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Hedge-Fund Benchmarks: Information
Content and Biases

William Fung and David A. Hsieh

We discuss the information content and potential measurement biases in
hedge-fund benchmarks. Hedge-fund indexes built from databases of
individual hedge funds inherit the measurement biases in the databases. In
addition, broad-based indexes mask the diversity of individual hedge-fund
return characteristics. Consequently, these indexes provide incomplete
information to investors seeking diversification from traditional asset
classes through the use of hedge funds. The approach to constructing hedge-
fund benchmarks we propose is based on the simple idea that the most direct
way to measure hedge-fund performance is to observe the investment
experience of hedge-fund investors themselves—the funds of hedge funds
(FOFs). In terms of measurement biases, returns of FOFs can deliver a
cleaner estimate of the investment experience of hedge-fund investors than
the traditional approach. In terms of risk characteristics, indexes of FOFs
are more indicative of the demand-side dynamics driven by hedge-fund
investors’ preferences than are broad-based indexes. Therefore, indexes of
FOFs can provide valuable information for assessing the hedge-fund

industry’s performance.

e analyze the problems in creating or
choosing benchmarks for assessing
the performance characteristics of
hedge funds. We begin by discussing
potential measurement biases embedded in the his-
torical returns of hedge funds. A complete record
of every single hedge fund simply does not exist.
The lack of data arises from three reasons. First,
hedge-fund participation in any database is volun-
tary. Organized as private investment vehicles,
hedge funds generally do not disclose their activi-
ties to the public. Second, most commercially avail-
able hedge-fund databases only came into
existence in the mid-1990s. Third, different data-
bases have different criteria for including funds. We
focus on two important biases arising from the data
themselves that affect the analysis of hedge-fund
data: survivorship bias and selection bias.
Animportantattribute of hedge-fund investing
is the diversity of the funds’ performance character-
istics. Nevertheless, a number of vendors have con-
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structed composites of hedge-fund performance. In
particular, two organizations have made serious
attempts to create hedge-fund indexes that are com-
prehensive and transparent. Both Hedge Fund
Research (HFR) and CSFB/Tremont (CT) attempt
to rectify some of the measurement biases we
describe. Nonetheless, measurement bias is
unavoidable. We thus discuss measurement biases
that may arise in constructing hedge-fund bench-
marks based on historical returns.

Hedge-fund managers naturally focus their
efforts on liquid markets, where trading opportu-
nities and leverage are readily available. Thus, as
the dynamics in the global markets change, the
nature of hedge funds in operation change over
time—through the birth and death rate of funds
and changes in the trading styles of existing funds.
Benchmarking such a dynamic industry is in itself
a difficult task, and the difficulty is compounded
by the fact that the hedge funds that compose the
benchmarks are drawn from a population of funds
managed by nimble managers with diverse invest-
ment styles. We address how well existing indexes
reflect the risk characteristics of hedge funds.

Finally, we propose a new approach to assess-
ing the performance characteristics of hedge funds.
It is based on the simple idea of looking directly at
the investment experience of hedge-fund investors,
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namely, the funds of hedge funds (FOFs). We argue
for the use of FOF returns, rather than returns of
individual hedge funds, to construct hedge-fund
indexes. One reason is that the performance char-
acteristics of FOFs are driven not only by the oppor-
tunities in the global markets but also by investor
preferences. To stay in business, FOFs have to
respond to what investors demand. Another rea-
son is that data from the demand side of hedge
funds, the FOFs, are less susceptible to the mea-
surement biases we describe.

Database Biases and Information
Content

Advances in information technology in the past
decade have led to dramatic improvements in the
investment arena. Nowadays, U.S. investors can
readily access historical data with unquestioned
quality and consistency on almost any security or
mutual fund. The same cannot be said, however,
abouthedge funds. Although hedge-fund database
services have expanded dramatically since the
1990s, a generally accepted provider of standard-
ized information on hedge funds has yet to emerge
because of the absence of a centralized depository
of performance records similar to the Investment
Company Institute. Both the scope and the quality
of the data vary among hedge-fund database ven-
dors. Therefore, caveat emptor is still very much the
case for users of available hedge-fund performance
data. We consider here some problems frequently
encountered involving the information content of
a sample of hedge-fund returns.

Consider an investor interested in assessing
the general performance characteristics of hedge
funds. The natural way to go about it is to obtain a
sufficiently broad “sample portfolio” of hedge
funds and construct its pro forma return statistics. In
assessing these statistics, what kind of measure-
ment errors should investors be aware of? The
answer to this question is especially important for
the benchmarking of hedge-fund performance. To
gain insight into this question, we begin by exam-
ining the way the hedge-fund industry is organized
and its impact on data collection.

Organized as private and frequently offshore
investment vehicles, hedge funds generally do not
disclose their activities to the public.! A complete
record of every single hedge fund simply does not
exist. Available information comes as samples of
hedge funds in the form of databases. To sharpen
the discussion, we will use the term “universe” (or
“population”) to denote the collection (or set) of all
hedge funds that have operated, past or present,
dead or alive, and we will use the term “database”
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to refer to a subset of the pogulation of hedge funds
collected by a data vendor.

The incompleteness of hedge-fund data has
several reasons. First, hedge-fund participation in
any database is voluntary, and a well-known result
in statistical sampling theory is that voluntary par-
ticipation can lead to sampling biases. Voluntary
participation means that only a portion of the uni-
verse of hedge funds is observable.

Second, most commercially available hedge-
fund databases came into existence in the mid-~1990s;
vendors began collecting hedge fund data in earnest
in 1993 and 1994. Inevitably, pre-1994 observable
data on hedge funds contain measurement biases as
a natural consequence of the way the hedge fund
industry evolved. Information on funds that ceased
operation before they could be included in data-
bases may have been lost forever.

Third, different databases have different crite-
ria for including funds and different data-collection
methods. Post-1994 hedge fund data are less suscep-
tible to measurement biases than the pre-1994 data,
but these differences in data collection and criteria
can lead to other forms of measurement biases.

