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Abstract

Systemicrisk is commonly usedto describe the possibility of a seriesof correlated defaults
among nancial institutions|t ypically banks|that occur over a short period of time, often
causedby a single major ewvert. Howewer, sincethe collapseof Long Term Capital Man-

agemen in 1998, it has becomeclear that hedgefunds are also involved in systemicrisk
exposures. The hedge-fundindustry has a symbiotic relationship with the banking sector,
and many banks now operate proprietary trading units that are organizedmuch like hedge
funds. As aresult, the risk exposuresof the hedge-fundindustry may have a material impact
on the banking sector, resulting in new sourcesof systemicrisks. In this paper, we attempt

to quantify the potential impact of hedgefunds on systemicrisk by deweloping a number of
newrisk measuredor hedgefunds and applying them to individual and aggregatehedge-fund
returns data. Thesemeasuresnclude: illiquidit y risk exposure,nonlinear factor models for

hedge-fundand banking-sectorindexes,logistic regressiomanalysisof hedge-fundliquidation

probabilities, and aggregatemeasuresof volatility and distress basedon regime-switting

models. Our preliminary ndings suggestthat the hedge-fundindustry may be headinginto

a challenging period of lower expected returns, and that systemicrisk is currently on the
rise.
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1 Intro duction

The term \systemic risk" is commonlyusedto describe the possibility of a seriesof correlated
defaults among nancial institutions|t ypically banks|that occurs over a short period of
time, often causedby a single major evert. A classicexampleis a banking panic in which
large groups of depositors decideto withdraw their funds simultaneously creating a run on
bank assetsthat can ultimately lead to multiple bank failures. Banking panics were not
uncommonin the U.S. during the nineteerth and early twertieth certuries, culminating in
the 1930{1933period with an averageof 2,000 bank failures per year during these years
accordingto Mishkin (1997), and which prompted the Glass-SteagallAct of 1933and the
establishmen of the Federal Deposit InsuranceCorporation in 1934.

Although today banking panicsarevirtually non-existern thanksto the FDIC andrelated
certral banking policies,systemicrisk exposureshave taken shape in other forms. In particu-
lar, the proliferation of hedgefundsin recen yearshasindelibly alteredthe risk/reward land-
scape of nancial investmerns. Unregulatedand opaqueinvestmen partnershipsthat engage
in a variety of active investmert strategies,! hedgefunds have generallyyielded double-digit
returns historically, but not without commensuraterisks, and sud risks are currently not
widely appreciatedor well understood. In particular, we argue that the risk/reward pro-
le for most hedgefunds di er in important ways from more traditional investmerns, and
sud di erences may have potentially signi cant implications for systemicrisk. This was
underscoredby the aftermath of the default of Russiangovernmert debt in August 1998,
when Long Term Capital Managememh and marny other xed-income hedgefunds su ered
catastrophic lossesover the courseof a few weeks,creating signi cant stresson the global
nancial systemand seeral major nancial institutions, i.e., creating systemicrisk.

In this paper, we considerthe impact of hedgefunds on systemic risk by examining
the unique risk-and-return pro les of hedgefunds|at both the individual-fund and the
aggregate-industrylevelland proposingsomenewrisk measuregor hedge-fundinvestmerts.
Two major themeshave emergedrom August 1998: the importanceof liquidity and leverage,
and the capriciousnes®f correlationsamonginstruments and portfolios that werethought to
beuncorrelated. The precisemedanismby which thesetwo setsof issuegosedsystemicrisks

in 1998is now well understood. Becausemany hedgefunds rely on leverage,their positions



are often considerablylarger than the amourt of collateral postedto support thosepositions.
Leveragehasthe e ect of a magnifying glass,expandingsmallpro t opportunities into larger
ones,but alsoexpandingsmall lossednto larger losses.And whenadversechangesin market
pricesreducesthe market value of collateral, credit is withdrawn quickly and the subsequen
forcedliquidation of large positionsover short periods of time canleadto widespreadnancial

panic, asin the aftermath of the default of Russiangovernmert debt in August 1998. The
more illiquid the portfolio, the larger the price impact of a forced liquidation, which erodes
the fund's risk capital that much more quickly. Now if many funds face the same\death

spiral” at a given point in time, i.e., if they becomemore highly correlated during times of
distress,and if thosefunds are obligors of the a small number of major nancial institutions,

then a market event like August 1998can cascadejuickly into a global nancial crisis. This
is systemicrisk.

Therefore, the two main themesof this study are illiquidit y exposureand time-varying
hedge-fundcorrelations,both of which areintimately relatedto the dynamic nature of hedge-
fund investmen strategiesand their risk exposures. In particular, one of the justi cations
for the unusually rich feesthat hedgefunds chargeis the fact that highly skilled hedge-fund
managersare engagedn active portfolio managemen It is commonwisdomthat the most
talented managersare drawn rst to the hedge-fundindustry becausethe absenceof reg-
ulatory constraints enablesthem to make the most of their investmern acumen. With the
freedomto trade as much or as little as they like on any given day, to go long or short
any number of securitiesand with varying degreesof leverage,and to change investmen
strategiesat a momern's notice, hedge-fundmanagersenjoy enormous exibilit y and discre-
tion in pursuing investmer returns. But dynamic investmen strategiesimply dynamic risk
exposures,and while modern nancial economicshas much to say about the risk of static
investmerts|the market betais a su cient statistic in this case|there is currertly no single
summary measureof the risks of a dynamic investmen strategy.?

To illustrate the challengesand opportunities in modeling the risk exposuresof hedge
funds, we provide two concreteexamplesin this section. In Section 1.1, we presen a hy-
pothetical hedge-fundstrategy that yields remarkable returns with seeminglylittle risk, yet
a closerexamination will reveal quite a di erent story. And in Section1.2, we shav that

standard correlation coe cients may not be able capture certain risk exposuresthat are
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particularly relevant for hedge-fundinvestmerts.

