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Introduction

This particular sesson is mainly on hedge funds, or more precisdy, hedge fund strategies. Within
the context of the seminar, let me begin by placing hedge funds within a broader context of other
asset categories.

Typicdly, when we think of traditiona investments, we think of asset classes --- familiar ones are
bonds, stocks, real estate, and commodities. Often, redl estate and commodities are placed into the
aternative category. But these investments have been around so long, | prefer to leave them in the
“conventional” category. As Exhibit 1 illustrates, noving aong the horizonta axis, the first
addition | made beyond the traditionad asset classes are— “spread’. At the very end of
non-traditional investment classes, we have venture capital. There is a reason why | ordered them
inthisway.

The logic is as fallows. Withtraditiond investments, we frequently assume that the strategy used
is one of buy- and-hold and long only. By making that assumption, one is Smply saying that
only where those assets transact determines dl the risk return characteristics. Whereas with hedge
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funds drategies it is not where these assets transact, it is how the risk is being managed that
meatters. In other words, hedge funds may hold a portfolio of conventiona stocks and bonds how
hedge fund managers generate return and risk characterigtics different form the underlying
holdings is a function of how the underlying securities are managed. Put differently, hedge fund
returns differs from conventiona assets not because they invest in different assets but because of
the way the underlying investments are managed.

This is a very important distinction— conventional asset classes are different from each other in
terms of physica attributes--stocks versus bonds for example. What make hedge fund returns
different are the differences between hedge fund strategies and the buy-and-hold stirategy assumed
in generating conventiona asset class returns.

As shown in Exhibit 1, dong the horizontal axis, the only substantive difference in terms of assets
used by hedge funds from conventional asset categoriesis the emphasis on “spreads’ or long/short
combinations of conventional assets. In contragts, there is a much more significant difference
between hedge fund strategies and conventional asset management strategies as the vertical axis
depicts.

In generd, hedge fund drategies are long-short combinations of traditional assets. It is the
management of these long-short postions, together with leverage, that generate interesting
alternative risk-return characteristics.

The rest of the &k will be focused on “What are these strategies?’, “How is it done?’, and
“How do we go about measuring it?”

My talk has three parts. The first part deds with the difficulties in measuring hedge fund return
characterigtics, and the second part dedls with the different ways to smplify the wide range of
hedge fund dtrategies to something more managesble. The third is a combination of the first two
topics, where | andyze the different ways of creating benchmarks for hedge funds. The first and
second part of my talk consstsof extracts from two papers that David Hsieh and | have published
in the Financid Andysts Journd. The third part is an extension of these earlier works.

Problems with Database Biases

If an investor wants to know something about aternative investments, the first difficulty that he or
she comes across is “how are these returns generated?”’

To answer this question, we begin by learning from past performance. Here we come acrossthe
first difficulty in andyzing hedge funds—namely data limitations. Over the decades of investment
experience with traditiona assets, we are spoiled with twenty, fifty and sometimes even a hundred
years of data, gpanning a broad range of economic cycles. In contrast, the hedge fund industry is
dill in its infancy compared to traditional investments. In addition, it has tayed pretty much
unregulated to now. Therefore, data and information are not easy to obtain. When you do get
them, they frequently come in non-standardized formats, which make comparison and andysis
using conventiona statistical tools very difficult. Let me begin by discussing these data difficulties
researchers face.

Before going into analyzing the specifics of hedge fund performance, it is helpful to sate the gods
of such an exercise. One of the outputs of performance andysis is to hep us congtruct effective
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investment benchmarks to judge past peformance on a rik-adjusted bass or to compute
risk-adjusted aphas. | will try to persuade you that not dl “alternative aphas’ are born equal, or
that they can differ greatly in terms of risks. That is one concept | want to stress. Moreover, |
would like to highlight the differences between dternative sirategies in order to identify these risk
differences. This is essentid if we are to determine how hedge fund strategies fit into an overdl
asst dlocation framework. Beyond identifying these risk differences, we aso need to form
reasonabl e expectations about future return and risk in order to manage investments going forward.
To achieve this, we need to develop efficient benchmarks in a coherent, consistent framework for
doing dl three.

| beginwith looking at past performance. Analyzing the hedge fund industry reminds me of trying
to observe an eclipse-- you are never dlowed to see the entire picture--there is dways something
missng. The industry has grown in the past from a very smal size to approximately 6,000 funds
and hundreds of hllions of dollars under management. The more funds there are, the more we
should be concerned about the size of that portion of the industry that we cannot see in judging the
past.

