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Abst ract

Thi s paper explores the investnment styles in nutual funds and hedge
funds. The results indicate that there are 39 dom nant mutual fund styles
that are m xes or specialized subsets of nine broadly defined asset classes.
There is little evidence of narket tinin? or asset class rotation in these
dom nant nutual fund styles. There are five dom nant hedge fund styles. Two
are correlated with broadly defined asset classes, while the other three are
dynam c trading strategies on a nunber of asset classes. Thus, a 12-factor
nodel with nine asset classes and three dynanmic trading strategies should
provide a good first step in a unified approach for performance attribution
and style analysis of nutual funds and hedge funds.



1. Introduction

Institutional portfolios typically contain a core holding of stocks to
earn the long termequity premum Consistent exposure to equity is achieved
by hiring traditional managers using a buy-and-hold strategy. Asset
al I ocation achi eves diversification by adding asset classes having | ow
correlation to equity. As the nunber of suitable asset classes is finite,
institutional investors have increasingly turned their interests towards
dynam c trading strategies of alternative managers. The nunber of dynamc
trading strategies is potentially unlimted, so that there are nany nore
opportunities for adding diversification w thout the need for finding new
asset cl asses.

Al ternative managers using dynam c tradi ng strategies cannot be anal yzed
in the traditional approach to performance attribution and style analysis,
whi ch has focused on buy-and-hold strategies. The goal of performance

attribution and style analysis is to divide a fund nanager's returns into two

parts: "style" and "skill". "Style" is the part of the returns that is
attributable to market novenents, while "skill" is the part unique to the
manager .

Up until now, the finance literature has dealt wth performance
attribution and style analysis for traditional buy-and-hold strategies,
associating "style" with "asset class mxes" and "skill" with "security
sel ection". Jensen (1968) inplenented the style/skill deconposition by
regressing a stock mutual fund's returns (R) on the market return (Ry;) and a
risk-free return (Ry):

R =a+bRa +(1-b) Re + u. I

The p coefficient provides the proportions of risky and risk-free assets to

replicate the fund's returns. The constant term (g) measures the manager's
ability to generate returns beyond this static mx of assets. 1In this
deconposition, [(1-p)Ri+bRt] is "style" and [g+u;] "skill."

Shar pe (1992) extended this single factor nodel to a nultiple factor
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framework, and showed that only a limted nunber of major asset classes was
required to successfully replicate the performance of an extensive universe of
U S. nutual funds. The success of Sharpe's (1992) approach is due to the fact
that nost nutual fund managers are typically constrained to buying and hol di ng
assets in a well defined nunber of asset classes and are frequently limted to
little or no | everage. Their mandates are to neet or exceed the returns on a
given m x of asset classes. They tend to generate returns which are highly
correlated to the returns of standard asset classes.? Consequently, stylistic
di fferences between managers are primarily due to the assets in their
portfolios, which are readily captured in Sharpe's (1992) "style regressions.”

Thi s deconposition into style (i.e. asset class mx) and skill (i.e.
security selection) serves two purposes. For each manager, an investor can
verify the source of the manager's performance and di stingui sh between
performance based on security selection versus asset class mx. For the
portfolio, an investor can allocate investnments across managers to achi eve
style (i.e. asset class) diversification

Unfortunately, the success of Jensen's and Sharpe's approach does not
extend to managers who use very dynami c trading strategies, such as hedge fund
managers and comodity tradi ng advisors (CTAs). This is an inportant class of
managers within the category of "alternative nmanagers."” Hedge fund managers
and CTAs typically have mandates to make an absolute return target, regardl ess
of the market environnent.® To achieve the absolute return target, they are
given the flexibility to choose anbng nany asset classes and to enploy dynanic
trading strategies that frequently involve short sales, |everage, and
derivatives. These alternative managers generate returns that have | ow
correlation with the returns of standard asset classes, even if they trade the
same asset classes. Sharpe's (1992) asset class factor nodel does not apply
to them The goal of this paper is to propose an extension to Sharpe's (1992)
asset class factor nodel to allow a uniformtreatnment of buy-and-hold
strategies as well as dynam c tradi ng strategies.

Qur work is based on the intuition that a nmanager's returns can be
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characterized nore generally by three key determ nants: the assets in the
manager's portfolio, directional exposure, and | everage. |In Sharpe's (1992)
nodel , the focus was on the first key determ nant, the "l ocation" conponent of
return, which tells us "where" the manager invests in. The proposed extension
i ncorporates factors that reflect "how a nanager trades"” --- the "directiona
exposure” or |ong/short component of return, and the "l everage" or quantity
conmponent of return. A group of managers with the same investnent style (i.e.
using simlar |everage and directional exposure to the sane assets) should
generate returns correlated to each other, even if the returns are not
correlated with any buy-and-hold strategy. This gives rise to an operationa
definition of "style" in Fung and Hsieh (1997), nanely, that an investnent
style is the common factor in the highly correlated returns of a group of
managers. By extracting these conmmon factors, we obtain the nost popul ar

i nvest nent styles.?

These additional factors extend the concept of style beyond static buy-
and- hol d asset class mxes to include dynamic, |everaged trading strategies,
and provide insight on the strategic difference between "relative return”
versus "absolute return” investnent styles. Just as Sharpe's nodel provides
insight to the asset m x decision when only buy-and-hold styles are
consi dered, the extended nodel provides a framework for anal yzing the asset
m x and tradi ng strategy decisions.

We apply our nodel to 2,525 U. S. mutual funds from Morningstar and 409
hedge funds/CTA funds used in Fung and Hsieh (1997). As in Sharpe (1992), we
find that nmutual fund returns are highly correlated with those of standard
asset classes. |In particular, we do not find corroborating evidence to
Chri st opherson's (1995) critique of Sharpe's (1992) nodel, that it is unable
to accommodat e changi ng asset class mxes. W conclude that the distortion
arising fromnon-stationary paraneters in Sharpe's "style regression” to be of
m nor enpirical consequence, especially when conpared to our results from
hedge funds/ CTAs.

In contrast, we find that hedge fund nmanagers and CTAs generate returns
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whi ch have |l ow correlation to the returns of nutual funds and standard asset
classes. Furthernore, there is a great deal of performance diversity within
hedge funds and CTAs. Wth these managers, paraneter stability does matter as
a natural consequence to the use of dynam c trading strategies and | everage.
To capture this effect, we propose three additional "style" factors to
Sharpe's (1992) nodel. This inproves the nodel's perfornmance significantly.

These results confirmthe intuition that hedge funds and CTAs can
deliver a diversifying set of returns to major asset classes, by bl ending
traditional relative return investment styles with absolute return investnment
styles. Qur extension of Sharpe's (1992) nodel provides a framework for
anal yzing the desired m x between these two styles. However, this new benefit
comes with some added conplications. New tools are needed to assess the
performance and to control new elements of risk that come with an absol ute
return i nvestnent style.

The paper is organized as follows. |In section 2, we begin with a nine
asset class factor nodel simlar to Sharpe's (1992). W call these location
factors. Updates to Sharpe's (1992) results for U S. mutual funds are in
sections 3 and 4. The results show that the nine-factor nodel provides
sati sfactory estimtes of the asset m xes of the dom nant investnent styles
of mutual fund managers.

In section 5, we apply Sharpe's style regressions to hedge funds' and
CTAs' returns. Section 6 discusses the difference between location choice and
trading strategy. Section 7 deals with the common styles in hedge funds and
CTAs. Section 8 contains sone conments on survivorship bias in hedge funds
and CTA funds. Section 9 addresses the inplications of our findings and

provi des some concl udi ng remnarKks.