These examplesprovide an introduction to the analysisin Sections3{7, and sere as
motivation for deweloping new quartitativ e methods for capturing the impact of hedgefunds
on systemicrisk. In Section 3, we summarizethe empirical properties of aggregateand
individual hedgefund data usedin this study, the CSFB/Tremort hedge-fundindexesand
the TASSindividual hedge-funddatabase.In Section4, we turn to the issueof liquidit y|one
of the certral aspectsof systemicriskland presen seeral measuredor gaugingilliquidit y
exposurein hedgefunds and other assetclasseswhich we apply to individual and index
data. Sincesystemicrisk is directly relatedto hedge-fundfailures, in Section5 we investigate
attrition rates of hedgefunds in the TASS databaseand presen a logit analysisthat yields
estimatesof a fund's probability of liquidation as a function of various fund characteristics
sud as return history, assetsunder managemety and recen fund ows. In Section6, we
presen three other approatesto measuringsystemicrisk in the hedge-fundindustry: risk
modelsfor hedge-fundindexes,regressiormodelsrelating the banking sectorto hedgefunds,
and regime-swittiing modelsfor hedge-fundindexes. Thesethree approadesyield distinct
insights regardingthe risks posedby the hedge-fundindustry, and we concludein Section7 by
discussingthe currert industry outlook implied by the analytics and empirical results of this
study. Our tentativ e inferencessuggestthat the hedge-fundindustry may be headinginto
a challenging period of lower expected returns, and that systemicrisk has beenincreasing
steadily over the recer past.

Our preliminary ndings must be quali ed by the adknowledgemen that all of our mea-
suresof systemicrisk are indirect, and therefore open to debate and interpretation. The
main reasonfor this less-than-satisfyingstate of a airs is the fact that hedgefunds are cur-
rently not required to discloseany information about their risks and returns to the public,
so empirical studies of the hedge-fundindustry are basedonly on very limited hedge-fund
data, provided voluntarily to TASS, and which may or may not be represetativ e of the
industry as a whole. Even after February 1, 2006 when, accordingto the U.S. Securities
and Exchange Commission'sRule 203(b)(3){2, all hedgefunds must becomeRegisteredIn-
vestmen Advisers, the regular lings of hedgefunds will not include critical information
sudh as a fund's degreeof leverage,the liquidity of a fund's portfolio, the idertities of the

fund's major creditors and obligors, and the speci ¢ terms under which the fund's investors
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have committed their capital. Without this kind of information for the majority of fundsin
the industry, it is virtually impossibleto construct direct measuref systemicrisk, even by
regulatory authorities like the SEC. Howewer, asthe hedge-fundindustry grows, the number
and se\erity of hedge-fundfailures will undoubtedly increaseas well, evertually moving the

industry towards greater transparency

1.1 Tail Risk

Considerthe 8-yeartrack record of a hypothetical hedgefund, Capital Decimation Partners,
LP, rst descrited by Lo (2001) and summarizedin Table 1. This track record was obtained
by applying a speci ¢ investmert strategy, to be revealedbelow, to actual market pricesfrom
January 1992to Decenber 1999. Before discussingthe particular strategy that generated
theseresults, let us considerits overall performance: an average mornthly return of 3.7%
versus1.4% for the S&P 500 during the sameperiod; a total return of 2;,721:3% over the
8-year period versus367.1% for the S&P 500;a Sharpe ratio of 1.94versus0.98for the S&P
500; and only 6 negative morthly returns out of 96 versus36 out of 96 for the S&P 500. In
fact, the monthly performancehistory, givenin Lo (2001, Table4), shavsthat, aswith many
other hedgefunds, the worst months for this fund were August and Septenber of 1998. Yet
October and Novermber 1998were the fund's two best months, and for 1998as a whole the
fund was up 87.3%versus24.5%for the S&P 500! By all accourns, this is an enormously
successfuhedgefund with a track record that would be the envy of most managers.What
is its secret?

The investmen strategy summarizedin Table 1 consistsof shorting out-of-the-money
S&P 500 (SPX) put options on ead morthly expiration date for maturities lessthan or
equal to three months, and with strikes approximately 7% out of the money The num-
ber of cortracts sold eady month is determined by the conbination of: (1) CBOE mar-
gin requiremens;® (2) an assumptionthat we are required to post 66% of the margin as
collateral;* and (3) $10M of initial risk capital. For concretenessTable 2 reports the posi-
tions and pro t/loss statemen for this strategy for 1992. SeelLo (2001) for further details
of this strategy.

The track record in Table 1 seemsmuch lessimpressiwe in light of the simple strategy

on which it is based, and few investors would pay hedge-fund-ype feesfor sud a fund.
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Capital Decimation Partners, L.P.

Performance Summary, January 1992to Decenber 1999

Statistic S&P 500 CDP
Monthly Mean 1:4% 3:7%
Monthly Std. Dev. 3:6% 5:8%
Min Month 8:9% 183%
Max Month 14:0% 27:0%
Annual Sharpe Ratio 0.98 1.94
# Negative Months 36/96 6/96
Correlation with S&P 500 1000% 59.9%
Total Return 3671% 27213%

Table 1: Summary of simulated performanceof a particular dynamic trading strategy using
monthly historical market pricesfrom January 1992to Deceniber 1999.

Howe\er, giventhe secrecysurrounding most hedge-fundstrategies,and the broad discretion
that managersare given by the typical hedge-fundo ering memorandum,it is di cult for
investorsto detectthis type of behavior without resortingto more sophisticatedrisk analytics
that can capture dynamic risk exposures.

Somemight argue that this example illustrates the need for position transparency|
after all, it would be apparent from the positions in Table 2 that the managerof Capital
Decimation Partners is providing little or no value-added.Howe\er, there are many ways of
implemerting this strategy that are not nearly sotransparert, even when positions are fully
disclosed. For example, Lo (2001) provides a more subtle example|Capital Decimation
Partners 1ljin  which short positions in put options are syrthetically replicated using a
standard \delta-hedging" strategy involving the underlying stock and varying amourts of
leverage. Casualinspection of the morthly positions of sud a strategy seemto suggesta
cortrarian trading strategy: whenthe price declines,the position in the underlying stock is
increased,and when the price advances,the position is reduced. Howeer, the net e ect is

to createthe samekind of option-like payo as Capital Decimation Partners, but for many