Just how big isthis problem? Look at existing databases of hedge funds. Typicaly, these databases
have three main sources of biases inherent in their data. These are: “sdection bias’, or missing
dataor funds; “survivorship bias;” and the third “instant history bias’.

Selection Bias

Let me begin with selection bias. No database vendor has ever been able to capture al hedge
funds ever existed a any point in time. That is just a consequence of an unregulated industry
where hedge fund managers can choose to report to one database vendor but not to another. In fact,
there is no obligation to report to database vendors a dl. On the data collection side, different
database vendors have different criteria for including a fund in their database.  Given this, how
different is one database from another? At the research center of London Business School, we
have been trying to develop Satistics that will help us determine the magnitude of these biases.
Here are some of our findings, a the end of 2000, combining different commercidly available
databases together alows us to see the following picture:

Firgt, you begin with a commonly-known database like Hedge Fund Research (HFR). Next, we
added another well-known database like TASS. Findly, add an equdly well-known database
like MAR/Hedge.

Asshown in Exhibit 2, a the end of 2000, HFR had approximately 1,151 fundsin their database,
TASS had 1,061 funds, and MAR had about 909 funds.  Superficidly, it is tempting to conclude
that“they are not very different”. But if you look closaly at the data, you find that of the three
databases, there are only have 315 funds in common. In other words, if you ask the question
“What does the universe of hedge funds look like at the end of the millennium?” you may get very
different answers depending on whomyou ask.  That is a little disturbing.  For some reason,
different database vendors managed to uncover a sizeable number of hedge fund managers that the
other database vendor did not have. What | find amazing is that despite having only 315 funds
common to al three, their respective indices of the industry are highly correlated!
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Exhibit 2. December 2000: 1,970 Live Funds
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Survivorship Bias

If you cannot see dl the funds that are in business, then by implication, you are hardly likely to be
able to see dl the funds that died or went out of business. These missing funds are the primary
cause of survivorship bias. Over time, funds come into the industry, and they go out of indudtry.
Some funds survive, and others will not. It will be logicd to expect that performance
characterigtics of those that went out of business to be inferior to those that managed to stay in
business—or that there isa survivorship biasin their performance setistics,

However, there is another aspect to survivorship bias among hedge funds. This comes from
managers who smply chose not to report to database vendors.  Hedge funds tend to have finite
capacity.  When successful managers raised enough capita, they are no longer interested in
disclosng their performance satistics-they will smply stop reporting.  If successful managers
are dso among the missng funds in a database, this “missing funds bias’ cannot be easily
determined—in that it can run in opposite directions.

Clearly, funds that went out of business will bias your performance statistics upwards, in the sense
that al those funds that died with poor performance are missng Agang this, successful
managers with good performance characteristics may also be missing as they stopped reporting to
databases. In the end, we have these two offsetting forces affecting historica returns making it
hard for us to form definitive conclusions.

“How big aproblem isthis?” At the end of December 2000, there are all together 2,087 missing
or dead funds. At the LBS Research Center, we purchased al the dead fund information from
these mgjor database vendors.  Arranging the results in the same format as before, asillustrated
in Exhibit 3, we see that HFR have 1,021 funds in their missing fund database. With TASS, there
are 497. With MAR/Hedge, there are 885. The dead/missing funds that are common to dl three
databases only cometo 39. With this, one arrives at the same uncomfortable concluson That is:
no matter what type of hedge fund data you are interested in, dead or dive, you may get very
different answers depending on whom you ask.