2. An Asset (O ass Factor Model

We begin with Sharpe's (1992) asset class factor nodel:

R = S« We Fie + ey, (2)

where R is the return on a portfolio, w; the portfolio weight of asset class
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k in periodt, Fg the return of the k-th asset class in periodt, and e is
the error termin the regression. In Sharpe (1992), the choice of asset
classes is nore oriented towards U.S. based funds. 1In this paper, we group
assets into nine classes with a global enphasis. There are three equity
classes: M5Cl U. S. equities, MSCI non-U. S. equities, and | FC energi ng market
equities. There are three bond classes: JP Mdirgan U.S. government bonds, JP
Morgan non-U. S. government bonds, and the Merrill Lynch high yield corporate
bond i ndex. For cash, we use the one nonth eurodollar deposit. For
commodities, we use the price of gold. For currencies, we use the Federa
Reserve's Trade Weighted Dol lar |ndex.?

To determ ne the asset class mx of a mutual fund, Sharpe (1992)

regresses the nonthly returns of the fund on the returns of the asset cl asses:
R =a + Sk bk Fe + U, (3)

where g and b's represent the intercept and sl ope coefficients, respectively,

and u's are the residuals. Here, [ Sc by F¢ ] captures the "style" or asset

class mx, while [ g+u; ] captures the "skill" or security selection of the

manager. Sharpe (1992) showed that this asset class factor nodel is very

effective for a wde variety of nmutual funds.

3. Mutual Fund Performance Attribution

W replicate Sharpe's (1992) result on a |larger sanple of mutual funds.
We run Sharpe's style regression for all open ended nutual funds in the
Mor ni ngst ar dat abase which has at |east 36 nonths of returns. Excluding
muni ci pal bond funds (which are not appropriate for institutional investors),
there are 2,525 funds.® Figure 1 summarizes the distribution of the Rs of
the regressions. |t shows that 73% of the mutual funds have R’s above 0. 80,
and 56% have Rs higher than 0.90. Mitual fund returns are strongly
correlated to standard asset cl asses.

Table 1 provides the distribution of the (statistically) nost

significant asset class in these regressions. Nearly 80% of nutual funds are
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correlated to two asset classes: U S. equities and U S. governnent bonds. In
nore than 99% of the funds, the coefficients of the nost significant asset
cl ass are positive.

These results are very simlar to those in the original Sharpe (1992)
article. The high correlation of mutual fund returns to standard asset cl ass
returns nmeans that performance attribution can be acconplished by finding the
appropriate mx of asset classes to replicate a nutual fund' s performance,
whi ch inplies that choosing the style mx anong nmutual funds is simlar to
determining the asset mx in one's portfolio. It also affords the inference
that rmutual fund performance is largely location driven in the sense that the
underlying strategy, given the choice of nmarkets, is simlar to a "buy and
hol d* strategy. Consequently, where they invest, and nmuch | ess how they

i nvest, is the key determ nant of performance in nutual funds.

4. Asset Allocation and Mitual Fund Styles

In this section, we address the key question: what are the inportant
mutual fund styles and how many are there? 1In principle, there can a style
for each fund. That, however, would not be useful information. Mitual funds
tend to be highly correlated with each other. It is useful to group simlar
funds together and determ ne the domi nant styles, so that an investor can
al l ocate investnents across the dom nant styles.

We use the nethod of factor analysis to determ ne the dom nant styles in
mutual funds. The idea is quite sinple. Funds with the sane style (i.e.
| ocation choice and tradi ng strategy) should have highly correl ated returns.
Factor anal ysis extracts principal components which correspond to the nost
i nportant correl ations across nmutual funds, wi thout the need to specify what
the styles are.

This procedure not only conpl enents, but has an advantage, over Sharpe's
style regression. Factor analysis can detect and extract comon styles,
regardl ess of their correlation with asset class returns. This provides a way

to test for significant style dynamics (e.g. asset class rotation) in nmutua
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funds. If all of the inportant principal conmponents are highly correlated to
asset class returns, then we can claimw th confidence that the dom nant

mutual fund styles are primarily |ocation choices. |If, however, sone

princi pal conponents are uncorrelated to any identifiable asset class, then we
wi || have evidence that trading strategies (including asset class rotation)
are also present. The analysis will provide insight to Trzcinka's (1995)
observation on the enpirical rel evance of style dynam cs anong nutual funds.

Since there are no prior identification rules on what and how nmany
styles there should be, we need sone information beyond nmutual fund returns.
Here we appeal to the qualitative categories used by Mrningstar, which is
basically a crude catal ogue of |ocation choices. W performfactor analysis
on the funds in each of the 33 Morningstar categories (excluding municipa
bond funds). |If each category has a distinctive style, we expect to see no
nore than one main principal conponent. |If that style is a location choice,
we can use the dom nant principal conmponent to identify its |ocation

The results of the factor analysis are in Table 2. It gives the
percent age of cross sectional variation explained by the first five principa
conponents in each category. |In all 33 categories, there is at |east one
i nportant style, as the first principal conponents expl ain upwards of 60% of
the cross sectional variation of returns and are by and large correlated with
t he eight asset cl asses.

Twenty four Mrningstar categories’ (accounting for 85% of the nutual
funds in our sanple) have only one dom nant style, since each category's
second princi pal conponent explains |less than 10% of that category's cross
sectional variation. Each of these 24 dom nant styles has high correl ation
with a well defined asset class, as shown in Table 3. This is strong evidence
that nost mutual funds performas if they follow a buy-and-hold strategy in
wel | defined m xes of standard asset cl asses.

The remai ni ng ni ne Morningstar categories (accounting for 15% of the
mut ual funds in our sanple) have two inportant styles each, since each

category's second princi pal conponent explains nore than 10% of the cross
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section variation but the third principal conponent does not. In these 18
princi pal conponents, 15 have high correlation with well defined asset

cl asses, as shown in Table 3. There are only three principal conponents which
cannot be easily identified with any asset class nmix. Upon closer

exam nation, it turns out that these three principal conmponents cannot be
consi dered dom nant styles, since they correspond to six nutual funds whose
returns are unusually different fromtheir peers.

In total, we have identified 39 dom nant investnent styles in nutua
funds. Mst of these turn out to be specialized subsets or m xes of our nine
broadly defined asset classes. The domi nant tradi ng strategies anong nutua
fund managers are simlar to buy-and-hold strategies. There is no evidence to
suggest that dynamic trading strategies (such as asset class rotations or

market timing) are inmportant in nutual funds.?

5. Hedge Fund/ CTA Performance Attribution

W& now turn to hedge funds and CTA funds. Hedge funds are private
i nvest ment partnershi ps/vehicles in which the managi ng partner/entity is given
a broad investnent mandate. These vehicles are restricted to "sophisticated
hi gh net worth" investors. A commodity trading advisor (CTA) is an individua
or trading organization, registered with the Cormodity Futures Trading
Conmmi ssion (CFTC) through menbership in the National Futures Association
granted the authority to nake tradi ng deci sions on behalf of a customer in
futures, options, and securities accounts established exclusively for the
customer ("managed account”). Until the advent of the diversified futures
pools in the 1980's, CTAs were limted as to what they could trade
(commodities, commodity futures, and futures options). The globalization and
expansion of all markets and reduction in regulatory constraints over the past
years have given CTAs the ability to trade an increasing nunber of
instruments, such as world interest rate, currency, equity, and physica
commodity markets. Therefore, while historically CTAs have been vi ewed

separate from hedge fund managers, over the past ten years the distinction
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bet ween the two has beconme blurred as CTAs have established private investnent
partnerships with broad mandates in al nost any financial market. |In fact, a
nunber of nmanagers have both hedge funds and CTA pools. For the purposes of
this paper, hedge fund managers and CTAs are treated as a single group of
managers, referred to as "hedge funds" in the remai nder of this paper

It is appropriate to coment on the scope of our sanple. Unlike nutua
funds, hedge fund managers are not required to disclose their performnce and
assets under managenent publicly. Futures (February 1995, p. 62-64) estimtes

that there are sonewhere between 1,000 to 2,000 hedge funds, with $100 to $160

billion of assets under managenment at the end of 1994. Although these nunbers
appear to be small in conparison to the nutual fund industry, which has
upwards of 6,000 funds and $2 trillion of assets, on a | everaged basis the

positions taken by a | arge hedge fund often exceed those of the |argest nutua
funds.