These three reasons can lead to important dif-
ferences between the hedge funds in a database and
those in the population. We focus on two main
biases that arise in analyzing hedge-fund data: sur-
vivorship bias and selection bias. We further distin-~
guish between biases that are consequences of
sampling from an unobservable universe of hedge
funds, which we call “natural biases,” and those
that arise from the way data vendors collect hedge-
fund information, which we call “spurious biases.”

Survivorship Bias. Survivorship bias arises
when a sample of hedge funds includes only funds
that are operating at the end of the sampling period
and excludes funds that have ceased operations
during the period. Presumably, funds cease opera-
tion because of poor performance. Therefore, the
historical return performance of the sample is
biased upward and the historical risk is biased
downward relative to the universe of all funds.
Survivorship bias is a natural consequence of the
way the hedge-fund industry evolved.® Therefore,
in the context of analyzing hedge-fund data, survi-
vorship bias cannot be completely mitigated.

The effect of survivorship bias is well docu-
mented in the mutual fund literature.* The stan-
dard procedure for calculating the bias, as in
Malkiel (1995), is to obtain the population of all
mutual funds that operated during a given time
period. The average return of all funds is compared
with that of the surviving funds at the end of the
period. The return difference is survivorship bias.
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Unlike the case for mutual funds, survivorship
bias in hedge funds cannot be measured directly
because the universe of hedge funds is not observ-
able. Survivorship bias can only be estimated by
using hedge funds in a database. This limitation
creates a new set of problems that do not arise for
mutual funds. :

The first problem concerns information on
hedge funds that ceased to exist before database
vendors started their data collection. Because of the
lack of public disclosure, database vendors have
only sketchy information on hedge funds that
ceased operation prior to the mid-1990s.’> Thus,
hedge-fund databases, no matter how broad, are
vulnerable to survivorship bias, especially prior to
the mid-1990s, and analysts cannot assess survivor-
ship bias prior to the mid-1990s.

The second problem arises from the difference
between funds that simply exited a database
(termed “defunct funds”) and funds that ceased
operation (termed “dead funds”). A defunct fund is
a fund that was in a database but ceases to report
information to the database vendor; a dead fund is
one that is known to have terminated operations. Of
course, a dead fund must also be a defunct fund, but
a defunct fund need not be dead. For example, a
fund delisted by the database vendor is a “defunct”
but not “dead” fund.® Presumably, vendors delist
funds they believe are likely to harm their reputa-
tions for providing reliable information to their cus-
tomers. In that case, delisted funds are likely to have
a less accurate—and, in most cases, a worse—
performance history than the typical hedge fund.

Another type of fund that is defunct but not
dead is one that voluntarily stops reporting infor-
mation to a database vendor because it has reached
the optimal size for its style of trading. The dimin-
ished appetite for new capital, coupled with a pref-
erence for privacy, often means that the fund no
longer wants to provide its performance statistics
to database vendors.” This type of defunct fund
may actually have a higher return and lower risk
than the typical hedge fund in the universe or in
the database.®

In short, defunct funds in a database are not
necessarily dead funds in the universe of hedge
funds. Defunct funds may include dead funds,
delisted funds (that may or may not be dead), and
operating funds that reached capacity constraints.
With this caveat in mind, we used both surviving
and defunct funds from a database to estimate the
survivorship bias as the difference between the
returns of the “observable portfolio” and those of
the “surviving portfolio.””

Given a set of hedge funds for a sampling
period, the observable portfolio consisted of an
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equally weighted investment in all funds in the port-
folio rolling forward from the beginning of the
period. The observable portfolio was rebalanced
when a new fund was added to the portfolio or
when a fund became defunct.!® The surviving port-
folio consisted of an equally weighted investment
only in those funds that survived until the end of the
sampling period. Going forward in time, this port-
folio was rebalanced only when a new fund was
added to the sample, but by construction, it never
had to be rebalanced when a fund became defunct.

Following this approach, Malkiel estimated
the survivorship bias in mutual funds to be 0.5
percentage points a year in returns. Fung and Hsieh
(2000b) estimated the survivorship bias in hedge
funds in the TASS database to average roughly 3
pps a year. This figure is consistent with Brown,
Goetzmann, and Ibbotson (1999), who studied off-
shore hedge funds. We refer to this 3 pps figure as
an estimate because we used a sample, not the
population, of hedge funds in this study and
because we used defunct funds in a database to
proxy for dead funds in the population.

Selection and “Instant History” Biases.
The combination of the voluntary nature of hedge-
fund information in databases and the different
inclusion processes of database vendors can lead to
differences between the performance of funds in a
database and that of funds in the universe of hedge
funds—that is, selection bias.

Selection bias manifests itself in two basic
ways. Hedge funds that satisfy the inclusion crite-
ria of a vendor may enter a database on the basis of
their track record and assets under management.
On the one hand, presumably, only those funds
that have “good” performance and are looking to
attract new investors want to be included in a data-
base. Therefore, hedge funds in a database tend to
have better performance than those that were
excluded. On the other hand, hedge funds may not
be participating in a database because they are not
looking to attract new investors. These self-
excluded funds may have better performance than
the average hedge fund. Thus, the net effect of
selection bias on the returns of hedge funds in a
database is ambiguous.

In addition to the biases arising from the vol-
untary nature of fund participation in a database,
the database vendors themselves may introduce
sampling biases through their inclusion criteria.
For example, of the three major hedge-fund data-
base vendors, one (HFR) excludes managed futures
programs but two (TASS and Managed Account
Research, MAR) include them.
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The magnitude of the selection bias in a data-
base is difficult to determine empirically because
one cannot compare the observed hedge funds in
the database with the unobservable hedge funds in
the population. Differences in the number and the
identity of hedge funds among databases, how-
ever, are indicative of selection bias. (We return to
this issue in a later section.)

A problem related to selection bias has come to
be known as the “instant history bias.”'! When a
data vendor adds a fund into a database, the vendor
often backfills the fund’s historical returns into the
database. Thus, funds enter a database with, in the
words of Park (1995), instant history. It occurs
because hedge funds usually undergo an incuba-
tion period. The fund manager starts the fund with
a small amount of seed capital (often from friends
and relatives in addition to the manager’s personal
capital). When the fund’s track record is satisfac-
tory, the fund manager markets the fund to inves-
tors, which often includes asking to be in a hedge-
fund database. Because the fund manager can
decide when to “reveal” the fund’s track record, the
returns from the incubation period can reasonably
be presumed to be high.

