatives Portfolio Management (DPM), and so that the index
may be computed on a daily basis. Finally, the candidate funds must pass a rigorous due
diligence process conducted by Albourne Partners Ltd., a hedge fund consultant to Standard
& Poor’s, to ensure that they are appropriately managed, adhere to their stated strategy or
style, and maintain all necessary risk controls and operational infrastructure. Index values will
be posted daily to the www.spglobal.com website.

The index will be maintained by an Index Committee managed by Standard & Poor’s that
will meet regularly to ensure that inclusion criteria are being met and to implement necessary
rebalancing.

B.3.2 Morgan Stanley Capital International (MSCI)

MSCI Hedge Fund Indices are classi..ed according to four basic categories: directional trading,
relative value, specialist credit and stock selection. Within each category, indices will be segre-
gated based on asset class (..xed income, commodities, currencies and stocks) and geographical
region. The indices will be supported by a platform that allows subscribers to look at the data
at a more detailed level (industry focus, fund size, open vs. closed, etc.). Morgan Stanley
Capital International, Geneva, has formed a partnership with Financial Risk Management,
New York, to produce the hedge fund indices. Financial Risk Management provides a large
private hedge fund database that tracks 3,000 funds. This database will serve as the initial
core of the indices.
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