Qur hedge fund universe consists of nearly 700 hedge fund prograns and
240 CTA funds, with asset under managenent of $79 billion. Excluded fromthis
uni verse are duplicated funds created for regul atory reasons, which would
overwei ght the style participation in our factor analysis. Excluded are al so
funds of funds, which have considerabl e assets that represent double counting
of asset under managenent. A nmajor source of difficulty in constructing our
sanple is the lack of performance history. This is a natural consequence of
the fact that the majority of funds were started in the 1990s, and many funds
have Iimted assets for prolonged periods. As a consequence, the usable
sanple falls to 409 funds, as we require three years of nonthly returns with
at | east $5m of assets under nmanagenent. This is the sane data set used in
Fung and Hsi eh (1997).

Figure 1 summarizes the style regression results. They are striking
when conpared with those of rmutual funds. Wile nore than half the nutua
funds have R’s above 0.90, nearly half (45% of the hedge funds have R’s bel ow
0.30. Table 1 shows that no single asset class is dominant in the

regressions. Unlike mutual funds, a substantial fraction (22% of hedge funds
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are negatively correlated with the standard asset cl asses.

The evidence indicates that hedge funds are dramatically different from
mutual funds. Mitual fund returns have high and positive correlation wth
asset classes returns, which suggests that they behave as if depl oying a buy-
and- hol d strategy. Hedge fund returns have | ow, and soneti nes negati ve,
correlation with asset class returns. 1In the next section, we provide an
expl anation on the differences between the results of hedge funds versus those

of mutual funds.

6. Two Dinensions of Style: Location Choice and Tradi ng Strategy

It is well publicized that nost hedge funds use many of the sane liquid
asset classes as nutual funds. For exanmple, Quantumwas |long U S. stocks and
short Japanese stocks in the Cctober 1987 stock market crash, short the
British pound in Septenber 1992, |long precious netals in April 1993 (i ncl uding
a 13% stake in Newront Mning), and long the U S.Dollar/short the Japanese Yen
in February 1994.° The fact the Quantumis returns have |low correlation to the
returns of asset classes nmust be due to it's dynam c use of |everage and
choi ce of asset exposure.

To see this, conpare the style regression in equation (3) and the
definition of returns in equation (2). The style regression can attribute a
manager's returns to asset classes only if his returns are correlated to the
asset class returns. Sharpe is clearly aware of this problem He refers to
the style regressions as finding "an average of potentially changing styles
over the period covered" (Sharpe, 1992, p. 3) by the regression

From our earlier discussions, the concept of "style" should be thought
of in two dinensions: nanely location choice and trading strategy. Location
choice refers to the asset classes, i.e., the FFs in equation (2), used by the
managers to generate returns. Trading strategy refers to the direction
(long/short) and quantity (leverage), i.e., the ws in equation (2), applied
to the assets to generate returns. The actual returns are, therefore, the

products of |ocation choice and trading strategy.
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To illustrate this point, consider a manager trading S&P futures
contracts. Wthout |everage, a fully invested position of being consistently
long 1 futures contract (i.e. buy-and-hold) will result in the style
regressi on showi ng a coefficient of 1 on the S& 500 index. |If the manager
| everages up to 2 futures contract, the regression coefficient will be 2.
Conversely, if he is short 1 futures contract, the regression coefficient wll
be -1. However, if he alternates between | ong and short each nonth, the
regression coefficient will be close to 0. 1In this exanple, the location is
the US stock market in all cases. The returns, on the other hand, are very
di fferent depending on the trading strategy. In the first two cases, the
returns are positively correlated with US stocks. In the third case, the
returns are negatively correlated with US stocks. And in the fourth case, the
returns are uncorrelated with US stocks.

This exanple illustrates how return is a function of the location choice
as well as trading strategy. While dynamc trading strategies have been
di scussed in the nutual fund literature, the strategi es enployed by hedge
funds can be very different. 1In the first place, the range of trading
strategies is far greater in hedge funds than in rmutual funds. Market timng
in the nutual fund literature has focused on the ability of managers to tine
the market on the long side. Hedge fund managers can make nmoney on the short
side as well. In addition, hedge fund managers can use derivatives and
conpl ex options, so that the nunber of proxies needed to pick up these trading
strategi es expl odes dramatically.

In the second place, dynamc trading strategi es in hedge funds can
i nvol ve tine horizons shorter than a nmonth. A case in point is George Soros's
Quantum Fund. It is well known that Quantum gai ned 25.5% in Septenber 1992 by
betting on the devaluation of the British Pound. Using nmonthly returns, the
regression of Quantum agai nst the Pound has only an R of 23% Using daily
returns for the nonth of Septenber 1992, the R is only 10% The bet appeared
to have been put on around Septenber 11 and taken off around Septenber 22.

This exanple is typical of the trading styles of many hedge funds, and shows
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that the nunber of proxies needed to pick up very short termdynam c trading
strategies is virtually infinite.

Sinmply put, hedge fund returns are nuch harder to "explain" or replicate
using sinple asset class mxes. They look nore like "selectivity" than
"market timng" in the term nology of the mutual fund literature. Presunably,
this is why investors are willing to pay hedge fund managers sizable incentive

conpensati on based on absol ute performance which is not easily replicable.

7. Hedge Funds Style Anal ysis

In principle, Sharpe's style regression can be extended by addi ng
regressors to proxy the returns of dynamic trading strategies. The success of
this procedure depends on finding the dynam c trading strategies which
replicate hedge fund returns. This is a very difficult task, for the nunber
of dynamic trading strategies may be infinite. In this paper, we take a
di fferent approach. Rather than trying to replicate hedge fund returns wth
specific trading strategies, we determ ne the dom nant styles in hedge funds
by factor analysis.

We factor anal yze the 409 hedge funds as a single group, and we are able
to extract five nutually orthogonal principal conponents, explaining
approxi mately 43% of the cross sectional return variance.' Using the hedge
funds nost highly correlated with these principal conmponents, we construct
five "style factors" whose returns are highly correlated to the principa
components.

This quantitative method of defining investnment styles should be
contrasted with the qualitative method used by hedge fund consul tants, who
cat egori ze hedge funds based on the trading strategi es described in their
di scl osure docunents. To the best of our know edge, there has been no formal
statistical definition of these qualitative styles. Indeed, different
consul tants publish differing "style categories.” Oten, reported returns for
the sane style category will differ across the source, and the sanme manager

can appear in different style categories depending on the source. In fact,
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data vendors frequently regard i nformati on on hedge fund styles to be
proprietary. This paper shows that there exist style categories which are

di scernable in the return data. W are of the viewthat it is what fund
managers do, not what they say they do, that determ nes stylistic differences.
Thus, we focus on the return characteristics rather than the self-described
strategi es provided by hedge fund nmanagers.

For | abeling purposes, however, we have associated nanes to the five
quantitatively identified hedge fund styles that are broadly consistent with
the industry nomenclature. By researching the disclosure docunents of the
funds in each style factor, we identify the five hedge fund styles as:
"Systens/Diversified', "d obal/Mcro", "Value", "Systens/FX', and
"Di stressed".