To estimate the magnitude of instant history
bias, Fung and Hsieh (2000b) studied the hedge
funds in the TASS database, which reports the
inception date of each fund as well as the date the
fund entered the database. Fung and Hsieh mea-
sured the instant history bias as the average differ-
ence between two portfolios. The first was the
observable portfolio, as defined previously; the sec-
ond was the “adjusted” observable portfolio,
which was constructed in the same manner as the
observable portfolio but after dropping the first 12
monthly returns of every fund. (On average, the
incubation period—from a fund’s inception to its
entry into TASS—is one year.) The adjusted observ-
able portfolio’s return was found to be the lower,
on average, by 1.4 pps a year.

Fung and Hsieh (2000b) considered selection
bias and instant history bias to be spurious biases
because both the causality and magnitude of these
biases are inherent in the data-collection process.
Most spurious biases can be remedied, but only
with careful and tedious data manipulation: Selec-
tion bias can be eliminated if hedge-fund databases
eventually converge to the universe of hedge
funds. Instant history bias can be remedied by
dropping the returns of a fund prior to its entry into
a database. In contrast, natural biases (such as sur-
vivorship) generally cannot be rectified.

Later, we propose a simple remedy for both
types of performance measurement biases. Next,
however, we examine the impact of measurement
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biases on an important application of hedge-
fund data—the benchmarking of hedge-fund
performance.

Measurement Errors and Index Differences.
Vendors have created two broadly based hedge-
fund indexes to benchmark the performance of the
hedge-fund industry. They are the Hedge Fund
Research Performance Index (HFRI) and the
CSFB/Tremont Hedge Fund Index (CTI).12 The
HFRI is an equally weighted index of more than
1,000 hedge funds tracked by HFR, and the CTT is
a value-weighted index (with assets under man-
agement as “value” in the weighting scheme)
based on a sample of approximately 300 funds
extracted from the TASS database. The CTI was
constructed to be an “investable” index, whereas
the HFRI was designed to be a proxy for the hedge-
fund industry.'® These two indexes are typical of
hedge-fund portfolio benchmarks, so understand-
ing their potential measurement errors—and thus
their information content—is important.

Hedge-fund databases, including HFR and
TASS, inevitably suffer from natural and spurious
biases. According to Ackerman, McNally, and
Ravenscraft (1999) and Liang (2000), both databases
have limited records of funds that became defunct
before 1994. Hence, both HER and TASS suffer from
survivorship bias for pre-1994 data. In addition, the
absence of any defunct funds before 1994 indicates
that HFR and TASS began their data collection
around 1994. Thus, their historical pre-1994 data
suffer from selection bias because data prior to 1994
had to be compiled and backfilled.'* For these rea-
sons, in our study, we ignored the HFRI data prior
to 1994. (Note that the CTI data start in 1994.)

For the post-1994 period, both databases have
information on defunct as well as operating funds.
Therefore, the pro forma returns of the two hedge-
fund indexes should not suffer from survivorship
bias related to defunct funds so long as the vendors
adhered to proper adjustment procedures when
computing the time series of index returns. Relative
to the universe of all hedge funds, however, the
indexes may suffer from various forms of natural
and spurious biases.

This possibility rests on four reasons. First, no
realistic way exists of verifying that complete
records of defunct funds were used to adjust the
index returns for survivorship bias, especially
prior to the mid-1990s. Second, differences in data-
collection methodologies could result in different
degrees of selection bias and instant history bias.
That is, “missing funds” could be a consequence
of data-collection methodologies. Third, different
approaches to index construction can result in

25



Financial Analysts Journal

performance differences. Fourth, the CTI can be
interpreted as a tracking portfolio of the TASS
universe of hedge funds, so it must naturally con-
tain tracking errors, whereas the HFRI is supposed
tobean average of all hedge funds tracked by HFR.

#  Inherited survivorship bias. Indexes and
benchmarks inherit survivorship bias from the
databases on which they are built. Currently,
observable hedge funds in databases do not fully
reflect the universe of all hedge funds. In time,
observable funds may converge to the universe of
all hedge funds, and from that point forward,
analysts can remedy survivorship bias by analyti-
cal methods. Until convergence occurs, however,
performance statistics derived from the observable
funds remain biased estimators of the population
statistics.!”> And time series of returns prior to the
“point of convergence” will remain vulnerable to
survivorship bias.!® These problems in the data
affect indexes and benchmarks based solely on
samples of observable funds.

The HFR and TASS databases yield different
estimates of survivorship bias. Ackerman et al.,
Fung and Hsieh (2000b), and Liang found that the
attrition rate (i.e., the percentage of funds that
become defunct each year) is much higher in TASS.
Asaresult, the measured survivorship bias (i.e., the
performance difference between all funds and sur-
viving funds) is also higher in TASS. Interestingly,
TASS s attrition rate and survivorship bias are com-
parable to those reported by Brown, Goetzmann,
and Ibbotson, who used the U.S. Offshore Hedge
Funds Directory. What is not clear is why the attri-
tion rate is so low in HEFR.

i Inherited instant history and selection biases.
Indexes and benchmarks also inherit instant history
and selection biases from the databases on which
they are built. To begin with, HFR and TASS backfill
the return history of funds thatenter their databases.
Thus, they both suffer from instant history bias.

In addition, both HER and TASS are likely to
have selection bias because of idiosyncrasies in
their data-collection methods. For the purposes of
this article, we focus only on those methods that are
relevant to our analysis.!” Most notable of the dif-
ferences in data collection is that HFR excludes
funds that are generally referred to as “commodity
funds” whereas CTI includes “managed futures,”
an important subset of commodity funds.'®

In addition to inclusion criteria, a large number
of hedge funds appears to report to only one data-
base vendor. For instance, Liang found only 465
common funds out of the 1,162 funds in HFR and
the 1,627 funds in TASS.

Thus, the potential for selection bias clearly
exists in the hedge-fund databases. Its impact on
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benchmark indexes created from the databases,
however, is difficult to assess directly.