Capital Decimation Partners, LP
Positions and Profit/Loss For 1992

Initial Capital+ Capital
Margin Cumulative Available for
S&P 500 # Puts [Strike |Price  |Expiration Required Profits Profits Investments _|Return
12/20/91| 387.04 new 2300 360| 4.625 Mar-92| $6,069,930 $10,000,000 $6,024,096
1/17/92| 418.86| mark to market | 2300 360 1.125 Mar-92 $654,120 $805,000 $10,805,000 $6,509,036 8.1%
418.86 new 1950 390 3.250 Mar-92| $5,990,205
Total Margin $6,644,325
2/21/92| 411.46| mark to market | 2300 360 0.250 Mar-92( $2,302,070 $690,000
411.46| mark to market | 1950 390 1.625 Mar-92| $7,533,630(  $316,875 $11,811,875 $7,115,587 9.3%
411.46 liquidate 1950 390 1.625 Mar-92 $0 $0 $11,811,875 $7,115,587
411.46 new 1246 390| 1.625 Mar-92( $4,813,796
Total Margin $7,115,866
3/20/92 411.30 expired 2300( 360| 0.000 Mar-92 $0|  $373,750
411.30 expired 1246| 390 0.000 Mar-92 $0|  $202,475
411.30 new 2650 380| 2.000 May-92| $7,524,675 $12,388,100 $7,462,711 4.9%
Total Margin $7,524,675
4/19/92| 416.05| mark to market | 2650 380/ 0.500 May-92| $6,852,238 $397,500
416.05 new 340 385| 2.438 Jun-92 $983,280 $12,785,600 $7,702,169 3.2%
Total Margin $7,835,518
5/15/92| 410.09 expired 2650 380/ 0.000 May-92 $0 $132,500
410.09| mark to market 340 385/ 1.500 Jun-92| $1,187,399 $31,875
410.09 new 2200| 380 1.250 Jul-92| $6,638,170 $12,949,975 $7,801,190 1.3%
Total Margin $7,825,569
6/19/92| 403.67 expired 340 385| 0.000 Jun-92 $0 $51,000
403.67| mark to market [ 2200/ 380 1.125 Jul-92| $7,866,210 $27,500 $13,028,475 $7,848,479 0.6%
Total Margin $7,866,210
7/17/92| 415.62 expired 2200 380/ 0.000 Jul-92 $0 $247,500
415.62 new 2700 385| 1.8125 Sep-92| $8,075,835 $13,275,975 $7,997,575 1.9%
Total Margin $8,075,835
8/21/92| 414.85| mark to market| 2700[ 385 1 Sep-92| $8,471,925| $219,375 $13,495,350 $8,129,729 1.7%
Total Margin $8,471,925
9/18/92| 422.92 expired 2700( 385 0 Sep-92 $0|  $270,000 $13,765,350 $8,292,380 2.0%
422.92 new 2370 400 5.375 Dec-92| $8,328,891
Total Margin $8,328,891
10/16/92| 411.73| mark to market | 2370 400 7 Dec-92| $10,197,992| ($385,125)
411.73 liguidate 2370 400 7 Dec-92 $0 $0 $13,380,225 $8,060,377 -2.8%
411.73 new 1873 400 7 Dec-92| $8,059,425
Total Margin $8,059,425
11/20/92| 426.65| mark to market | 1873|  400[ 0.9375 Dec-92| $6,819,593| $1,135,506 $14,515,731 $8,744,416 8.5%
426.65 new 529 400| 0.9375 Dec-92| $1,926,089
Total Margin $8,745,682
12/18/92| 441.20 expired 1873 400 0 Dec-92 $0 $175,594 $14,691,325 $8,850,196 1.2%
1992 Total Return: 46.9%

Table 2: Simulated positions and pro t/loss statemert for 1992for a trading strategy that
consistsof shorting out-of-the-moneyput options on the S&P 500 oncea morth.



securities, not just for the S&P 500° Now imagine an investor presened with monthly
position reports like Table 2, but on a portfolio of 200 securities,aswell asa correspnding
track record that is likely to be even more impressie than that of Capital Decimation
Partners, LP. Without additional analysisthat explicitly accouns for the dynamic aspects
of this trading strategy, it is di cult for an investor to fully appreciatethe risksinherert in
sud a fund.

In particular, static methods sud astraditional mean-\arianceanalysisand the Capital
Asset Pricing Model cannot capture the risks of dynamic trading strategieslike Capital
Decimation Partners (note the impressive Sharpe ratio in Table 1). In the caseof the
strategy of shorting out-of-the-moneyput options on the S&P 500, returns are positive most
of the time and lossesare infrequert, but whenthey occur, they are extreme. This is a very
speci ¢ type of risk signaturethat is not well-summarizedby static measuresud asstandard
deviation. In fact, the estimatedstandard deviations of sud strategiestend to be rather low,
hencea naive application of mean-\arianceanalysissud asrisk-budgetinglan increasingly
popular method usedby institutions to make allocations basedon risk units|can lead to
unusually large allocations to funds like Capital Decimation Partners. The fact that total
position transparencydoesnot imply risk transparencyis further causefor concern.

This is not to say that the risks of shorting out-of-the-moneyputs areinappropriate for all
investors|indeed, the thriving catastrophereinsuranceindustry makesa market in precisely
this type of risk, often called \tail risk". Howewer, sud insurersdo so with full knowledge
of the losspro le and probabilities for ead type of catastrophe,and they set their capital
resenesand risk budgetsaccordingly The sameshould hold true for institutional investors
of hedgefunds, but the standard tools and lexicon of the industry currertly provide only an
incomplete characterization of sud risks. The needfor a new set of dynamic risk analytics

speci cally targeted for hedge-fundinvestmerts is clear.

1.2 Phase-Lo cking Risk

One of the most compelling reasondor investingin hedgefundsis the fact that their returns
seenrelatively uncorrelatedwith market indexessudt asthe S&P 500,and modern portfolio
theory has corvinced even the most hardenedskeptic of the bene ts of diversi cation (see,

for example,the correlationsbetweenhedge-fundindexesand the S&P 500in Table 4 below).
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Howe\er, the diversi cation argumer for hedgefunds must be tempered by the lessonsof
the summerof 1998whenthe default in Russiangovernmert debt triggereda global ight to
quality that changedmany of thesecorrelationsovernight from 0 to 1. In the physical and
natural sciencessud phenomenaare examplesof \phase-locking” behavior, situations in
which otherwiseuncorrelatedactions suddenlybecomesyndronized® The fact that market
conditions can createphase-laking behavior is certainly not new|mark et crasheshave been
with us sincethe beginning of organized nancial markets|but prior to 1998, few hedge-
fund investorsand managersincorporated this possibility into their investmern processesn
any systematicfashion.