The term " Systens Traders" is used to describe managers who use
technical trading rules. "Systens/FX' refers to traders who use technica
trading rules on foreign currencies, while "Systens/Diversified" refers to
technical traders who trade diversified markets (typically bonds, currencies,
and comodities). "d obal/Micro" refers to managers who primarily trade in
the nmost liquid markets in the world such as currencies and governnent bonds,
typically betting on macroeconomnm c events such as changes in interest rate
policies and currency deval uations relying nostly on their assessnents of
econom ¢ fundanentals. "Value" refers to traders who buy securities of
conpani es they perceive to be underval ued based on their mcro analysis of the
fundanentals. "Distressed" refers to managers who invest in conpani es near
in, or recently energed fromor in bankruptcy/corporate restructuring.*

To determ ne whether the five style factors are |ocation choices or
dynam c trading strategies, we apply Sharpe's style regression using the nine
asset classes. Two style factors are each correlated with a single asset
class. The "Value" style has an R of 70% agai nst the nine asset classes plus
high yield corporate bonds, and is strongly correlated to U.S. equities (with
a coefficient of 0.95 and a t-statistic of 7.73). This is due to the fact

t hat nost "Val ue" managers have a long bias in U S equities. The
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"Di stressed” style has an R* of 56% and is strongly correlated to high yield
corporate bonds (with a coefficient of 0.89 and a t-statistic of 6.06). This
is not surprising, since "Distressed” managers and high yield corporate bond
funds both invest in conpanies with low or no credit ratings. Furthernore, it
is conmon practice to price unrated, unlisted securities at a spread to the
traded, high yield bonds, which explains the correlation between the

"Di stressed" style and high yield corporate bonds. The two "Systens" style
factors ("Systems/Diversified' and "Systens/FX') have |ow Rs (29% and 17%
respectively) and are not correlated to any of the asset cl asses.

The "d obal / Macro" style is the hardest to interpret. It has an R of
55% and is correlated with US Bonds (coefficient: 0.84, t-statistic: 3.47),
US Dol lar (coefficient: 0.46, t-statistic: 2.43), and the | FC energing market
i ndex (coefficient: 0.15, t-statistic: 2.90). The correlation to US bonds and
the Dollar are not surprising, given highly publicized reports regarding the
bond and currency trades of the 'd obal/Macro' managers in 1993 and 1994.
However, the correlation with the I FC energi ng market index coul d conceivably
be a consequence of spurious cross correlations with other najor asset
cl asses.

A problemwi th the regression approach is that the results are very
sensitive to outliers. The fact that the "d obal /Macro" style is
statistically correlated with three asset markets does not necessarily nean
that it is using a buy-and-hold strategy in these markets. A buy-and-hold
strategy generates returns which have a linear relationship with those of an
asset class, while a dynanmic trading strategy does not. W resort to a
different technique, simlar to nonparametric regressions, to distinguish
bet ween these two trading strategies. In Table 4, we divide the nonthly
returns of each asset class (excluding cash) into five "states" or
"environnment” of the world, ranging fromsevere declines to sharp rallies, by
sorting the monthly returns into five quintiles. The average returns (and
associ ated standard errors) of that asset class, as well as those of the five

style factors, are conputed in each state of the world.
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If a style uses a buy-and-hold strategy in a given asset class, then
it's return in the five states of the world should align with those in the
asset class in a straight line. Using this nmethod, we identify that the
"Val ue" style uses a buy-and-hold strategy in U S. equities. The other four
styles do not use buy-and-hold strategies in any of the asset classes. In
particular, the "Distressed" style is not quite a buy-and-hold strategy in
hi gh yield corporate bonds, because its returns in states "4" and "5" for high
yield corporates are out of line with those of the other states. For the sane
reason, the "d obal /Macro" style does not use buy-and-hold strategies in U S
bonds, currencies, or energing market equities.

If a style uses a dynamic trading strategy in a given asset class, then
it's return should be large (positive or negative) when the underlying asset
returns are at extrenes (i.e. states "1" and "5"). In the case of the
"Systens/Diversified" style, it is nost profitable during rallies in US bonds,
non- US bonds and gold, and during declines in the US dollar. The "Systens/FX"
style is nost profitable during rallies in non-US equities and bonds, and
during declines in the US Dollar. The "d obal/Macro" style is nost profitable
during rallies in Gold, the US Dollar, and emergi ng markets. The |ocations we
have identified are consistent with the disclosure information provided by the
traders. It is inportant to point out that this type of nonlinear, state
dependent return tabulation is helpful only to infer the "location" of a
trading style, but it is not very informative on the nature of the trading
strategi es enpl oyed.

Based on the evidence, it is reasonable to conclude that the "Val ue"
style is highly sensitive to the novenents of the overall U S. equity market.

The "Di stressed” style is also quite sensitive to the performance of high
yi el d corporate bond market. The other three styles are dynam c trading
strategies in a variety of markets. They are not sensitive to the asset
markets in the normal states (i.e. "2", "3", and "4"), but can be sensitive to
sel ective markets during extrene states.

G ven that we are nmeasuring extrene or tail events, there is little hope
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of attaching statistical significance. Indeed, we are making a nuch weaker
statenent. Table 4 shows that there exist nonlinear correlations between
three style factors and sonme of the standard asset classes, which can give
rise to option-like payouts. Figures 2, 3, and 4 illustrate three of the nost
dramati c exanpl es of option-like payouts. Figure 2 shows that the Systens/FX
style has a return profile simlar to a straddle (i.e. long a put and a call)
on US equities. Figure 3 shows that the Systens/Diversified style is like a
call option on gold. Figure 4 shows that the d obal/Macro styl e behaves |ike
a straddle on the US Dol l ar.

Lastly, we examined the correlation between the five hedge fund style
factors and the 39 nutual fund styles in Table 5, to see if the hedge fund
style factors correspond to any of the narrower asset classes used by mnutua
funds. The "Distressed" hedge fund style has a 54%correlation wth high
yi el d corporate bond nutual funds. The "Value" hedge fund style is highly
correlated with growt h, aggressive growth, and small conpany funds. The
"d obal / Macro" hedge fund style is correlated with a variety of nutual funds,
including US and foreign equities, energing markets, US and foreign bonds.

The two "Systens” style have very low correlations to the 39 nutual fund
styl es.

A few remarks are appropriate here. W are not advocating that it takes
only five style factors to conpletely characterize the nyriad of strategies
depl oyed by hedge fund managers. Contrary to the case of nutual funds where
the statistically identified styles account for the lion share of performance
variation, here, the five style factors can only account for 43%of the return
variance of hedge funds. |In the world of private investnments, it is quite
common to have a few "niche" arbitrageurs operating in illiquid nmarkets where
| arge hedge funds would find it unsuitable given their size. Therefore, the
style factors represent the nost "popul ar” trading strategies that can operate
in asset markets with adequate depth and liquidity. |Indeed, the | ack of
dom nant style factors attests to the wealth of performance diversity

avai | abl e anong these managers.
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A different way to illustrate this point is to see how many hedge funds
have "exposure" to the five hedge fund styles. Here, we regress the returns
of each of the 409 hedge funds on six variables: the five style factors plus
the | FC energing market index.' 271 of them have at least 1 statistically
significant coefficient. 78 have exposure to the "Systens/Di versified" style,
67 to "d obal / Macro", 56 to "Value", 74 to "Systens/FX', 43 to "Di stressed"”
and 41 to the I FC energi ng market index.

Notice that there are 138 hedge funds whi ch have no significant exposure
to the five hedge fund styles or enmerging markets. They are candi dates for
what has cone to be known as "Market Neutral" strategies. There is a grow ng
literature on what constitutes a market neutral strategy, its attractive
characteristics and its potential pitfalls (e.g. Lederman and Klein (1996)).

A detailed analysis of this category of trading styles, which often includes
the "Di stressed” style, is beyond the scope of the present paper. However, we
note that return orthogonality to the traditional asset classes is a poor
screening device for market neutral funds. As our exanple in section 6 shows,
a market timng strategy can appear to be uncorrelated to the very asset class
it has directional exposure to, yet market timng strategies are generally not
regarded as "market neutral”. A better screening device is to require a

mar ket neutral fund to be orthogonal to the popul ar hedge fund styles as well
as the traditional asset classes. Qur analysis shows that three hedge fund
style factors (i.e., "Systens/Diversified", "Systens/FX', and "d obal / Macro")
appear to use market timng strategies in various asset classes, so that they
have directional exposure even if they are uncorrelated to the asset classes
on average. Hedge funds correlated to these styles are not market neutral

In addition, two other hedge fund styles ("Value" and "Di stressed") are
correlated to, respectively, US Equity and H gh Yield Corporate Bonds. Hedge
funds correlated to these styles are also not market neutral. Beyond using
correlation as a screening device, truly market neutral funds should not have
excessi ve exposures to traditional asset classes in extreme noves. For

exanple, a typical "duration neutral™ fixed incone strategy may have no
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correlation to normal novenments in interest rates, yet have directiona
exposure to extrene novenents (see Fung and Hsieh (1996) for details).
Limting the amount of tail exposure, as done in Table 4, is also a good
device to screen for nmarket neutral funds.