@ Different weighting schemes. The weighting
schemes used by index and benchmark creators can
generate differences in the returns reported. Specif-
ically, the HFR indexes use equal weights, whereas
the CTindexes use value weights. First, consider the
historical returns of the two indexes as reported in
Table 1." In the two years with the lowest returns
and the two years with the highest returns for the
CTI, returns for the HFRI and the CTI are signifi-
cantly different. In the other years, the differences
are small.

Table 1. Annual Returns of Hedge-Fund Indexes

Difference
Year HERI CTI (HFRI-CTI)
1994 4.1% -4.4% 9.5 pps
1995 21.5 21.7 -0.2
1996 21.1 222 -1.1
1997 16.8 25.9 -9.1
1998 2.6 -0.4 2.2
1999 30.8 23.4 7.4
Mean 1994-1999 16.2 14.7 1.5

Such sizable return differences can result from
the different weighting schemes of the two indexes.
The HFRI represents the returns to a “contrarian”
asset allocation strategy because an equally
weighted portfolio is rebalanced by selling “win-
ners” and buying “losers” every month. Tomaintain
equal weighting, assets have to be diverted from
performing funds to “underperforming” funds. (We
later discuss the problems of implementing such a
strategy.) In contrast, the CT1 represents the returns
to a momentum-driven asset allocation strategy. A
value-weighted portfolio allows winners to natu-
rally increase their weight in the index and losers to
naturally reduce their weight. The differences in the
two strategies generate path-dependent divergence
in performance, especially in such a diverse universe
of assets as hedge-fund investments.

The difference in weighting schemes can
account for the 7.4 pps difference between the
HERI and the CTI in 1999 in the following way.
According to both data sources, during the 1998
turmoil, emerging market hedge funds lost well
over 30 percent of their value. This loss was fol-
lowed by a dramatic rebound in 1999 in which the
returns to emerging market hedge funds were
around 50 percent. To illustrate the effect of the
weighting schemes on index performance, Panel A
in Table 2 provides returns to the subindexes of
emerging market funds for the two indexes and
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Table 2. Statistics on Subindexes of Hedge Funds

Weighting Scheme in
Annual Return Overall Index
HFR CT
Year Subindex Subindex Equal Value
A. Emerging market hedge-fund subindexes
1994 3.38% 12.51% 12.5% 16.3%
1995 0.69 -16.91 13.9 18.0
1996 27.14 34.50 14.5 14.7
1997 16.57 26.59 12.7 12.1
1998 -32.96 -37.66 11.8 9.5
1999 55.22 44.82 11.9 7.1
B. Global/macro hedge-fund subindexes
1994 —4.30% -5.72% 4.9% 38.2%
1995 29.32 30.67 49 34.3
1996 9.32 25.58 4.7 24.8
1997 18.82 37.11 6.0 23.8
1998 6.19 -3.64 5.4 13.7
1999 17.62 5.81 4.8 13.2

(based on figures reported by HFRI) the portfolio
weights of emerging market hedge funds in an
equally weighted portfolio (as in HFRI) versus the
weights in a value-weighted portfolio (as in CTI).

After the August 1998 debacle, the HFRI
would have diverted assets into emerging market
hedge funds (thereby holding their weight in the
index to about 12 percent).? During their rebound
in 1999, these funds contributed a gain of 6.57 per-
cent (55.22 percent x 11.9 percent) toward the over-
all HFRI return. In contrast, the CTI approach
would have allowed the weight of emerging mar-
ket hedge funds to fall as their assets shrank (from
9.50 percent in 1998 to 7.10 percent in 1999), so these
funds contributed only 3.18 percent (44.82 percent
x 7.10 percent) in 1999 toward the overall CTI
return. The differential contribution of emerging
market hedge funds thus would have accounted for
nearly half of the 7.4 pps difference in 1999 between
the two overall indexes.?!

One other noteworthy aspect is that the sub-
stantial return difference between the HFRT and CTI
subindexes of emerging market hedge funds in this
1994-99 period is consistent with the existence of
selection bias—that different databases can contain
different samples of the universe of hedge funds.

Panel B of Table 2 shows that different weights
of “global/macro” funds may explain the 9.1 pps
performance discrepancy between the HFRI and
CTI in 1997. The global /macro subindex contrib-
uted a small gain of 1.13 percent (6.0 percent x 18.82
percent) in 1997 toward the overall HFRI return. In
contrast, it contributed a large gain of 8.83 percent
(23.8 percent x 37.11 percent) in 1997 toward the
overall CTI return because of its higher value
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weight and the fact that the CTI macro/global sub-
index recorded a much higher return than its coun-
terpart in the HFRI. The difference of 7.7 pps
accounts for much of the 9.1 pps difference between
returns to the two overall indexes in 1997.

These examples point to spurious biases gen-
erated by the different index construction methods.
We turn next to an analysis of the risk characteris-
tics of these two indexes.

Problems with Broad Benchmarks

Broadly based benchmarks can mask interesting
performance characteristics of hedge funds. An
important issue for a hedge-fund benchmark is
whether it captures the key performance character-
istics of individual hedge funds—characteristics
that would attract institutional investors looking
for alternatives to traditional asset classes and
investors who are simply looking for good perfor-
mance on a risk-adjusted basis. An important
attribute of hedge-fund investing is the diversity of
styles used by hedge-fund managers, but diversity
comes at a cost. Finding a benchmark that reflects
the overall performance characteristics of the
hedge-fund industry as well as its diversity may be
quite difficult. To address this issue, we analyzed
the risk characteristics of the HFRI and CTIL.