Not only does this problem exist with past data, we don't see the problem going away in a hurry.
Congder this--if wetrack al the hedge funds that came into existence since 1977 (al those that we
were able to collect) one arrives at this diagram as shown in Exhibit 4. From 1977 to the end of
2000, approximately 6,000+ funds entered the hedge fund industry.  Of that, 2,087, as | pointed
out, died or went missng. Each year, the ratio of new funds created to funds exiting known
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Exhibit 3. December 2000: 2,087 Missing/Dead Funds (since 1987)

497
1021

N\
P

/'

885

Exhibit 4. Hedge Funds Entry/Exit Trend: 1977 to 2000
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databases has been remarkably stable. It varied betweenl.75 to 2.50 in favor of new funds. That
tells us that the missing fund problem is not likely to go away anytime soon.

What are the practical implications? It turns out that these biases can impact pro forma returns of
given samples of hedge funds. Omitting the impact of “dead funds” from pro forma returns is
smilar to smulating historical performance free of investment errors. This is clearly urredlistic.

How big is survivorship bias? The range of estimates from existing research fdls within the range
of 0% to 3%. In other words, if you had measured the performance using only live available funds,
you can be making errors of up to 3% per annum in performance.  However, Since we can never

see the entire universe d hedge funds, this range remains an estimate. That said, | would take

some of the work that concluded a zero percent bias with caution.

Instant History Bias
Next | come to “Instant History” bias. “Instant History’ biasis something peculiar to hedge funds.
In the hedge fund industry; it is quite often that new funds get started with friends and relaives
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money & well as the manager’s own capitd. Over the initid trading period (or an incubation
period) success will lead them to grow by rasing more capita.  Failures will smply disappear
unnoticed. Therefore, by the time we see a new hedge fund appearing in any database, dmost by
definition, the incubation experiment has succeeded.  Typicdly, when a fund gets Started, the
fund manager works much harder running a smdl business. Quire often, there is a tendency to
see better performance in the first 12 months of afund's operation. Generdly when they grow
bigger, with few exceptions, performance tends to decline. Database vendors generdly do not
diginguish performance during the incubation period from the subsequent periods. This is
known as the “Ingtant History” bias, which affects estimates of historicd mean returns. We
estimated this number in one of our earlier papers in the Journa of Financid and Quantitative
Anaysis, to be gpproximately 1.4% per annum (too high) on average.

What can be done to mitigate some of those problems? For instance, we can consider the question
“Are these measurement errors diversifiable?” Generdly, if afund is missng, no matter how big a
sample you use from “live funds,” it will remain missng. Bear in mind that the survivorship bias
figures | mentioned earlier are derived from using “entire’ databases, it is unlikely that most
smulated portfolios are sampled from larger universes. Until the true universe of hedge funds,
past and present, can be observed, there is no way to determine whether broadening a sample of
hedge funds necessarily reduces measurement errors.

Other Problems: Peer-Group Averages

Another tricky problem arises in the construction of hedge fund portfolios. Take for example, an
equdly weighted portfolio of hedge funds. Over time, an investor of an equally weighted portfolio
isactudly following a contrarian strategy.

How does that happen? Every time a fund does better than its peer (a winning fund relative to its
peer), in order to maintain equal-weighting, you will have to reduce exposure to the winner and
increase the exposure on the losing funds (relative losers) to restore equally weighting among all
funds in the portfolio. | do not know of too many portfolio managers who are very comfortable
sling winners and buying losars in a condstent manner. It is possible that this strategy suits
certain specific investment mandates but one should be aware that a seemingly passive, smple
weighting scheme implies an active contrarian portfolio Strategy.

Another popular passive portfolio strategy is the standard value-weighted method. Vaue-weighted
method can be problematic with hedge fund portfolios. It effectively assumes a buy-and-hold
srategy where “the rich gets richer.” The better performing funds have a tendency to increase in
their portfolio weighting reducing diversfication.  Unfortunately, the hedge fund industry is a
finite capacity industry.  So, ultimately you will run out of capacity with the good performing
funds. Vdue weighting is a popular method among conventiond asset indices but is naturdly
unsuitable for the hedge fund indudtry.