From a nancial-engineeringperspective, the most reliable way to capture phase-laking
e ects is to estimatea risk model for returns in which sud ewvents are explicitly allowed. For

example,supposereturns are generatedby the following two-factor model:

Ri = it it LW o (1)

and assumethat , I, Z;, and j; are mutually independerly and identically distributed
(I''D) with the following momerts:

B[« = ; Var[ ] = 2
E[z] = 0 ; Varz] = 7 (2)
E[«] = 0 ; Var[y] = 2,

and let the phase-laking ewvernt indicator |; be de ned by:

8

<1 with probability p
le = | . 3)
- 0 with probability 1 p

According to (1), expectedreturns are the sum of three componerts: the fund's alpha, i,
a \market" componert, ., to which ead fund hasits own individual sensitivity, ;, and a
phase-laking componert that is identical acrossall funds at all times, taking only oneof two
possiblevalues,either 0 (with probability p) or Z; (with probability 1 p). If we assumethat
p is small, say 0:001,then most of the time the expectedreturns of fund i are determinedby

i+ i , but every oncein a while an additional term Z; appears. If the volatility , of Z;



is much larger than the volatilities of the market factor, , and the idiosyncratic risk, i,
then the commonfactor Z; will dominate the expectedreturns of all stocks whenl;=1,i.e.,
phase-laking behavior.

More formally, considerthe conditional correlationcoe cien t of two fundsi andj, de ned
asthe ratio of the conditional covariance divided by the squareroot of the product of the

conditional variances,conditionedon | ;= 0:

CorfRit;Rj¢j 1= 0] = ¢ Y (4)
224 2 J_2 24 2
i i
0 for i i 0 (5)
where we have assumedthat ; 0 to capture the market-neutral characteristic that

many hedge-fundinvestorsdesire. Now considerthe conditional correlation, conditioned on
It = 1

Corr Ri;Rjpjli=1 = 4 L gz (6a)

for i O: (6b)

If 2 is large relative to 2 and ZJ i.e., if the variability of the catastrophe componert
dominatesthe variability of the residualsof both funds|a plausible condition that follows
from the very de nition of a catastrophe|then (6) will be appraximately equalto 1! When
phase-laking occurs, the correlation betweentwo fundsi and j|close to O during normal
times|can becomearbitrarily closeto 1.

An insidious feature of (1) is the fact that it implies a very small value for the uncondi-
tional correlation, which is the quartity most readily estimatedand most commonly usedin
risk reports, Value-at-Risk calculations, and portfolio decisions.To seewhy, recall that the

unconditional correlation coe cient is simply the unconditional covariance divided by the



product of the squareroots of the unconditional variances:

Cov[Ri; R;

ComRiiRi]  poRu Ry (7a)

Var[R;: Var([R;]
CO\/[Rit;Rjt] = i C Var[ItZt] = i 2 4 p22 (7b)
VarRg] = 7?2+ Varliz )+ 2 = 2?2+ pl+ 2 (7¢c)

Combining theseexpressiongields the unconditional correlation coe cient under (1):
242
CoRy;Ry] = 4 NS (8a)
F2+p 2+ 2 122+p§+2,

p %7 for i O: (8b)

If we let p = 0:001 and assumethat the variability of the phase-laking componern is 10

times the variability of the residuals ; and ;, this implies an unconditional correlation of:

R

D D = 0:001=101 = 0:0099
"p+ 01 p+ 01

Corr[Rit; R;ji]

or lessthan 1%. As the variance 2 of the phase-laking componert increasesthe uncon-
ditional correlation (8) also increasesso that ewertually, the existenceof Z; will have an
impact. Howe\er, to achieve an unconditional correlation coe cient of, say, 10%, 2 would
have to be about 100 times larger than 2. Without the benet of an explicit risk model
sud as (1), it is virtually impossibleto detect the existenceof a phase-laking componen
from standard correlation coe cien ts.

These considerationssuggestthe needfor a more sophisticated analysis of hedge-fund
returns, onethat accourts for asymmetriesin factor exposures phase-laking behavior, jump
risk, nonstationarities, and other nonlinearitiesthat are endemicto high-performanceactive
investmen strategies. In particular, nonlinear risk modelsmust be deweloped for the various
types of securitiesthat hedgefunds trade, e.g., equities, xed-income instruments, foreign
exthange,commalities, and derivatives,and for eat type of security, the risk model should

include the following generalgroups of factors:
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Price Factors

Sectors

Investmen Style
Volatilities

Credit

Liquidity
MacroeconomicFactors
Seniment

Nonlinear Interactions

The last categoryinvolvesdependenciedetweenthe previousgroupsof factors, someof which
arenonlinearin nature. For example,credit factors may becomemore highly correlatedwith
market factors during economicdownturns, and virtually uncorrelatedat other times. Often
di cult to detectempirically, thesetypesof dependenciesare more readily captured through
economidntuition and practical experience,and shouldnot be overlooked whenconstructing
a risk model.

Finally, although common factors listed above may sene as a useful starting point for
deweloping a quartitativ e model of hedge-fundrisk exposures,it should be emphasizedhat
a certain degreeof customizationwill be required. To seewhy, considerthe following list of

key considerationsin the managemen of a typical long/short equity hedgefund:

Investmen style (value, growth, etc.)

Fundamenal analysis(earnings,analyst forecasts,accouring data)
Factor exposures(S&P 500, industries, sectors,characteristics)

Portfolio optimization (mean-\ariance analysis, market neutrality)

Stock loan considerations(hard-to-borrow securities,short \squeezes")
Execution costs(price impact, commissionsporrowing rate, short rebate)
Bendimarks and tracking error (T-bill rate vs. S&P 500)

and comparethem with a similar list for a typical xed-income hedgefund:
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Yield-curve models (equilibrium vs. arbitrage models)
Prepaymernt models (for mortgage-ba&ed securities)
Optionality (call, convertible, and put features)
Credit risk (defaults, rating changes,etc.)