The correlation coefficients for the HFRI and
CTI and nine standard asset class indexes over the
sample period of 1994-1999 are given in Panel A in
Table 3. The nine standard classes are one-month
Eurodollar deposits; the Goldman Sachs Commod-
ity Index (GSCI); for equities, the Morgan Stanley
U.S. and World ex-U.S. indexes; for bonds, the J.P.
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Table 3. Correlations between Hedge-Fund
Indexes and Market Indexes

Market Index HFRI CTI
A. Correlation coefficients

Eurodollar one-month return 0.14 0.29
GSCI 0.26 0.15
U.S. equities 0.73 0.55
Non-U.S. equities 0.66 0.42
U.S. bonds -0.05 0.17
Non-U.S. bonds -0.14 -0.36
U.S. dollar 0.01 0.40
Emerging market equities 0.76 0.47
High-yield U.S. bonds 0.56 0.51
B. Regression of HFRI and CTI on market indexes

Constant -0.02 0.02
Eurodollar one-month return 6.77* 5.14*
GSCIL 0.08* 0.05
U.S. equities 0.15% 0.10
Non-U.S. equities 0.04 0.10
U.S. bonds -0.35 0.30
Non-U.S. bonds -0.25 0.29
U.S. dollar -0.24 0.37
Emerging market equities 0.11% 0.06
High-yield U.S. bonds 0.51% 0.24
Adjusted R? 0.76 0.55

*Significant at the 5 percent level.

Morgan U.S. and world ex-U.S. government bond
indexes; the U.S. Federal Reserve’s U.S. dollar index
against major currencies; the International Finance
Corporation’s Investable Emerging Market Equities
Index; and the Merrill Lynch High Yield bond index.
Both the HFRI and CTI are strongly positively cor-
related with U.S. equities, non-U.S. equities, emerg-
ing market equities, and high-yield bonds.

The high degree of correlation we found
between the hedge-fund indexes and certain stan-
dard asset classes contrasts to earlier empirical
findings in Fung and Hsieh (1997a), Schneeweis
and Spurgin (1998), Brown et al. (1999), and Acker-
man et al., who reported low correlations between
indexes of standard asset classes and individual
hedge funds. To standardize the results found
when researchers looked at individual hedge funds
and the results we found for the two hedge-fund
indexes, we used the methodology in Fung and
Hsieh (1997a) to examine a sample consisting of
1,129 hedge funds in the TASS database that had at
least 36 monthly returns between 1994-1999. We
regressed their monthly returns on the nine broad-
based market indexes. Table 4 reports the distribu-
tion of the adjusted R? from these regressions. More
than 50 percent of these fund regressions have an
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adjusted R? below 0.3. Our results for individual
hedge funds are thus very similar to the result in
Fung and Hsieh (1997a).

In contrast, the HFRI and CTI have much
higher R%s when regressed against the standard
asset indexes. Panel B in Table 3 reports the results
of the regressions for the 1994-98 period. For the
HEFRI, the adjusted R? of the regression is quite
high, at 0.76. The HFRI is positively related to the
U.S. stock market, emerging market equities, high-
yield U.S. bonds, and the GSCI. For the CTI, the
adjusted R? of the regression is somewhat lower but
is still substantially higher than for the average
hedge fund in the sample. A direct comparison of
the regression coefficients in Panel B of Table 3 with
the simple correlation coefficients reported in Panel
A is difficult. The regressors clearly exhibit co-
linearity, but scatterplots of the indexes against
each of the standard asset indexes reveal that the
relationship is basically linear.??

The evidence indicates that hedge-fund
benchmarks have much greater exposure to tradi-
tional asset categories than the typical hedge fund
has—which leaves us with a puzzle: By diversifying
among hedge funds, an investor may be exchanging
idiosyncratic hedge-fund risk for systematic exposure
to traditional risk factors. The implication is most
uncomfortable for investors looking to hedge-
fund investments as a means of diversifying a
portfolio of traditional asset classes.

A natural explanation that apparently recon-
ciles the low correlation of individual hedge funds
with traditional asset markets and the high corre-
lation of broad-based hedge-fund indexes with
those assets is that individual hedge funds have
significant common risk factors.?® With traditional

Table 4. Frequency Distribution of Adjusted
R?s for Individual Hedge Funds
Regressed on Market Indexes

Adjusted R? Percent of Individual
From To Hedge Funds
~0.2 -0.1 0.9
-0.1 0.0 8.1

0.0 0.1 15.3
0.1 0.2 14.5
0.2 0.3 15.5
0.3 0.4 11.9
0.4 0.5 11.2
0.5 0.6 11.8
0.6 0.7 54
0.7 0.8 3.2
0.8 0.9 1.9
0.9 1.0 04
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equities, returns of individual equities contain a
large component of idiosyncratic (nonsystematic)
risk. Modern portfolio theory posits that a suffi-
ciently large portfolio of equities can diversify
away these idiosyncratic risks, leaving only sys-
tematic risk as the dominant risk in the portfolio. It
would be tempting to apply the same argument to
portfolios of hedge funds to explain the emergence
of traditional risk factors at the index level. How-
ever, a closer examination of the evidence on indi-
vidual hedge-fund returns does not favor this
explanation.

Fung and Hsieh (1997a) showed that substan-
tial style diversity characterizes hedge funds. The
authors found five principal components (common
risks) in 409 hedge funds and commodity funds.
These principal components themselves have low
correlations with the indexes of standard assets.
This evidence is not consistent with the view that
individual hedge funds have substantial idiosyn-
cratic risk. It is consistent, however, with the con-
jecture that hedge funds have common risk
characteristics that are not “systematic” in the tra-
ditional sense of being highly correlated with stan-
dard asset indexes. Unlike idiosyncratic risks
commonly found in traditional equities, these risk
characteristics are common among groups of hedge
funds, referred to by the authors as Style Groups,
and cannot be easily diversified away. We demon-
strate this assertion empirically as follows.

A standard method of determining a portfolio’s
ability to diversify away idiosyncratic risks is to
examine how the standard deviation of the portfolio
changes with the number of assets in the portfolio.
If the portfolio standard deviation drops quickly

when more assets are added, then it contains a
substantial amount of idiosyncratic risk.