In terms of portfolio diversification, three hedge fund styles seem
particularly interesting to institutional investnments with |arge core hol di ngs
in US equities. Table 4 shows that Systens/Diversified and Systens/FX tend to
have | arge positive returns during the [ argest down nonths in stocks. Fung
and Hsieh (1997b) show that this happens fairly regularly. These two styles
shoul d add diversification. |In addition, the "market neutral"™ hedge funds
(which are uncorrelated with standard asset classes as well as the five hedge
fund styles) tend to generate steady positive returns regardl ess of the

performance in stocks. They should also add to diversification

8. Survivorship Bias

Qur hedge fund sanple contains mainly funds which are in operation as of
Decenmber 1995, as we are unable to obtain returns of nost hedge funds which
ceased operation. This creates potential survivorship bias in our analysis.
There are at least two problens: fund survivorship and style survivorship.

Fund survivorship refers to the problemthat the true performance of
hedge funds may be overstated by the historical returns of the funds in our
sanple. The presunption in the finance literature is that poor performance
leads to a fund's dissolution. This nmeans the returns of the surviving funds
are upwardly biased estimates of the returns of all funds. For this reason
we have avoi ded di scussing the actual returns of the funds in our sanple,
until we obtain a proper estimate of this upward bias in hedge fund
per f or mance.

Survi vorshi p bias has been studied extensively in the nutual fund

literature. For exanple, Ginblatt and Titman (1989), Brown, Goetznman
| bbot son, and Ross (1992), Brown and Goetzman (1995), and Mal ki el (1995) found

this bias to be 50-150 basis points per year in nutual funds.
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It is exceedingly difficult to estimate the upward bias in average
performance of hedge fund due to survivorship bias, because the popul ati on of
hedge funds is unknown. Unlike mutual funds, hedge funds need not register
with the Securities Exchange Conm ssion, nor does a hedge fund industry
associ ation exi st that can docunment the entry and exit of funds. Fung and
Hsi eh (1997) argued theoretically that the survivorship bias in hedge funds
may be either higher or lower than that in nutual funds, given that hedge
funds typically have a capacity constraint which | eads to dimnishing returns
to scale. Thus, the performance of surviving funds (which tend to be |arge)
may not be much higher than the performance of dissolved funds (which tend to
be small).

Fung and Hsi eh (1997b) obtai ned di ssol ved CTA funds from Tass Asset
Managenent. They found that the survivorship bias of CTA funds is 342 basis
points per year, quite a bit higher than nutual funds.® Linmited evidence
suggest that hedge fund survivorship bias is smaller, even though hedge funds
are simlar to CTA funds in ternms of conmpensation structure and return
characteristics.

Style survivorship refers to the problemthat the styles of surviving
funds are different fromthe styles of deceased funds. The presunption is
that if an investnment style suffers poor performance over a prol onged period,
that style nmay di sappear because funds using that style will either cease
operation or shift to a different style. A classic exanple is the "short
selling" style, which has virtually vanished during the bull market in stocks
over the last fifteen years. Style survivorship nust be studied on a style by
style basis. For CTA funds, Fung and Hsieh (1997b) found that there is a
single CTA style, which persists through the entry and exit of individual CTA

funds. Simlar analyses have to be carried out for the other styles.

9. Inplications
In this paper, we analyze investnment styles in nutual funds and hedge

funds. W have shown that there are 12 inportant investnment styles --- buy-

-19-



and-hold in nine asset classes and three dynamic trading strategies. There
are a nunber of inplications. |In ternms of performance attribution and style
anal ysis, we have extended Sharpe's style factor nodel. A style regression
usi ng these 12 variabl es shoul d produce reasonably high R**s in at |east 85%
of mutual funds and perhaps 40% of hedge funds. W believe that this provides
a good starting point in performance attribution and style analysis that can
cope with both relative as well as absolute return managers.® In terns of
portfolio construction, the investor can now all ocate across both | ocation
choi ces and tradi ng strategies.

There are, however, conplications in portfolio construction and risk
managenent arising fromthe use of dynanmic trading strategi es which do not
exi st under a static buy-and-hold type of trading strategy. For the
traditional portfolio which focuses only on the "l ocation" aspect of style
managenent, portfolio risk managenent is straight forward. The asset
al l ocation decision selects the portfolio' s exposure to each asset class and
sets the relative return targets. To ensure that the manager sel ection
process preserves the target asset mx, we can apply Sharpe's "style
regression” to each manager. Fromthis, the investor can "predict" whether a
particular mi x of managers' styles is likely to deliver the target asset mx's
performance. |In terns of continuing assessnment and performance attribution
when a manager's returns deviate substantially fromthe original prediction
(both on the upside and the downside), the investor has a framework to
det erm ne whether a manager's style has changed or excess perfornmance
("al pha") has been achi eved.

For the portfolio which includes dynamc trading strategies, portfolio
construction and ri sk nanagenent are potentially nore conpl ex, depending on
the investor's risk preferences. Suppose an investor has quadratic
preferences. Here, standard nean-vari ance tools are appropriate for asset
al l ocation and risk managenment. W can show that the dynam c trading
strategi es can inprove the performance of a traditional stock-bond portfolio

wi t hout substantially increasing its risk. For exanple, a portfolio of 60% US

-20-



equities and 40% US bonds has an annual i zed nmean return of 11.55% and
annual i zed standard devi ati on of 7.97% between 1990 and 1995. By shifting 50%
of the portfolio into the three dynam c trading strategies with equal weights,
the annual i zed nmean return increases to 15.92% and the annual i zed standard

devi ation decreases to 7.10% This is an econom cally significant benefit.

For investors with non-quadratic preferences, nean-variance tools are
i nappropriate for portfolio construction and risk managenent, because sone of
the style factors involving dynam c trading strategies exhibit highly non-
normal distributions.” Furthernore they may have nonlinear correlation with
t hose of the nine buy-and-hold styles. Portfolio construction and risk
managenment mnust take into account investor preferences and the joint
distribution of the 12 investnment styles.

The proper technique for portfolio construction when investors have non-
quadratic preferences is a subject beyond the scope of this paper.'® W can
however, illustrate how it may differ fromthe nean-variance approach
Suppose an investor is willing to give up sone of the gains in a strongly
rising stock market in order to reduce the downside risk in a rapidly falling
one. This type of option-like payout profile (simlar to that of a "portfolio
i nsurance" strategy) is generally not available fromtraditional nmanagers.

For exanple, consider Table 5 under the columm "Systens/Diversified." This
particul ar style underperforned seven of the eight non-cash asset cl asses
during major rallies or extrene positive states. However, it delivered
positive performance in the states when extrenme negative outcones were
recorded in equities and bonds, which constitute the core of nost

institutional portfolios. An equally weighted portfolio of the three dynamc
trading strategi es can deliver superior performance in the states when extrene
negative outcones were recorded in the 4 equity and bond asset classes. Thus,
bl ending the three dynamic trading strategies to traditional managers can
provi de sone down side protection.

For exanple, take an investor who is highly averse to negative returns.

The traditional 60/40 stock/bond portfolio suffered a maxi num nonthly | oss of
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5.93% during the 1990-95 period. |If 40% of that portfolio is replaced by an

equal ly weighted portfolio of the three dynam c trading strategies, the

maxi mum nmont hly | oss woul d be reduced to 2.79% For this investor, the latter

portfolio would strongly dom nate the traditional 60/40 stock/bond portfolio.
In other words, it is possible to achieve option like return profile

(relative to standard bench marks) with direct investnment into existing hedge

funds.