In ationary pressuresgertral bank activity

Other macroeconomicfactors and everts

The degreeof overlap is astonishingly small, which suggestghat the relevant risk exposures
of the two typesof funds arelikely to be di erent aswell, For example,changesin accourting
standardsare likely to have a signi cant impact on long/short equity funds becauseof their
reliance on fundamertal analysis,but will have little e ect on a mortgage-ba&ed securities
fund. Similarly, changesin the yield curve may have major implications for xed-income
hedgefunds but are lesslikely to a ect a long/short equity fund. While sud di erences
are alsopresen amongtraditional institutional assetmanagersthey do not have nearly the
latitude that hedge-fundmanagersdo in their investmern activities, hencethe di erencesare
not as consequetial for traditional managers.Therefore,the number of unique hedge-fund
risk modelsmay have to match the number of hedge-fundstyles that exist in practice.

The point of the two examplesin Sections1.1 and 1.2 is that hedge-fundrisks are not
adequatelycaptured by traditional measuressud as market beta, standard deviation, cor-
relation, and Value-at-Risk. The two most signi cant of risks facing hedgefundsijilliquidit y
exposureand phase-laking behavior|are alsothe mostrelevant for systemicrisk, hencewe

turn to theseissuesafter reviewingthe literature in Section2.

2 Literature Review

The explosiwe growth in the hedge-fundsector over the past seeral years has generated
a rich literature both in academiaand among practitioners, including a number of books,
newsletters,and trade magazinesse\eral hundred published articles, and an ertire journal
dedicated solely to this industry (the Journal of Alternative Investment9. Howewer, none
of this literature has consideredthe impact of hedgefunds on systemicrisk.” Newerthe-

less, thanks to the availability of hedge-fundreturns data from sourcessud as AltV est,
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CISDM, Hedgekind.net, HFR, and TASS, a number of empirical studies have highlighted
the unique risk/reward pro les of hedge-fundinvestmerts. For example, Ackermann, McE-
nally, and Ravenscraft(1999), Fung and Hsieh (1999,2000,2001), Liang (1999,2000,2001),
Agarwal and Naik (2000b, 2000c), Edwards and Caglayan (2001), Kao (2002), and Amin
and Kat (2003a) provide comprehensie empirical studies of historical hedge-fundperfor-
manceusing various hedge-funddatabases.Brown, Goetzmann, and Park (2000, 2001a,b),
Fung and Hsieh (1997a, 1997b), Brown, Goetzmann, and Ibbotson (1999), Agarwal and
Naik (2000a,d), Brown and Goetzmann (2003), and Locho (2002) presem more detailed
performanceattribution and \style" analysisfor hedgefunds.

Se\eral recernt empirical studies have challengedthe uncorrelatednessof hedge-fundre-
turns with market indexes,arguing that the standard methods of assessingheir risks and
rewards may be misleading. For example,Asness,Krail and Liew (2001) show that in sev-
eral caseswhere hedgefunds purport to be market neutral, i.e., funds with relatively small
market betas, including both contemporaneousand laggedmarket returns asregressorsand
summing the coe cien ts yields signi cantly higher market exposure. Moreover, in deriving
statistical estimators for Sharpe ratios of a sample of mutual and hedgefunds, Lo (2002)
proposesa better method for computing annual Sharpe ratios basedon monthly meansand
standard deviations, yielding point estimatesthat di er from the naive Sharpe ratio estima-
tor by as much as 70% in his empirical application. Getmansky Lo, and Makarov (2004)
focus directly on the unusual degreeof serial correlation in hedge-fundreturns, and argue
that illiquidit y exposureand smoothed returns are the most commonsourcesof sud serial
correlation. They also proposemethods for estimating the degreeof return-smoothing and
adjusting performancestatistics like the Sharpe ratio to accourt for serial correlation.

The persistenceof hedge-fundperformanceover various time intervals has also been
studied by seeral authors. Sud persistencemay be indirectly linked to serial correlation,
e.g., persistencein performanceusually implies positively autocorrelated returns. Agarwal
and Naik (2000c) examinethe persistenceof hedge-fundperformanceover quarterly, half-
yearly, and yearly intervals by examining the seriesof wins and lossesfor two, three, and
more consecutie time periods. Using net-of-feereturns, they nd that persistences highest
at the quarterly horizon and decreasesvhen moving to the yearly horizon. The authors

also nd that performancepersistencewheneer presen, is unrelated to the type of hedge
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fund strategy. Brown, Goetzmann, Ibbotson, and Ross(1992), Ackermann, McEnally, and
Ravenscraft(1999), and Baquero, Horst, and Verbeek (2004) show that survivorship bias|
the fact that most hedge-funddatabasesdo not cortain funds that were unsuccessfubnd
which went out of business|can aect the rst and secondmomerts and cross-momets
of returns, and generate spurious persistencein performancewhen there is dispersion of
risk among the population of managers. Howewer, using annual returns of both defunct
and currertly operating o shore hedgefunds between1989and 1995, Brown, Goetzmann,
and Ibbotson (1999) nd virtually no evidenceof performancepersistencein raw returns or
risk-adjusted returns, even after breaking funds down accordingto their returns-basedstyle
classi cations.

Fund o wsin the hedge-fundindustry have beenconsideredoy Agarwal, Daniel, and Naik
(2004) and Getmansky (2004), with the expected conclusionthat funds with higher returns
tend to receiwe higher net in o ws and funds with poor performancesu er withdrawals and,
evertually, liquidation, much like the casewith mutual funds and private equity.® Agarwal,
Daniel, and Naik (2004), Goetzmann, Ingersoll and Ross(2003), and Getmansky (2004) all
nd decreasingeturnsto scaleamongtheir samplesof hedgefunds, implying that an optimal
amourt of assetsunder managemehn exists for ead fund and mirroring similar ndings for
the mutual-fund industry by Perold and Salomon(1991) and the private-equity industry
by Kaplan and Sdtoar (2004). Hedge-fund survival rates have been studied by Brown,
Goetzmannand Ibbotson (1999), Fung and Hsieh (2000), Liang (2000,2001),Bares, Gibson
and Gyger (2003), Brown, Goetzmann and Park (2001b), Gregoriou (2002), and Amin and
Kat (2003b). Baquero,Horst, and Verbeek(2004) estimateliquidation probabilities of hedge
fundsand nd that they are greatly dependen on past performance.