To determine this relationship for hedge funds,
we estimated the average monthly standard devia-
tion of 1,000 randomly created portfolios of hedge
funds in the TASS database. For example, for a
portfolio of 20 funds, we randomly drew {without
replacement) 20 funds from the sample of TASS
funds that had returns at any time during a given
time period, 1994-1998. We then formed an equally
weighted portfolio of these funds and computed the
monthly standard deviation of the portfolio. We
repeated this procedure 1,000 times and recorded
the average monthly standard deviation of these
1,000 portfolios.z4

The line “Individual Hedge Funds” in Figure 1
shows how the average standard deviation of the
hedge-fund portfolios changes with the number of
funds in the portfolio. (We discuss the line “Funds
of Hedge Funds” in the section on “Tracking
Errors.”) Although the standard deviation declines
rapidly, it continues to decline without stabilizing
to a fixed number. Indeed, it takes a portfolio of at
least 120 hedge funds to have a standard deviation
within 10 percent of that of an equally weighted
portfolio of all TASS hedge funds. This pattern is
quite different from the pattern for equity portfo-
lios, where it is well known that only a few dozen
stocks are needed in a portfolio to achieve the stan-
dard deviation of the market portfolio.

This evidence is consistent with the presence of
significant common, but not easily diversifiable, risk
factors among the hedge funds. In such a case, on
averagge, a large number of funds is needed before a
portfolio converges to a stable standard deviation.

Figure 1.

Portfolio Standard Deviation and Number of Funds: Portfolio of

Individual Hedge Funds versus Portfolio of FOFs, 1994~98 Data

Monthly Portfolio Standard Deviation (%)
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The study by Fung and Hsieh (1997a) also
found that groups of hedge funds have strong cor-
relations with each other but their average returns
have low correlations with standard benchmark
returns. A single hedge-fund benchmark will not be
able to reflect this heterogeneity in hedge funds.
Therefore, the question is: What risk characteristics
does a broad-based index of hedge funds reflect?

To answer this question, we need to explore the
interaction between global market dynamics and
the growth of the hedge-fund industry. Hedge-fund
managers naturally focus their efforts on liquid
markets where trading opportunities and leverage
are readily available. In the past few years, the
global equity markets certainly have been most con-
ducive to these managers’ inclinations. Therefore,
as Table 5 shows, both the number and amount of
capital managed by “equity-oriented” funds have
increased dramatically since 1994. A broad-based
index of hedge funds is likely to reflect this trend.
Consequently, broad-based indexes of hedge funds
are more likely to reflect the risk characteristics
inherent in the recent “popular bets” among hedge-
fund managers—bets that have a significant degree
of equity content.

Table 5. Size of HFR Equity Hedge-Fund
Subindex Relative to the Overall HFRI

Year By Number of Funds By Assets of Funds
1994 16.8% 7.1%

1995 14.7 7.4

1996 14.1 12.8

1997 15.4 10.2

1998 17.9 14.2

1999 273 30.4

Because of this concentration, the hedge-fund
indexes understate the diversity of hedge-fund
trading styles in general and overstate the risk of
style convergence. When a large number of hedge
funds in a portfolio converge into a similar set of
bets, portfolio diversification implodes. For exam-
ple, a large number of hedge-fund managers took
big bets on U.S. and European bonds in 1993 and
were caught in the market turmoil of 1994 when the
U.S. Federal Reserve unexpectedly raised interest
rates (see Fung and Hsieh 2000a). Therefore, for
investors seeking diversification from traditional
asset classes, properly constructed subindexes of
specific hedge-fund trading styles are more infor-
mative than a broad-based index in terms of risk.
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Benchmarks Based on Hedge-
Fund Investors’ Experience

As we have discussed, when investors measure
hedge-fund performance using pro forma returns of
a portfolio of individual hedge funds extracted
from a database, natural biases can arise from the
way the hedge-fund industry is organized. These
natural biases cannot be easily remedied. We now
examine potential solutions to the problems that
also emanate from the idiosyncrasies of the hedge-
fund industry.

If an analyst wants to estimate the investment
experience of hedge funds, why not look directly
at the experience of the hedge-fund investors
themselves?

FOFs as Proxies for Hedge-Fund Investment
Experience. Unlike mutual funds, for which the
FOF concept never gained popularity, the structure
of the hedge-fund industry has led to the demand
for and the existence of FOFs.> The HFR database
contains 224 FOFs, and the TASS database contains
322. Of the three major database vendors, two regu-
larly report FOF composite performance—for HER,
a fund-of-funds index (FOFHFR), and for MAR, a
fund-of-funds benchmark (FOFMAR). FOFHER is
an equally weighted index based on 112 FOFs in
1994 and 224 FOFs in 1999. FOFMAR is a historical
series of the median FOF’s returns. For complete-
ness in this analysis, we constructed an equally
weighted index for the FOFs in the TASS database
(FOFTASS).

What do the FOF data tell us about the experi-
ence of hedge-fund investing in the past five years?
Following the format of the earlier sections, we
begin by discussing potential measurement biases
in the FOF returns.

Biases in FOF Returns. The returns from
FOFs are less susceptible to measurement bias than
returns to the commercial hedge-fund indexes. The
track records of FOFs avoid many of the idiosyn-
cratic biases that are embedded in pro forma returns
based on individual hedge funds extracted from
databases. First, the majority of FOFs make audited
performance reports to their investors that include
investments in successful funds as well as “mis-
takes,” so a successful investment in a hedge fund
that reaches capacity constraint and stops reporting
to database vendors will remain in the history of the
FOE. This investment experience will continue to be
a part of the FOF’s performance as long as the FOF
stays invested in that hedge fund. Past investments
in funds that ceased operation will also remain in
the track record of the FOF. Consequently, the
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actual track record of an FOF has no survivorship
bias. In addition, selection bias is not relevant. An
individual hedge fund may choose not to partici-
pate in a database, but its return is fully embedded
in the performance of any FOF that invests in it.26
When an FOF adds a hedge fund to its portfolio, the
portfolio’s history is not affected, so the issue of
instant history bias does not arise. Finally, as noted
in Fung and Hsieh (2000b), survivorship bias in FOF
returns is less severe than in individual hedge
funds. The reason is that FOFs, through the natural
process of diversification, inadvertently minimize
the measurement errors that may arise.”