Another problem with peer-group averagesisthat it is frequently based on quditative information
from the hedge fund managers themselves. Because there is no standardization in the hedge fund
industry what one database vendor means by a particular description could be very different from
what another database vendor despite (almost) identical sounding strategies. For example, in what
is described by the CSFB/Tremont family of indices as“Equity Market Neutral Funds’, there are
27 funds in that category at the first quarter of 2001. Out of these 27--18 are in Hedge Fund
Research's database. According to HFR, these very same funds were classfied into different
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groups. (6 in Equity Market Neutrd, 7 in Statistical Arbitrage, 3 in Equity Hedge, 2 in Other
Sub-indices). It is hard to tdl if different database vendors describing these funds by smilar
“words’ actudly result in funds with smilar risk and return characteristics. How then do investors
extract “forward looking” risk-return characteristics based on quditative descriptions of funds?
One needsto go a gep further, and ask the question: “What are the risk and return characteristics
behind these words? What makesafund market-neutra ?”

Style Categorization

With al these cavests regarding the interpretation of past hedge fund performance, what can we
learn from higtoricd data?

Funds of Hedge Funds Performance

If you areinterested in the past performance of hedge funds, why not look at the actua experience
of hedge fund investors. That--trandates to looking at the funds of hedge funds. These are actua
portfolios of hedge funds. Ther returns are usually audited, compiled by independent
adminigtrators, and if any investment a fund of fund made ended poorly (say the underlying fund
went out of business) the impact remains in therr track record. In other words, you cannot erase it
from the past returns like smulated pro forma returns out of a database. In addition, we do not
have to make artificia assumption on the portfolio’'s weighting scheme like equa weighting or
vaue weighting. The higtoricd pattern of asset dlocation is kept in the track record of funds of
hedge funds.

A negdive for usng funds-of-hedge funds to assess past performance is the lack of trangparency.
Rarely are the higtorica portfolio compositions of funds-of-hedge funds kept (or for that matter,
disclosed). A podtive for using funds-of-hedge fundsisthat they are investable. Something to be
careful about using data from funds-of-hedge funds is the extra layer of fees over and above the
underlying hedge funds.

Although an index of funds-of-hedge funds is helpful in giving us amost bias-free historical
performance characteristics of a typicd portfolio of hedge funds, more work is needed to
explicitly identify the current asset dlocation of such a portfolio. This is so because asset
alocation decisons of funds-of-hedge funds do change over time. To explore this question we
need to draw from some of the research on estimating the aggregate risk characteristics of the
hedge fund industry and how they evolved over time.

This takes me to the second part of the talk — Return-Based Style Models.

Return-Based Style Factors

Quadlitative style categorization of ahedge fund' s strategy typicaly depends on the fund manager’s
self-descriptions of what the drategy does.  Like historica hedge fund performance, there is no
standard format in which the information is reported. At best, this source of information is too
imprecise and open to interpretation and at it's worg, it can be confusing and unreligble. An
dternative to relying on what managers tell us what they do, why not look at the actua return
patterns to see what managers actualy do.

It turns out that we can achieve this by running statistical analyses on historical performance using
techniques such as cluster anadlysis or principa cmponent analyss to group funds with smilar
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return characteritics together. We cdl these groupings of funds “return-based style factors’.  In
our first paper in 1997, David Hseh and | did this anadlysis and found five mgor principa
components, or return-based dyle factors. More recently, Steve Brown (NYU) and Will
Goetzmann (Yae) extended our work and found up to eght return-based style factors. Whether
there are five or eight return-based style factors is unimportant. What is important is that these
results tell us that the problem of having so many different qualitative style groups can be reduced
by way of actua performance characteristics from funds.

How does this help us in making decisons? Where it helps us is to reduce the dimensions of the
manager-selection to more managegble proportions. It dso helps us to reduce the missng funds
data problems. This is so because if return characteristics are being grouped into homogeneous
groups, there is a good chance that the missing funds will have return characteristics that can be
capture by these return-based style factors.

Where return-based factor anadys's cannot help us are in the following aress:

1. Some database biases dill remain when it comes to measuring average returns.

2. Return-based style factors do not give us any further insght into the strategies other than the

fact that groups of funds perform like each other statistically. But no further clueis provided as

to how and why.