Ri sk managenment in the presence of dynanmic trading strategies is also
nmore conpl ex, regardl ess of investor preference. Hedge fund managers have a
great deal of freedomto generate returns which are uncorrelated with those of
asset classes and traditional fund nanagers. This diversification cones at a
cost. Care nust be taken to ensure that proper infrastructure is in place to
operate broad i nvestnent nandates involving a wi de range of financial
instruments. Another inportant elenment of risk is that, periodically, the
portfolio can becone overly concentrated in a small nunber of narkets.

As an exanple, take a portfolio with exposure in three markets: US
equities, US bonds, and non-US bonds. A part of the portfolio is managed
traditionally, using buy-and-hold strategies. The renmainder is in hedge funds
allocated in the three styles with dynamc trading strategies. Suppose a
steady trend develops in the international bond nmarkets, as was the case in
1993. The "d obal / Macro" traders woul d have been | ong and | everaged. The
"Systens/ FX' and "Systens/Diversified' traders would have been |long as well,
to take advantage of the trend. By Decenber 1993, the portfolio could have
been highly concentrated in non-US bonds. It would have nade a | ot of noney
in 1993. But when the world bond market declined sharply in 1994, the
portfolio would have lost a |lot of noney. W refer to this phenonenon as
"diversification inmplosion.” The intuition here is that, although style
exposures are still diverse, market exposures can converge.

In conclusion, the enpirical results point to diversification benefits
fromincluding a particular class of absolute return nanagers, e.g., hedge

funds, into the asset mx. However, there is also an inplicit cost. The
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flexibility in hedge fund managers' investnent mandate allows themto deliver
a diversifying set of return characteristics. But "freedom has its price.

An investor using managers with dynam c tradi ng strategies should take steps
to reduce the chance of diversification inplosion and exposure to extreme or
tail events. This calls for greater efforts in due diligence, portfolio
construction, and risk nmonitoring. 1In this paper, we outline sone tools to
extend traditional "style" analysis to alternative nanagers enpl oyi ng dynamc
trading strategies. Hopefully this would provide an anal ytical framework for
managi ng portfolios with a wider diversity of styles than traditional nanagers

enpl oyi ng buy-and-hol d strategies.
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Foot not es:

1. This deconposition is anal ogous to the capital asset pricing nodel, in
which the returns of a security is deconposed into a market return and an
i di osyncratic return.

2. Mitual fund managers are conpensated based on the anmount of assets under
managenent. Since mutual fund inflows have been going to the top rated funds,
rated according to their respective benchmarks, managers have incentive to

out performtheir benchnmarks.

3. Hedge fund managers and conmmodity tradi ng advi sors derive a great deal of
their conpensation fromincentive fees, which are paid only when these
managers make a positive return. In addition, a "high watermark” feature in
their incentive contracts require themto make up all previous | osses before
an incentive is paid. Thus these alternative nanagers are called absol ute
return nanagers.

4. These factors are anal ogous to the factors in a nmulti-factor nodel of
i ndi vi dual equities.

5. The eight asset classes are different fromthose in Sharpe (1992).

Shar pe's asset classes are predom nated weighted towards U S. securities. He
uses several U S. stock returns --- large cap growth, |arge cap val ue, and
small cap. Their differences are rather small, when conpared to broader and
nore gl obal asset classes, such as gold, emerging market equity, etc. Since
t hese asset classes are inportant in the hedge fund universe, and since we
need to restrict the nunber of asset classes in our regressions, we have

sel ected the broader, nore global, indices. In addition, we have omtted rea
estate and venture capital, because these assets are not inportant in nutua
funds, hedge funds, and CTAs.

6. The results would not change if we add in rmunicipal bond nmutual funds after
addi ng nuni ci pal bonds as a tenth asset cl ass.

7. Categories #2 through 11, 13 through 17, 19, 25, 27, 28, 29, 32, 33, 34,
and 36.

8. This is not to say that there exist no nutual funds which rotate
frequently between asset classes, thus generating parameter instability in
Sharpe's style regression. One would expect to fund market timng styles in
"asset allocation” funds. Even in this category, the dom nant style is a buy-
and-hol d m x of stocks and bonds.

9. See Barron's (Nov. 2, 1987 p. 35-36), Forbes (Nov. 9, 1992, p. 40-42),
Barron's (May 17, 1993, p. 53), and Futures (Apr 1994, p. 24-28).

10. W omitted funds specializing in energing markets, since there is linmted
opportunity to enploy dynamc trading strategies in energing narkets.

Emer gi ng markets do not have sufficient liquidity to allow managers to get in
and out quickly, and many have prohi bitions agai nst short sales. Above all
avai |l abl e performance history is sketchy. Since our sanple of hedge funds
have returns over different time periods, the factor analysis was conducted on
297 funds which had returns over a common 36 nonth period. W standardized
the returns for each fund so that they all have nean zero and vari ance one.
This renoves differences in variances caused by | everage differences. (For
exanpl e, two funds enpl oyi ng the exact sane trading strategy but different

| everage will have different return variances.) Principal conponents is
performed on the standardi zed returns. The first five principal conponents
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expl ain, respectively, 11.87% 10.00% 9.42% 6.35% and 4.93% of the cross
sectional return variance.

11. We actually rotated the first five principal conponents slightly, to
allow us to better interpret the data. The five "style factors" represent
investible returns on five portfolios of hedge fund managers which cl osely
replicate the five rotated factors. This is done as follows. For each
factor, we forma portfolio using hedge funds/CTA pools which are correl ated
only to that principal conponent. The portfolio weights are chosen so that
the portfolio returns have maxi mal correlation with the corresponding

princi pal conponent. Short sales constraints are inposed since it is not
possible to sell short hedge funds and CTA pools. The correlations of the
five style factors to the correspondi ng principal conponents are all above
93% We use the nmaximal correlation portfolio, rather than the optinmal nean-
variance tracking portfolio, because the principal components and the rotated
factors are based on standardi zed returns, while the style factor portfolios
are based on the actual returns.

12. W have investigated the stationarity of these style factors by dividing
the data into two subperiods. Basically, the principal conponents are
unaffected. However, the styles factors are sonmewhat affected, perhaps
because traders have changed styles, or perhaps because of statistica
vari ati ons.

13. W are aware of a nunber of trading strategies which are not captured by
the 5 domi nant style factors. There are short sellers who only short

equities. There are also traders who specializes in spread trading, such as
(i) warrants versus stocks, (ii) convertible securities versus stocks, (iii)
the short end versus the Iong end of the yield curve, (iv) nortgage securities
versus governnent securities, (v) interbank swaps versus governnent

securities. These strategies do not show up as dom nant styles, because there
are only a small nunber of players in each strategy.

14. W add the | FC energi ng market index because we omtted the hedge funds
whi ch invest in emerging nmarket securities in the factor analysis.

15. Using annual returns, Brown, Goetzman, and |bbotson (1997) found simlar
results in of fshore hedge funds.

16. Since the three dynami c trading strategies exhibit nonlinear correlation
with the 8 non-cash asset classes, it is picking up sone of the Jensen's

al phas when only the buy-and-hold strategies are used. See, for exanple,

d osten and Jagannat han (1994). The main difference between our approach and
that of d osten and Jagannat han (1994) is that the factor anal ysis does not
pre-specify the underlying assets to which the dynamic trading strategies are
rel ated. The factor analysis could have picked up an inportant hedge fund/ CTA
i nvestment style using an asset class which is statistically independent of
the 8 non-cash asset classes. The fact that the inportant hedge fund styles
are either linearly or nonlinearly correlated to the 8 non-cash assets

i ndicates that this is not so. W could not have known this before the factor
anal ysi s was perfornmed.

17. The 39 nutual fund domi nant styles are typically normally distributed.
The medi an kurtosis is 2.84, and the largest kurtosis is 5.81. 1In contrast,
the 5 hedge fund style factors are substantially nore non-nornally

di stributed, having kurtosis of 3.22, 4.29, 2.64, 6.66, and 7.32.