Because the returns of each individual FOF
reflect the actual decisions of the FOF manager, we
can compare the return behavior of the FOFHFR
and the HERI during extreme market conditions to
see whether the spurious bias generated by the
weighting scheme of the HFRI exists in the FOF-
HEFR. Figure 2 tells the story for 1998. Prior to
August 1998, the indexes moved in tandem. Then,
the pattern changes. The HFRI appears to recover
from the August 1998 debacle more rapidly than
the FOFHFR. But this “rapid” recovery can be
largely attributed to the artifact of the overall
index’s equal-weighting methodology, in which
losers are bought and winners are sold. When
applied to a diverse hedge-fund universe under
extreme market conditions, such a strategy leads to
unrealistic return patterns. The recovery of the
FOFHEFR was much more gradual, despite the fact

that the FOFHEFR is also an equally weighted
index.?® The implication is that few, if any, actual
portfolio managers could have followed the con-
trarian asset allocation strategy implicit in the
HFRI. In addition, effecting such a quick asset real-
location for more than 1,000 funds within the space
of a month is almost impossible.

Based on this evidence, the FOF indexes appar-
ently do not suffer from spurious biases arising
from unrealistic asset allocation schemes.

Tracking Errors. In the case of the HFRI, the
large number of funds (in excess of 1,000) makes
replication of the index virtually impossible with-
out significant tracking error. In the case of the CTI,
which has roughly 300 funds, tracking error may
still be quite large but for different reasons. First,
the CTI may contain funds that are closed to new
investments (and/or investors). This aspect is
clearly noted in the “frequently asked questions”
section on the CSFB/Tremont Web site (see Note
19). A second, and more interesting, reason is that
the liquidity and redemption policies of hedge
funds make defining an unambiguous rebalancing
scheme impossible. Hedge funds frequently
require advance notification—ranging from 10
days to six months—prior to redemption. Redemp-
tion intervals also vary from fund to fund between
30 days to a year. For an index to be rebalanced on
the basis of “known” values of its constituents, the
rebalancing date must coincide with the component

Figure 2. Monthly Returns of HFRI and FOFHFR, 1998

Monthly Returns (%)
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hedge fund that requires the longest notification
period and redemption interval. If this date turns
out to be a quarter or longer, then it will not match
the monthly rebalancing rule of the CTI, and more
importantly, it imposes a buy-and-hold strategy on
an index between rebalancing dates. This “rebal-
ancingbias” is a natural consequence of the way the
hedge-fund industry operates.

If the inherent level of such natural tracking
error is high, then the index is no longer investable.
Thus, a broad-based index is purely a synthetic
hedge-fund portfolio whose objective is to deliver
the risk-return characteristics of the “popular bets”
among hedge-fund managers. For a real-world
benchmark, we argue that using FOFs as building
blocks for hedge-fund performance is a better alter-
native to using aggregated individual funds. Fewer
FOFs are needed to deliver the same diversification
benefit as individual hedge funds. The line “Funds
of Hedge Funds” in Figure 1 is the average stan-
dard deviation of 1,000 randomly selected portfo-
lios of FOFs, which declines as the number of FOFs
in the portfolio increases. It turns out that a portfo-
lio of only 33 FOFs is needed to have a standard
deviation within 10 percent of that of an equally
weighted portfolio of all TASS hedge funds. In
addition, FOFs are likely to have a more uniform
redemption policy than individual funds. These
observations suggest that portfolios of FOFs are
likely to have a lower rebalancing bias than portfo-
lios of individual funds. In addition, FOFs have
smaller measurementbiases than individual funds.

In interpreting the risk-return characteristics
of FOFs, however, investors must make adjust-
ments for the portfolio management costs of the
FOFs. A procedure for approximating these costs
can be found in Fung and Hsieh (2000b).

Finally, neither a broad-based index of FOFs
nor a broad-based index of individual hedge funds
can capture the diverse risk characteristics of dif-
ferent hedge-fund trading styles. Because FOFs
reflect the actual portfolio decisions of FOF manag-
ers, however, their return characteristics undoubt-
edly reflect hedge-fund investors’ preferences
better than do portfolios of hedge funds defined by
arbitrary index rules.

Conclusions

Pro forma portfolio returns from hedge-fund data-
bases suffer from survivorship bias that is natural
to the youth of the hedge-fund industry and the
way it is organized. Fung and Hsieh (2000b) esti-
mated the upward survivorship bias in hedge-fund
returns to be about 3 pps a year, and analysts have
no way to assess the impact of the unobserved
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defunct funds. In addition, the combination of the
voluntary nature of hedge fund participation in a
database and the varied inclusion processes of the
database vendors leads to selection bias. In this case
also, determining the size of the bias is not possible
because analysts cannot compare the performance
of the hedge funds in databases with the perfor-
mance of unobserved hedge funds in the popula-
tion. Moreover, when a hedge fund enters a
vendor’s database, the fund’s history is generally
backfilled, which gives rise to an instant history
bias estimated by Fung and Hsieh (2000b) to bias
returns upward by, on average, 1.4 pps a year.

In post-1994 hedge-fund data, natural biases
can be partially rectified because databases and
the unobservable population data have converged
over time. The extent to which survivorship bias
can be mitigated depends, however, on the com-
pleteness of database vendors’ collection of
defunct funds’ information. Based on empirical
studies (Ackerman et al. and Liang), we can con-
clude that survivorship bias continues to exist in
post-1994 pro forma return series based on hedge-
fund databases. Moreover, these earlier studies
also reported differences in the composition of the
HFR database and the TASS database. These dif-
ferences support the conclusion that a spurious
selection bias exists in pro forma return series from
these databases.

Significant differences exist between the returns
of the two broad-based hedge-fund indexes—the
equally weighted HFRI and the value-weighted
CTI—because of the way the indexes are con-
structed and the different number of funds in the
databases. The HFRI is an index of more than 1,000
hedge funds, whereas the CTI is an index of about
280 hedge funds. The impact of varied construction
methods on returns is magnified by diversity in the
trading styles and performance of the underlying
hedge funds.

Broad-based indexes such as the HFRI and
CTI mask the diversity of individual hedge-fund
risk and return characteristics. For this reason,
MAR publishes median hedge-fund returns for
individual styles. A broad-based index is helpful
for investors who wish exposure to the popular
bets among hedge-fund managers but exposes
investors to the risk of style convergence, which
diminishes diversification.