These return-based style factors may not be stable over time and can be sample-dependent.

4. Return-based style factors are mathematica congtructs that are not investable. There is no
unique qualitative interpretation of the factors.

5. Fnaly, it is hard to ded with the multi-strategy funds within a return-based style factor
framework.

w

These are difficult problemsto resolve. Over the last four years, David Hseh and | havetried to
find an dternative to return-based style factors that are less vulnerable to these problems.

Asset-Based Style Factors

We came p with an idea that in order to solve dl these problems, we need another way of
measuring hedge fund risk beyond just looking a past hedge fund returns. It turns out that the
most direct approach is to explicitly modd hedge fund strategies using a rule-based mode and
observable market prices. We cal these Asset-Based Style Factors (ABS factors for short).
The first modd we build was an option-based replication of trend-following strategies (Fung and
Hseh, Review of Financid Studies, 2001). Snce then Mitchell and Pulvino (respectively of
Harvard and Northwestern) have crested a Smilar factor for merger arbitrager strategies (Mitchell
and Pulvino, Journd of Finance, 2002). We have dso crested modds that mimic the return
characterigtics of fixed income arbitrage (Fung and Hsieh Journa of Fixed Income, 2002) and we
are now finishing some work mimicking the equity long-short Strategies extending some of the
work of (Agarwa and Nak, Review of Financid Studies, forthcoming). A summary of ABS
factors can be found in our article in the Financid Anaysts Journd, 2002.

How do ABS factors work? From return-based style factors we can identify groups of hedge
funds with smilar return characteristics. The question is how to interpret these groups and how
do we know if they are stable over time? ABS factors are rule-based models of hedge fund
drategies. They are easy to interpret Snce they are congtructed with a specific strategy in mind.
ABS factors are computed based on market prices. Therefore, we can now compare the return
series of ABS factors to the returntbased style factors without risk of over fitting the data.
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Whenever a return-based style factor’s return matches with that of an ABS factor (or a linear
combination of ABS factors), we now have an explicit identification of that group of hedge funds
belonging to the return-based style factors. In other words, we have associated the return
behavior of agroup of hedge funds with that of a pre-determined rule-based mode.

How would these things help us? These “assat based dyle-factors’ have very interesting
characterigtics. They are bias-free because only market prices are used in the modeling process
Wedo not use hedge fund returns in constructing ABS factor returns.

They are trangparent because the models are rule-based. It trandates hedge fund risk into a
conventiond setting. In other words, we can take hedge fund risk, and directly relate it to stocks,
bonds, and interest rates—conventional asset classes that you are familiar with Through this
processit is bringing hedge fund risk factors much closer to conventional risk factors.

In terms of performance evauation, with ABS factors, we are now able to answer the following
questions. Let us suppose that hedge fund returns are not risk-free.  Few, if any of us, are willing
to believe that alternative dphais risk-free. What then are the risks inside these dternative aphas?
The answer 1o this question tells us about the systematic risk factors inherent in the hedge fund
drategies. Put differently, it tells us about hedge-fund betas.

In terms of risk management, through these ABS factors, we can relate hedge fund risks to
conventiond assets. Because of this association, we can infer from the performance of the ABS
factors (which has data going back much further in history spanning many more economic cycles)
and will no longer be congtrained by the short history of the hedge fund industry itsdlf.

Findly, in terms of measuring the expected risk and return, we can now directly relate the
assessment of risk and return on hedge funds in a consistent framework with our opinions on
traditiona stocks, bonds and interest rates.

That-- isalot of new ideas to digest. But | have to ask for your patience to go over one more dide
on the limitations of ABS factors before showing examples of how ABS factors work. Like
every theory, ABS factors have limitations. So far, we have only been able to identify ABS factors
for a broad-based category of dtrategies. We cannot, at this point, model very specific strategies.
That's one big limitation.

More work needs to be done but it will take time. Right now, there are researchers working on
cregting ABS factors for convertible arbitrage. | am looking forward to seeing outputs, because it
will help us achieve the following.