The survival rates of hedgefunds have been estimated by Brown, Goetzmann and Ib-
botson (1999), Fung and Hsieh (2000), Liang (2000, 2001), Brown, Goetzmann and Park
(2001a,b),Gregoriou (2002), Amin and Kat (2003b), Bares, Gibson and Gyger (2003), and
Getmansky Lo, and Mei (2004). Brown, Goetzmann,and Park (2001b)show that the prob-
ability of liquidation increaseswith increasingrisk, and that funds with negative returns
for two consecutie years have a higher risk of shutting down. Liang (2000) nds that the
annual hedge-fundattrition rate is 8.3%for the 1994{1998sampleperiod using TASS data,
and Baquero,Horst, and Verbeek(2004) nd aslightly higherrate of 8.6%for the 1994{2000
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sampleperiod. Baquero,Horst, and Verbeek (2004) also nd that surviving funds outper-
form non-surviving funds by appraximately 2.1% per year, which is similar to the ndings

of Fung and Hsieh (2000,2002b)and Liang (2000), and that investmen style, size,and past
performanceare signi cant factors in explaining survival rates. Many of these patterns are
alsodocumernted by Liang (2000), Boyson (2002), and Getmansky Lo, and Mei (2004). In

particular, Getmansky Lo, and Mei (2004) nd that attrition ratesin the TASS database
from 1994to 2004di er signi cantly acrossinvestmert styles,from alow of 5.2%per yearon
averagefor convertible arbitrage funds to a high of 14.4%per year on averagefor managed
futures funds. They alsorelate a number of factors to theseattrition rates, including past
performance, volatility, and investmen style, and documernt di erences in illiquidity risk
betweenactive and liquidated funds. In analyzingthe life cycle of hedgefunds, Getmansky
(2004) nds that the liquidation probabilities of individual hedgefunds depend on fund-
speci ¢ characteristicssud as past returns, asset o ws, age,and assetsunder managemen
aswell, as category-sgci c variablessud as competition and favorable positioning within

the industry.

Brown, Goetzmann and Park (2001b) nd that half-life of the TASS hedgefunds is
exactly 30 months, while Brooks and Kat (2002) estimate that appraximately 30% of new
hedgefunds do not make it past 36 mornths due to poor performance,and in Amin and
Kat's (2003b) study, 40% of their hedgefunds do not make it to the fth year. Howell
(2001) obsened that the probability of hedgefunds failing in their rst year was 7.4%,
only to increaseto 20.3%in their secondyear. Poor-performing youngerfunds drop out of
databasesat a faster rate than older funds (seeGetmansky 2004,and Jen, Heasman,and
Boyatt, 2001), presumablybecauseyoungerfunds are more likely to take additional risks to
obtain good performancewhich they can useto attract new investors, whereasolder funds
that have survived already have track recordswith which to attract and retain capital.

A number of casestudies of hedge-fundliquidations have been published recerly, no
doubt spurredby the most well-known liquidation in the hedge-fundindustry to date: Long-
Term Capital Managemen (LTCM). The literature on LTCM is vast, spanninga number of
books, journal articles, and newsstories;a represetativ e sampleincludesGreenspan(1998),
McDonough (1998), Perold (1999), the Presidert's Working Group on Financial Markets
(1999), and MacKenzie (2003). Ineichen (2001) has compiled a list of selectedhedgefunds
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and analyzedthe reasonsfor their liquidations. Kramer (2001) focuseson fraud, providing
detailed accourts of six of history's most egregiouscases.Although it is virtually impossible
to obtain hard data on the frequencyof fraud among liquidated hedgefunds? in a study
of over 100 liquidated hedgefunds during the past two decadesFe er and Kundro (2003)
concludethat \half of all failures could be attributed to operational risk alone", of which
fraud is oneexample. In fact, they obsenethat \The mostcommonoperational issuegelated
to hedgefund losseshave been misrepresetation of fund investmens, misappropriation
of investor funds, unauthorized trading, and inadequate resources"(Fe er and Kundro,
2003, p. 5). The last of these issuesis, of course, not related to fraud, but Fe er and
Kundro (2003, Figure 2) report that only 6% of their sampleinvolved inadequateresources,
whereas41% involved misrepresetation of investmens, 30% misappropriation of funds,
and 14% unauthorized trading. Theseresults suggestthat operational issuesare indeedan
important factor in hedge-fundliquidations, and desere considerableattention by investors
and managersalike.

Collectively, thesestudiesshaw that the dynamicsof hedgefunds are quite di erent than

thoseof more traditional investmers, and the potential impact on systemicrisk is apparert.

3 The Data

It is clear from Section1 that hedgefunds exhibit unique and dynamic characteristicsthat
bearfurther study. Fortunately, the returns of many individual hedgefunds are now available
through a number of commercialdatabasessud asAltV est, CISDM, Hedgekind.net, HFR,
and TASS. For the empirical analysisin this paper, we use two main sources: (1) a set
of aggregatehedge-fundindex returns from CSFB/Tremort; and (2) the TASS database
of hedgefunds, which consistsof monthly returns and accompaiying information for 4,781
individual hedgefunds (as of August 2004)from February 1977to August 20041°

The CSFB/Tremort indexesare asset-veighted indexesof funds with a minimum of $10
million of assetaunder managemet (\A UM"), a minimum one-yeartrack record,and current
audited nancial statemers. An aggregateindex is computed from this universe,and 10
sub-indexesbasedon investmen style are also computed using a similar method. Indexes

are computedand rebalancedon a monthly frequencyand the universeof funds is rede ned
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on a quarterly basis.

Number of TASS Funds In:

Category Definition

Live Graveyard Combined

1 Convertible Arbitrage 127 49 176
2 Dedicated Short Bias 14 15 29
3 Emerging Markets 130 133 263
4 Equity Market Neutral 173 87 260
5 Event Driven 250 134 384
6 Fixed-Income Arbitrage 104 71 175
7 Global Macro 118 114 232
8 Long/Short Equity 883 532 1,415
9 Managed Futures 195 316 511
10 Multi-Strategy 98 41 139
11 Fund of Funds 679 273 952

Total 2,771 1,765 4,536

Table 3: Number of funds in the TASS Hedge Fund Live, Graveyard, and Combined
databasesfrom February 1977to August 2004.