A simple solution that mitigates some of these
biases is an index based on the records of FOFs,
which avoid many of the idiosyncratic biases in pro
forma returns based on individual hedge funds
extracted from databases. Through the natural pro-
cess of diversification, FOFs minimize measure-
ment errors. Selection bias is also muted because all
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individual hedge funds are likely to have some FOF
investors irrespective of whether they report per-
formance to any hedge-fund database. Instant his-
tory bias does not arise with FOFs, and empirical
evidence suggests that indexes of FOFs do not suf-
fer from spurious biases arising from unrealistic
asset allocation schemes.

Fung and Hsieh (2000b) estimated the portfolio
management costs of FOFs to be approximately 2
percent a year. After adjusting for these costs and
for instant history bias, the broad-based indexes
deliver roughly the same returns as the FOF indexes
with comparable standard deviations. Investors
interested in current growth trends may prefer
equally weighted broad-based indexes as bench-
marks because these indexes are more responsive to
newer, smaller hedge funds. Investors interested in
diversifying into more established, larger hedge

funds would benefit from using indexes of FOFs.
This distinction is similar to that between small-
capitalization and large-capitalization stock
indexes. For investors looking for diversifying alter-
natives to traditional asset classes, neither the
broad-based indexes nor the subindexes of hedge-
fund styles are suitable building blocks for custom-
ized indexes that reflect those investment objectives.
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comments from Bruce Johnson, Simon Ruddick, Joseph
Sweeney, and Howard Wohl. All remaining errors are
solely the responsibility of the authors. The views
expressed are those of the authors alone and may not
reflect the positions of the affiliated institutions.

Notes

1. See Fung and Hsieh (1999) for an overview of how hedge
funds are organized and their economic rationale.

2. This distinction does not arise in the mutual fund industry,
where public disclosure enforces the convergence of the
universe and the database of all mutual funds. With the
hedge-fund industry, the very fact that the population is not
observable means that a single database (or, for that matter,
the set of all databases) need not coincide with the universe.

3. Technically, over any sample period, if a complete record
of defunct funds is available, survivorship bias can be mit-
igated through tedious data manipulation. The problem is
in verifying the completeness of historical records on
defunct hedge funds.

4. See Grinblatt and Titman (1989), Brown, Goetzmann, Ibbot-
son, and Ross (1992), and Malkiel (1995).

5. The reason is that these funds predated the existence of
most hedge-fund databases.

6. Generally, database vendors have listing requirements that
a hedge fund must meet to be included in their databases.
Such requirements typically involve a minimum amount of
assets under management, timely reporting of information,
and the ability of the database vendor to verify the fund’s
performance record.

7. Fungand Hsieh (1997a) cited anecdotal evidence that some
managers with superior performance have refused to par-
ticipate in databases because they have reached capacity
constraints and are no longer looking for investors.

8. Of course, if the database from which a sample of hedge
funds is extracted has survivorship bias, then the smaller
sample portfolio is likely with even greater reason to exhibit
survivorship bias.

9. Here, weare following a methodology first used by Malkiel.

10. This calculationrequired that data vendors retained records
of defunct funds.

11. Instant history bias was first analyzed by Park (1995).

12. Of the three most widely known hedge-fund database
vendors—HFR, TASS, and MAR—MAR does not report a
performance index of hedge funds as a group. MAR cites
the diversity of trading styles as the reason. We analyze this
question in the section “Problems with Broad Benchmarks.”
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13. At the time we were writing this article, a new value-
weighted index of hedge funds was added to the family of
HFR indexes, but pre-2000 returns for this index had not
been released.

14. Although MAR existed much before 1994, its focus was
historically on Commodity Trading Advisors.

15. This issue is separate from the question of stationarity of the
return time series.

16. In much the same way, historical returns on mutual funds
before the 1960s are vulnerable to survivorship bias because
of sketchy records on defunct mutual funds.

17. See Liang for a more detailed comparison of the two
databases.

18. See Fung and Hsieh (1999) for a description of the differ-
ences, or lack of differences, between commodity funds and
hedge funds.

19. Monthly performance data on the CTI are available through
the CSFB/Tremont Web site (www.tassresearch.com) for
January 1994 to date.

20. Technically, the weights are adjusted on a monthly basis.
Here, we have used annual figures to illustrate our point.

21. A value-weighting method in the CTI would have implied
less exposure in emerging market funds, and the emerging
market funds in the CTI also returned less than their coun-
terparts in the HFRI. A crude estimate is 7.1 percent x 44.82
percent = 3.18 percent, compared with the 6.57 percent of
the HFRI, which is almost half the difference between the
performance of the two indexes.

22. These scatterplots are available from the authors upon
request. :

23. We use the term “common risk factors” to avoid the con-
fusing usage of the term “systematic risks.”

24. Because we did not require each fund to have performance
information for the entire sample, we adjusted the portfolio
weights to allow for entry and exit.

25. Construction of a passively diversified portfolio of hedge
fundsis not a practical proposition for individual investors
for many reasons. For instance, the minimal investment in
a single hedge fund runs from $100,000 for small funds to
several million dollars for the bigger macro-funds. Unless
different hedge funds are efficiently blended together,
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Figure 1 tells us that more than 100 funds may be needed
to passively reach the limit of diversification. Even if we
assume a modest minimum investment of $1 million per
fund, a substantial amount of capital would be required to
passively diversify away idiosyncratic hedge-fund risk. In
addition, the investors would face the daunting task of
administering such a large portfolio of essentially private
investment vehicles. Therefore, in contrast to mutual
funds, where passive diversification is available from
“low-cost” indexed funds, the reverse is true for hedge-
fund investing. FOFs offer investors a simple way of
accessing a diversified portfolio of hedge funds.

26. Even for a hedge fund that does not report performance to
database vendors, some FOFs are no doubt among its
investor base.

27. There is, however, a peculiar form of self-selection bias that
may occur with FOFs. Large institutional portfolios man-
aged by FOF managers are generally kept confidential. In
this case, a downward bias may occur in the amount of
assets managed by an FOF manager recorded in databases.
The impact of this bias on performance statistics is small
because the FOF indexes are generally not weighted by
assets under management. In addition, the management
style of the unreported programs is likely to be similar to
those programs disclosed to database vendors.

28. We observed similar return behavior for FOFMAR and
FOFTASS.
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