Benchmarks for Hedge Funds

Recal from earlier discussons that, if you use traditiona asset categories, stocks, bonds, emerging
markets, currencies, gold---these are standard indices; assuming a bng-only and buy-and-hold
srategy--to explain the hedge fund returns, you won't do well. You will have very low R-squares,
very low explanatory power. Unlike mutua funds, which are typicaly buy-and-hold strategies, the
hedge fund return is distributed toward the zero-R-squared side to the left of the graph as shown in
Exhibit 5.

Whereas gpplying the same standard indices to mutua funds, you will have the explanatory
powers in the order of 70 to 90%. That is not terribly surprising, because mutual funds naturally
buy and hold those types of assts.
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Exhibit 5. R* to Standard Benchmarks: Fung and Hsieh, RFS, 1997
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Exhibit 6. R? to Asset-Based Factors: Fung and Hsieh, 2001
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Cross-Sectional Differences of Hedge Fund Strategies

If we replace these conventiona asset-class indices by ABS factors in the regresson model, we
can get it up to 40 to 50% R-squared as shown in Exhibit 6. | think that is pretty close to the limit
in terms of explanatory power for most models because hedge fund strategies are dynamic cannot
be easily capture by a dationary linear model like this.  The details of those factors can be found
in our second Financid Anayst Journd paper in 2002. Thereis dso areference section at the end

of this presentation.
Exhibit 7 shows how these ABS factors it into a single, unifying scheme of hedge-fund strategies.

Soon after the Long-Term Capitd disaster, the Bank for International Settlement, concerned about

the impact on the banking system, produced a position paper attempting to categorize different
hedge fund strategies into a sngle smplified framework. We extended that framework, to arrive at

the following.
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Exhibit 7. What we know about ABS Factors
BIS 1999, and Fung & Hsieh 2001 (NBER, Seminar)

Market Timing or Long/Short or Spread
Directional Strategies Strategies
High beta to standard asset classes Low betato standard asset classes
I Event-Driven
£ Mitchell & Pulvino _ _
Trend Following | Reversal | : (3. Finance, 2001) i | Equity | | Fixed Income |
Convergence on: Convergefice on:
*Stocks 1. Capitalization Spread 1. Credit Spread
*Bonds 2. Vaue/Growth Spread 2. Mortgage Spread
*Currencies Trend Following: Trend Following:
*Commodities 1 and/or 2 above Credit Spread
Aggrawal & Naik
Fung & Hsieh (Review of (Review of Fiancial Studies, 2003) Fung & Hsieh
Financial Studies, 2001) Fung & Hsieh (J.Fixed Income, 2002)

(working paper, 2003)

In the origina BIS framework, they smply have market-timing or directiona Strategies in one
category, and the long-short or spread drategies in other category. They actudly cdled
“macro-trading’ for directiond, and “relaive vadue” for the non-directionad drategies. By
“directiona” they mean very high beta to the stlandard asset classes, by “relative vaue drategies’
they mean low beta to standard asset classes. What's missng is, of course, the group of
event-driven drategies. The chdlenge is to take this picture and creste a single, unifying
framework of risk factors that captures the characteristics al the hedge fund strategies?

Wall, this is what we have got. For directional strategies--it redly has two mgor components,
trend following and reversas. In genad, maket-timing drategies ae primarily
momentum-driven (trend following) or contrarian-driven (reversd).

In terms of long-short or spread strategies, we can break it down into stocks and bonds to keep it
in line with conventional asset classfications. In the equity area, hedge fund strategies can be
categorized into either following a“convergence” type of approach to trading capitalization spread
(smal cap vs. large cap), or vdue-growth spread (long vaue short growth stocks, or vice versa).
As convergence drategies are primarily following a contrarian approach, the flip side to this will
be a momentum approach to trading these goread vaiables (either capitdization and/or
vaue-growth). References can be found a the end of the presentation.

In fixed-income area, we seeasimilar picture. Y ou are either following a convergence strategy on
fixed-income related spreads variables (e.g. credit soread or mortgage spread), or you ae
following a momentum-driven approach to trading credit. Y ou can find the details of this analyss
inapaper | published with David in Journa of Fixed Income (2002).