18. Fung and Hsieh (1997c) showed that nean-variance anal ysis may be usefu
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in portfolio construction involving hedge funds but not risk managenent. This
extends the results in H aw tschka (1997) and Levy and Markowitz (1979) for
nmut ual funds.

-28-



Table 1
Distribution of the Mbst Significant Asset C asses
Havi ng Positive or Negative Signs

Mut ual Funds Hedge Funds
>0 <0 >0 <0

20% 1.96%
00% 11.00%
04% 10.76%
00% 5.13%
16% 8. 56%
00% 7.33%
32% 8.31%
00% 11.49%
00% 13.20%
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N
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COOO00000o
NRERPRPRPOOOHRK

N

S

>

59% . 20%

1 nonth Eurodol | ar deposit.

London p. m gold.

MSCl US equity index.

MSCl Non-US equity index.

JP Mbrgan US governnent bond i ndex.

JP Mbrgan non-US gover nment bond i ndex.
FRB dol | ar i ndex.

| FC energi ng mar ket index.

Merrill Lynch high yield corporate bonds.
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Table 2
Percent age of Cross Section Variation Expl ai ned
By the First Five Principal Conponents
in the 37 Morningstar Categories

OCO~NOUITRARWNPEF

Cat egory # of Princi pal Conponents Styl e Regression
of Prin Component #1
Si gni fi cant
Funds #1  #2 #3  #4 #5 R Asset O ass

Adj. Rate Mag. 37 78% 13% 2% 1% 1% 53% ED

Aggr Growt h 52 77 4 2 2 1 57 USEQ
Asset All oc 56 72 7 4 3 1 95 USEQ

Bal anced 134 81 4 2 1 1 94  USEQ
Convert Bond 23 78 6 3 2 1 74  USEQ
Corp Ceneral 191 92 2 1 0 0 98 USBD
Corp H Qty 123 92 1 1 0 0 99 USBD
Corp H Yid 72 83 4 2 1 1 58  USBD
Div Emerg Mts 8 92 2 1 1 0 94 | FC

Equi ty-1nc 67 82 4 2 1 1 94  USEQ

Eur ope 19 85 4 2 1 1 82 NUSEQ
For el gn 124 76 12 2 1 1 95  NUSEQ

G ow h 447 80 3 2 1 0 82 USEQ

G owt h-1nc 262 82 3 2 1 1 96  USEQ

Gvt Ceneral 189 90 2 1 1 0 99 USBD

Gvt Mortgage 79 86 7 1 0 0 91 USBD

Gvt Treasury 48 90 4 1 0 0 95  USBD
Mul t - Asst d bl 27 58 24 5 3 1 88 @GOLD
Miul t - Sect Bond 23 83 5 3 1 1 89 USBD
Pacific 32 65 28 1 0 0 85 | FC
Smal | Conpany 176 75 5 2 1 1 56  USEQ

Sp. nm 9 78 10 4 3 1 64  USEQ

Sp. Fi nanc 13 81 8 3 2 1 62 USEQ

Sp. Health 13 84 5 2 1 1 47 USEQ

Sp. Metals 29 89 5 1 0 0 80 @GOLD

Sp. Nat. Res. 21 68 15 3 2 1 75  NUSEQ
Sp. Real Est 7 76 17 3 1 0 28  NUSEQ
Sp. Tech 14 79 9 3 2 1 42 USEQ

Sp. Unal i gned 16 58 9 6 5 4 75 USEQ

Sp. Uil 35 85 6 1 1 0 73  USBD

ST World Inc. 29 47 23 9 7 2 51 DOLLR
World 66 80 4 3 2 1 90 NUSEQ
Worl dwi de Bond 71 52 21 8 4 2 80 | FC
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CoOoO~NOUTRWN =

Identification of the Mitual

Cat egory

Adj . Rate Mg.
Aggr Growth
Asset Alloc
Bal anced
Convert Bond
Corp Ceneral
Corp H Qty
Corp H Yld
Div Energ Mts
Equi ty-1Inc

Eur ope

For ei gn

Gow h

G ow h-1nc

Gvt Cener al
Gvt Mortgage
Gvt Treasury
Mul t- Asst G bl

Mul t - Sect Bond

Pacific

Smal | Company
Comm

Fi nanc
Heal t h
Met al s
Nat. Res.
Real Est
Sp. Tech

Sp. Unal i gned
Sp. Ui

ST Wrld Inc.

VWorl d
Wor | dwi de Bond

# of
Funds

37

Pri nci pal
Conponent

Table 3

Fund Pri nci pal
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Conponent s:

Asset (C ass

None

Two Year
Russel |

a

Not es
2000

S&P 500
S&P 500

Merrill

Convert Bd

SB Corp
JPM US Govt

Merrill

| FC

H gh Yield

S&P 500

MsCl
MeCl
MeCl

Russel |

Eur ope
Worl d

Lati n Amer
2000

S&P 500

JPM US Govt
SB Mort gage
JPM US Govt

MeCl
Gol d

Merrill

MsCl

N kkei
Russel |

VWrl d
H gh Yield
Asi a Ex Japan

225 in $
2000

DJ Communi cati ons
None °

DJ Fi nance

DJ Medi cal / Bi ot ech
DJ Preci ous Metal
DJ Energy

DJ Basic NMateri al
NAREI T | ndex

None ¢

DJ Technol ogy

DJ Cycli cal

DI Wility

JPM Emerg Mkt

Bd

JPM Non US Bonds

MsCl

JPM Emerg Mkt
JPM Non

Eur ope
Br ady
US Bonds

1991- 1995

Correl ation
Coeffici ent



Table 3 (cont.)

Not e:

a) This principal conponent corresponds to the three ASTRA funds (ASTRA Adj
Rate Secs I, I-A and Il), which experienced |arge |losses in Dec 94, Jan 95,
and Cct 95.

b) This principal conponent corresponds to only one fund.

c) This principal conponent corresponds to two funds, Evergreen d obal Rea
Estate Equity Y, and Tenpleton Real Estate Security I, in this category. This
i s perhaps because of their global nature, as opposed to the U S nature of
the other REIT funds.

-32-



Table 4
Returns of Hedge Fund Style Factors
Across Different Market Environnents: Jan 1991-Dec 1995
(in percent per nonth)