The TASS databaseconsistsof morthly returns, assetsunder managemeh and other
fund-speci ¢ information for 4,781 individual funds from February 1977 to August 2004.
The databaseis divided into two parts: \Liv e" and \Graveyard" funds. Hedgefunds that
arein the \Liv e" databaseare consideredo be active asof August 31,2004 As of August,
2004,the conbined databaseof both live and dead hedgefunds contained 4,781 funds with
at least one monthly return obsenation. Out of these4,781funds, 2,920funds are in the
Live databaseand 1,861in the Graveyard database. The earliest data available for a fund
in either databaseis February 1977. TASS started tracking dead funds in 1994, henceit
is only since 1994 that TASS transferred funds from the Live databaseto the Graveyard
database. Funds that were dropped from the Live databaseprior to 1994 are not included
in the Graveyard database,which may yield a certain degreeof survivorship bias*?

The majority of 4,781funds reported returns net of managemenh and incertive feeson a
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morthly basis!® and we eliminated 50 funds that reported only grossreturns, leaving 4,731
fundsin the \Combined" database(2,893in the Live and 1,838in the Graveyard database).
We also eliminated funds that reported returns on quarterly|not monthly|basis, leav-
ing 4,705funds in the Combined database (2,884 in the Live and 1,821in the Graveyard
database). Finally, we dropped funds that did not report assetsunder managemet) or re-
ported only partial assetsunder managemet) leaving a nal sampleof 4,536hedgefundsin
the Combined databasewhich consistsof 2,771funds in the Live databaseand 1,765funds
in the Graveyard database.For the empirical analysisin Section4, we imposean additional
Iter in which we require funds to have at least v e yearsof non-missingreturns, leaving
1,226fundsin the Live databaseand 611in the Graveyard databasefor a combined total of
1,837funds. This obviously createsadditional survivorship biasin the remaining sampleof
funds, but sincethe main objective is to estimate measuresof illiquidit y exposureand not
to make inferencesabout overall performance,this Iter may not be as problematic.*4
TASS also classi es funds into one of 11 di erent investmen styles, listed in Table 3
and descriked in the Appendix, of which 10 correspnd exactly to the CSFB/T remort sub-
index de nitions. *® Table 3 alsoreports the number of funds in eat categoryfor the Live,
Graveyard, and Combined databases,and it is apparent from these gures that the rep-
resenation of investmen styles is not ewvenly distributed, but is concenrated among four
categories: Long/Short Equity (1,415), Fund of Funds (952), Managed Futures (511), and
Evert Driven (384). Together,thesefour categoriesaccourt for 71.9%of the funds in the
Combined database.Figure 1 shavs that the relative proportions of the Live and Graveyard
databasesare roughly comparable,with the exception of two categories: Funds of Funds
(24% in the Live and 15% in the Graveyard database),and Managed Futures (7% in the
Live and 18% in the Graveyard database). This re ects the current trend in the industry

towards funds of funds, and the somewhatslover growth of managedfutures funds.

3.1 CSFB/T remont Indexes

Table 4 reports summary statistics for the monthly returns of the CSFB/T remort indexes
from January 1994to August 2004. Also included for purposesof comparisonare summary
statistics for a number of aggregatemeasuresof market conditions which we will use later

asrisk factors for constructing explicit risk models for hedge-fundreturns in Section6, and
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Convertible Arbitrage Convertible Arbitrage
5% 3%

Dedicated Short Bias Dedicated Short Bias

Emerging Markets Fund of Funds Emerging Markets
5% 15% o,
Fund of Funds Equity Market Neutral
6% Equity Market Neutral
5%

Multi-Strategy
2%

Event Driven
Event Driven 8%

9%

Multi-Strategy

Fixed Income Arbitrage
4%
4%

Fixed Income Arbitrage Managed Futures
1% 18%

Global Macro Global Macro
Managed Futures

7%

Long/Short Equity Long/Short Equity
31% 30%

(a) Live Funds (b) Graveyard Funds

Figure 1. Breakdavn of TASS Live and Graveyard funds by category

their de nitions are givenin Table 23.

Table 4 shaws that there is considerableheterogeneiy in the historical risk and return
characteristics of the various categoriesof hedge-fundinvestmen styles. For example,the
annualizedmeanreturn rangesfrom 0:69%for DedicatedShortsellersto 13:85%for Global
Macro, and the annualizedvolatilit y rangesfrom 3:05%for Equity Market Neutral to 17:28%
for Emerging Markets. The correlations of the hedge-fundindexeswith the S&P 500 are
generallylow, with the largest correlation at 57.2%for Long/Short Equity, and the lowest
correlationat 75:6% for Dedicated Shortsellers|as investorshave discovered, hedgefunds
o er greater diversi cation bene ts than many traditional assetclasses. Howewer, these
correlationscanvary over time. For example,considerarolling 60-morth correlation between
the CSFB/T remort Multi-Strategy Index and the S&P 500from January 1999to Decenber
2003, plotted in Figure 2. At the start of the samplein January 1999, the correlation is

134%, then dropsto 21:7% a year later, and increaseso 31:0% by Decenber 2003 as
the outliers surrounding August 1998drop out of the 60-morth rolling window.

Although changesin rolling correlation estimatesare alsopartly attributable to estima-
tion errors}!® in this case,an additional explanation for the positive trend in correlation
is the enormousin o w of capital into multi-strategy funds and fund-of-funds over the past

Vv e years. As assetsunder managemeh increase,it becomesprogressiely moredi cult for
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fund managersto implemert strategiesthat are truly uncorrelatedwith broad-basedmarket
indexeslike the S&P 500. Moreover, Figure 2 shows that the correlation betweenthe Multi-
Strategy Index return and the lagged S&P 500 return has alsoincreasedin the past year,
indicating an increasein the illiquidit y exposure of this investmern style (see Getmansky
Lo, and Makarov, 2004 and Section4 below). This is also consistet with large in o ws of

capital into the hedge-fundsector.