Here we have a amplified picture of nearly al hedge fund strategies with their atendant ABS
factors. It perhaps will not surprise you that index producers are beginning to follow a similar
gtructure to this for index construction

Dynamic Behavior of Hedge Fund Investing
All of the above deals with the cross sectiond differences of hedge fund dtrategies. The question
remains, can ABS factors capture the dynamic behavior of hedge fund investing over time? Put
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Exhibit 8. HFR Fund-of-Funds Index Returns (1990-June, 2002)
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differently, can ABS factorstel us, “What are the mgjor bets that large hedge fund portfolios have
placed over the years?’

It turns out that usdng just four ABS factors-stocks (using S&P500), bonds (using constant
maturity 10 years Treasury yidd), and two Soread variables equity capitalization spreads (here we
used the Wilshire Smal Cap minus Large Cap) and credit spread (Moody's BAA minus 10 year
constant maturity Treasury) can do a reasonable job in explaining fund- of-hedge funds return over
time (all of these variables are publicly avalladle).

Exhibit 8 is the output of such a modd--using the performance of fund-of-hedge funds index to
proxy large hedge fund portfolios (the dark blue line is the monthly return series of fund-of-funds
index from HFR) we see the prediction of the four-factor modd (the light blue line is the
prediction of the four-factor mode from 90-94 ) over different time periods. And you can see, during
the earlier period where there are relatively few funds-of-hedge funds and the model is il in learning mode, the
predictions are not very good. When we get to the second period 1995 to 1998 (in the green line) you can see that
themode has picked up most of the monthly return variations of the fund-of-hedge funds index.

There was a regime change in the last period, 1998-2002 and in that final period, the predictions
continued to track closely (red line). More specificadly, bets on narrowing credit spread by
funds-of-hedge funds dropped dramaticaly (by over ten-fold) soon after the LTCM crisis. The
R-squared of the fit between forecast and actual in the second and final periods stayed mostly in
the 0.6 to 0.7 range. It is surprising that only afew systematic risk factors can explain this much

Exhibit 9 shows more recent predictions. This is the four-factor moddl based on the last update
through June 2002. There is, and | am happily to report, an aphaterm. Hedge funds do add vaue
beyond systematic risk — it is gpproximately 60 basis points per month. The ABS beta --- stocks,
equity spread, 10-year treasury for bonds, and credit spread --- are these four numbers.
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Exhibit 9. Out of Sample Forecast: July 2002 to December 2002

Four-Factor Moddl {last update=6/2002}
Alpha 0.60% HFR
Beta 0.23 0.24 -0.71 -0.62 Composite

S&P500  SC-LC 10yr UST| Credit Spd | Forecast = Actual Error
July -7.80% -6.19%  -0.35% 0.12%| -2.55% -2.86% 0.31%
August 0.66% -0.24% -0.37% 0.07%| 0.91% 0.53% 0.38%
September -10.87% 250% -0.51% 044%| -1.26% -1.58% 0.32%
October 8.80% -4.51% 0.30% 0.06%| 1.32% 0.57% 0.75%
November 5.89% 3.14% 0.29% -044%| 2.80% 2.06% 0.74%
December -5.88% 0.40%  -0.39% 0.10%| -0.47% 0.17% -0.64%

Now against the 10-year yield, the number or beta is negative telling us that hedge funds tend to
make money when yields go down or when the bond markets are behaving better. Similarly, when
the credit spread narrows. It dso tdls us that hedge funds tends to perform better in markets with

better economic conditions ---- faling interest rates, compressing or narrowing credit spread, and

risng stock market. Less well, but not necessarily lose money, during bad economic conditions.
There also appears to be a market timing components to this.

This smple four-factor modd only uses static variables. 1t is done this way for smplicity. In
generd, we have found that adding dynamic, trend following varigbles can improve the
explanatory power of the moded (as we found in the ABS factor work we did on fixed-income
drategies). In addition, the model is time varying, in the sense that you do need to update

regularly.