Envi r onnent Sys/Div d obal / Mac  Val ue Sys/ FX Di stressed
Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D.
Envi ronnent: US Eqty
1 -2.82|0.29 1.62|0.99 -0.82]0.62 -1.98|0.61 1.45|1.26 1.56| 0. 38
2 -0.05/0.19 0.21]1.08 2.14|0.42 0.17|0. 54 1.71]0.82 2.08|0.72
3 1.59|0.11 1.56|1.09 1.87| 0. 69 1.58/0.51 -0.77]0.51 1.72|0.47
4 3.04|0.12 0.31| 1. 36 1.42]|0.29 3.74/0.88 1.91]1.70 1.56| 0. 36
5 5.13/0.59 1.51]1.91 1.67|/0.44 5.19/0.80 0.50]|1.55 1.86| 0. 53
Envi ronnent: Non-US Equity
1 -5.16/0.42 1.60| 1. 29 0.50/0.55 -0.92|1.02 2.45|1.59 1.52|0.45
2 -1.77]|0.22 1.05|1.29 1.25|0.75 1.84/0.70 -1.19|0.93 1.51]0.31
3 0.81]0.15 -0.82[0.89 0.90] 0. 42 1.88/0.70 0.00/0.70 2.33]|0.62
4 3.35/0.19 1.49|1.25 1.85/0.54 2.42|0.81 -0.40/0.56 0.96]0.34
5 6.99|0.50 2.28]1.73 1.93/0.66  3.43|1.17 3.82/1.58 2.36/0.58
Envi ronnent: US Bond
1 -0.95/0.18 0.07|/0.96 -0.49|0.66 1.11]1.13 -1.18|0.70 1.00] 0. 42
2 0. 21| 0. 07 0.03| 1.04 1. 42| 0. 67 1.95/1.10 -0.14|0.61 2.09|0.64
3 0.79|0.05 2.07]1.19 1.62|0.49 2.31]1.01 2.75/1.75 2.26|0.73
4 1.36|0.05 0.21|1.37 2.02|0. 36 1.11]0.73 1.08|0.85 1.57|0.25
5 2.25/0.16 3.72|1.61 1. 80| 0. 57 2.31/0.96 2.14|1.59 1.90| 0. 36
Envi ronnent: Non- US Bond
1 -2.89|0.52 0.99| 1. 26 1.61]0.43 1.31]1.12 0.77]1.73 1.77]0.50
2 -0.11)0.112 -1.09|0.81 0.92]/0.78 2.54/0.94 -1.24[0.29 1.72]0.55
3 1. 05| 0. 07 0.84|1.34 1.14|/0.60 0.90[0.91 0.27/0.40 2.38|0.76
4 2.12|0.11 1.96|1.13 1. 07| 0. 67 1.37|/0.73 0.46|0.88 1.62|0.42
5 4.52|0.49 3.39|1.61 1.63/0.54 2.67|1.17 4.40|1.60 1.33|0.20
Envi ronnent: US Dol | ar
1 -3.33]0.27 3.55]1.61 0. 81| 0. 50 1.53]1.14 5.58|1.28 1.35|0.20
2 -1.53|0.10 -0.69|1.26 0.14]0.81 1.85/1.00 -0.46|0.79 1.56| 0. 42
3 -0.34|0.08 0.57/1.04 0.95|0.40 1.94|/0.73 -0.75|0.44 1.19|0.43
4 1.26|0.16 0.68/1.25 2.24|0.59 0.98/0.72 -1.04|0.49 2.63|0.60
5 4.48]|0.58 1.26]1.18 2.29/0.43 2.34|1.22 1.47|1.73 2.14|0.66
Envi ronnent: Gold
1 -4.06]0.45 0.16] 1. 49 1.27/0.63 2.44]1.10 0.74]/1.60 0.86]0.35
2 -1.20/0.11 0. 38| 1. 56 1. 40| 0. 22 3.52|1.04 1.03|1.57 2.61|0.64
3 0.03/0.08 0.09| 1.08 1.20|0.41 0.29|0.62 0.44[0.93 1.32|0.33
4 1.33|0.20 1.23]1.16 0.37]0.88 1.35/1.05 0.39/0.95 2.17|0.66
5 4.27]|0.38 3.58/1.04 2.15/0.62 1.31]0.82 2.00[1.04 1.89| 0. 36
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Table 4 (cont.)
Returns of Hedge Fund Factors
Across Different Market Environnents

Envi r onnent Sys/Div d obal / Mac  Val ue Sys/ FX Di stressed
Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D. Mean| S. D.

Envi ronnent: | FC Energi ng Markets

1 -4.80/0.71 1.29|1.32 0. 38| 0. 82 0. 34| 0. 94 1.25/0.95 0.55]0.18
2 -1.59|0.19 1.77|0.77 0. 81| 0.55 1.01]1.07 2.42|1. 22 1.44]0. 33
3 0.56/0.14 1.14]1.02 1.17|0.42 2.23|0.77 1.46/1.40 2.08]|0.41
4 2.76|0.22 0.70|1.48 1.47|0.41 1.57/0.74 -0.27/0.46 2.26/0.72
5 8.52|1.33 0.37|1.84 2.56|0.59 3.45|1.12 -0.42|1.61 2.38|0.55
Environnent: High Yield Corporate Bonds

1 -0.49]0.30 1.19/0.96 -0.98/0.58 -0.09/0.83 -0.22/0.63 0.36]0.22
2 0. 80| 0. 05 0.47|/1.05 2.17|0.58 1.63/0.81 -0.11]0.72 1.38]0.18
3 1.24]0.083 1.81]1.71 1.71]0.49 2.16|1.25 3.67|1.57 1.61]0. 24
4 1.80]0.08 1.84|1. 34 1.83|0.51 1.47|1.01 1.27]0. 84 1.57| 0. 44
5 3.55/0.49 0.80|1.38 1.64/0.46 3.63]/0.74 0.05]1.74 3.90/0.70
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Table 5
Correl ati on Between Mutual Funds Principal Conponents and
Hedge Funds Princi pal Components: 1993-1995

Mut ual Fund Hedge Funds P.C
Cat egory P.C Sys/Div d obal Val ue Sys/ FX Di stressed

1 Adj. Rate Mg. 2 0.16 0.19 0.11 0.04 0. 38

2 Aggr Gowh 1 -0.33 0. 39 0. 95* -0.14 0.17

3 Asset Aloc 1 -0.08 0. 54* 0. 75* -0.11 0.31

4 Bal anced 1 -0.12 0. 53* 0. 78* -0.12 0. 30

5 Convert Bond 1 -0.16 0. 52* 0. 85* -0.06 0. 46*

6 Corp General 1 0.12 0. 56* 0.28 -0.03 0. 38

7 Corp H Qty 1 0.12 0. 53* 0. 26 -0.03 0. 36

8 Corp H Yld 1 0.02 0. 53* 0. 41* 0. 05 0. 54*

9 Dv Emerg Mts 1 0.09 0. 66* 0. 40 -0.25 0. 36

10 Equity-Inc 1 -0.08 0. 50* 0.71* -0.07 0. 30
11 Europe 1 -0.14 0. 46* 0. 59* -0.14 0.28
12 Foreign 1 0.02 0. 60* 0. 56* -0.07 0. 36
2 -0.09 0.24 -0.02 -0.35 0.09

13 Gowh 1 -0.25 0. 42* 0. 94* -0.14 0.22
14 Gowth-Inc 1 -0.15 0. 45* 0. 81* -0.11 0.24
15 Gvt CGeneral 1 0.11 0. 54* 0. 27 -0.03 0.34
16 Gvt Mrtgage 1 0.09 0. 50* 0.34 -0.02 0. 39
17 Gvt Treasury 1 0.14 0. 50* 0.17 -0.07 0. 26
18 Mult-Asst Gbl 1 0.18 0. 68* 0. 62* 0.08 0. 53*
2 0.34 -0.16 -0. 44* 0. 36 0.13

19 Mult-Sect Bond 1 0.13 0. 68* 0. 44* -0.03 0. 47*
24 Pacific 1 0.19 0. 58* 0. 45* -0.03 0.32
2 -0.07 -0.20 0.03 0.31 0.13

25 Snal | Conpany 1 -0.30 0. 37 0. 95* -0.13 0.17
26 Sp. Comm 1 -0.20 0. 53* 0. 81* -0.13 0. 27
27 Sp. Financ 1 -0.08 0.35 0. 58* -0.06 0.34
28 Sp. Health 1 -0.33 0.34 0. 64* -0.18 -0.17
29 Sp. Metals 1 0. 29 0. 39 0. 30 0.21 0. 44*
30 Sp. Nat. Res. 1 0.18 0. 42* 0. 56* 0. 15 0. 42*
2 0.23 -0. 26 -0.32 0.24 -0.15

31 Sp. Real Est 1 0.04 0.23 0. 48* -0.20 0. 38
32 Sp. Tech 1 -0.35 0.19 0. 89* -0.07 0. 15
33 Sp. Unaligned 1 -0.23 0. 46* 0. 89* -0.09 0. 38
34 Sp. Uil 1 0. 00 0. 53* 0. 37 -0.12 0.22
35 ST Wirld Inc. 1 0.05 0. 58* 0.12 -0.19 0.11
2 0.23 -0.11 0.16 0.34 0.33

36 Wrld 1 -0.05 0. 60* 0. 74* -0.11 0.34
37 Worldw de Bond 1 0. 29 0. 75* 0. 39 -0.04 0.35
2 0.08 -0.15 0. 20 0. 41* 0.10

* Statistically significant at the 1%two-tailed test.
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Figure 1. Didribution of R-squares Vs As Classs
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