The column of “Forecast” and “HFR Composite Actua” shows you the forecast of our model, and
as an indicator of how the average of industry is doing—using the FoF index as the proxy for the
hedge fund industry. Comparing the model’s forecasts to the returns of HFR composite index of
al hedge funds we can see the forecast errors of the modd. The errors are not big --- in the
region of 20 — 30 basis points per month with the occasiona outlier (but bear in mind that thisis a
gatic example, in actua application, we would update the model monthly). The big advantage
here is that we can update the prediction daily usng market prices and have an estimate of how
well the hedge fund indugtry is doing intra- month.

Organizing Hedge Fund Strategies by Risk Factors

Wha we have just looked a is how a smple four-factor risk-based gpproach can capture the

genera risk characteristics of large hedge fund portfolio’s performance. The next logica step isto

construct benchmarks aong the lines of risk factors. In other words, we can imagine organizing

the myriad of hedge fund strategies by ABS factors—which are based on directly observable

market prices. We cdl this risk-based approach to benchmarking hedge funds.

How does a risk-based gpproach compare to existing hedge fund benchmarks? In a risk-based

framework, we can describe the HFR index or HFR family of indices ashaving its focus on pure

coverage--having as large a database as possible. The implicit assumption here is that when the

database approaches the complete universe of hedge funds, al risk characteristics will be included.

The way HFR communicate risk differences of various funds is by a qualitative style description.
With afocus on database sze, there isn't much due-diligence done to funds that are included in the
database—and perhaps intentionaly so. The price one pays for such an approach is the codt in
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processing the vast amount of data and the array of measurement errors that | mentioned at the
beginning of the seminar. Of course, it would be impractical to invest in a large index like the
HFR composite.

In terms of Credit Suisse/Tremont index, ther focus is to be investable hence ther smaller
database. And in terms of Strategies, it is dependent on quditative styles according to managers
descriptions and the index supplier’ s judgment. The way they include managersinto their database
is a little more sdective than HFR, and because it is a smdler index, they can afford to be more
sdective. However, to go from severd thousand funds (in the case of the HFR database) to less
than a hundred funds (in the case of the CSFB/Tremont) one would need a comprehensive
analysis of how this reduction process is achieved. It is unclear to me precisely how thisis done.

Next, the more interesting index product that were introduced lately. The S&P HF index dso
focuses on investability but their approach has a digtinctive risk dimension to it.  In order to
reduce the unobservable hedge fund universe into a manageeble, investable sze, they employed a
gratified sample technique. This method is similar to what | described earlier as “return-based
dyle” factors. Like dl other atistical methods, there are strength and weakness to the approach
(some of which have been covered earlier in this presentation).

The key point here is the careful reference to the risk dimenson of hedge fund Srategies in the
index congtruction method. The main drength of the S&P approach is the extensive, careful
due-diligence on each manager in the index. Because of the managed account structure of their
investable index, continuing due diligence and index rebaancing should benefit from the greater
trangparency from the underlying hedge fund manages.

In terms of Morgan Stanley Capitd Internationa (MSCI), they too have added risk dimensions to
the way their index construction method. They too have grouped and sorted hedge funds by the
conventional asset classes each manager invests. The emphass on cregting a platform where
customized indices can be easily constructed makes their approach in many ways smilar to the
ABS factors | described. Without the congtraint of investability, the MSCI indices are based on a
broader database of hedge funds. But againg that, the sheer Size of data also limits the leve of
detail the due diligence process on each manager in the database when compared to the S&P
hedge fund index.

S0, there is a gradud convergence of approaches in the market place for developing hedge fund
benchmarks, and it is becoming more and more risk oriented with clear emphasis on being
practical and investable.

In terms of portfolio congtruction, our model suggests that the way we should look at hedge fund
returns is to adjust expected hedge fund returns for the appropriate systematic risk exposure to
ABS factors. The HFR index is smply not designed to do that, and neither is the CSFB/Tremont
index. The S&P Index, on the other hand, is much more closer to using this type of framework.
The MSCI hedge fund index is even closer to a completely risk-based gpproach because of their
focus on flexibility and customized indices designed dong the risk dimension
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