40%
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Figure 2: 60-morth rolling correlations between CSFB/Tremort Multi-Strategy Index re-
turns and the conemporaneousand laggedreturn of the S&P 500, from January 1999to
Decenber 2003. Under the null h)boothesisof no correlation, the approximate standard error
of the correlation coe cient is 1= 60= 13%hencethe di erences betweenthe beginning-of-
sampleand end-of-samplecorrelations are statistically signi cant at the 1% level.

Despite their heterogeneiy, seeral indexesdo share a common characteristic: nega-
tive skewness.Convertible Arbitrage, Emerging Markets, Evert Driven, Distressed,Event-
Driven Multi-Strategy, Risk Arbitrage, Fixed-IncomeArbitrage, and Fund of Funds all have

skewnesscoe cien ts lessthan zero,in somecasessubstartially so. This property is an indi-
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Corr. p-

with value
Sample  Ann. S&P of LB-
Variable Size Mean Ann.SD 500 Min Med Max Skew Kurt r r, rs Q
CSFB/Tremont Indexes:

Hedge Funds 128 10.51 8.25 459 -755 078 853 0.12 195 120 4.0 -05 5438
Convert Arb 128 9.55 4.72 11.0 -468 1.09 357 -1.47 378 558 411 144 00
Dedicated Shortseller 128 -0.69 17.71 -756 -8.69 -0.39 2271 090 216 92 -36 09 731
Emerging Markets 128 8.25 17.28 47.2 -23.03 1.17 16.42 -0.58 401 305 16 -14 0.7
Equity Market Neutral 128 10.01 3.05 396 -115 081 326 025 023 298 202 93 00
Event Driven 128 10.86 5.87 543 -11.77 1.01 3.68 -3.49 2395 350 153 40 0.0
Distressed 128 12.73 6.79 535 -1245 118 410 -2.79 17.02 293 134 20 03
Event-Driven Multi-Strategy 128 9.87 6.19 46.6 -11.52 090 466 -270 1763 353 167 7.8 0.0
Risk Arb 128 7.78 4.39 447 -6.15 062 381 -127 614 273 -19 -97 12
Fixed Income Arb 128 6.69 3.86 -1.3 -6.96 077 202 -327 1705 392 82 20 0.0
Global Macro 128 13.85 11.75 209 -1155 119 1060 0.00 226 55 40 88 650
Long/Short Equity 128 11.51  10.72 57.2 -11.43 0.78 1301 026 361 169 6.0 -46 213
Managed Futures 128 6.48 1221 -226 -935 018 995 007 049 58 -96 -0.7 645
Multi-Strategy 125 9.10 4.43 56 -476 083 361 -130 359 -09 7.6 180 17.2
SP500 120 11.90 1584 100.0 -14.46 147 978 -061 030 -1.0 -22 73 864
Banks 128 21.19 13.03 558 -18.62 196 1139 -1.16 591 268 65 54 16
LIBOR 128 -0.14 0.78 35 -094 -001 063 -061 411 503 329 273 0.0
UsD 128 -0.52 7.51 73 535 -011 558 000 008 72 -32 64 715
Qil 128 15.17  31.69 -16 -2219 138 3659 025 117 -81 -136 166 7.3
Gold 128 121 1251 7.2 -9.31 -0.17 16.85 098 3.07 -13.7 -174 80 6.2
Lehman Bond 128 6.64 4.11 08 -271 050 350 -0.04 005 246 -63 52 32
Large Minus Small Cap 128 -1.97 13.77 76 -20.82 002 1282 -0.82 551 -135 47 6.1 36.6
Value Minus Growth 128 0.86 18.62 -489 -22.78 040 1585 -044 301 86 102 0.4 503
Credit Spread (not ann.) 128 4.35 1.36 -30.6 268 398 823 082 -030 941 879 832 0.0
Term Spread (not ann.) 128 1.65 116 -11.6 -007 120 385 042 -1.25 972 940 913 0.
VIX (not ann.) 128 0.03 398 -67.3 -1290 0.03 1948 0.72 481 -82 -175 -139 58

Table 4. Summary statistics for monthly CSFB/Tremort hedge-fundindex returns and
various hedge-fundrisk factors, from January 1994 to August 2004 (except for Fund of
Funds which beginsin April 1994,and SP500which endsin Decenber 2003).

21



cation of tail risk exposure,asin the caseof Capital Decimation Partners (seeSection1.1),
and is consistenh with the nature of the investmen strategiesemployed by funds in those
categories. For example, Fixed-Income Arbitrage strategiesare known to generatefairly
consisten prots, with occasionallossesthat may be extreme, hencea skewnesscoe cien t
of 3:27is not surprising. A more direct measureof tail risk or \fat tails" is kurtosis|the
normal distribution has a kurtosis of 3:00, so valuesgreater than this represen fatter tails
than the normal. Not surprisingly, the two categorieswith the most negative skewness|
Evert Driven ( 3:49) and Fixed-IncomeArbitrage ( 3:27)|also have the largest kurtosis,
23.95and 17.05,respectively.

Seeral indexes also exhibit a high degreeof positive serial correlation, as measured
by the rst three autocorrelation coe cients ;, 5, and 3, aswell asthe p-value of the
Ljung-Box Q-statistic, which measuregshe degreeof statistical signi cance of the rst three
autocorrelations!’ In comparisonto the S&P 500, which has a rst-order autocorrelation
coecient of 1:0%, the autocorrelations of the hedge-fundindexesare very high, with
valuesof 55:8% for Convertible Arbitrage, 39:2% for Fixed-IncomeArbitrage, and 35:0% for
Evert Driven, all of which are signi cant at the 1% level accordingto the correspnding p-
values. Serial correlation can be a symptom of illiquidit y risk exposure,which is particularly
relevant for systemicrisk, and we shall focuson this issuein more detail in Section4.

The correlationsamongthe hedge-fundindexesare givenin Table 5, and the ertries also
display a great deal of heterogenei, rangingfrom 71:9% (betweenLong/Short Equity and
Dedicated Shortsellers)and 93.:6% (betweenEvent Driven and Distressed). Howewer, these
correlations can vary through time as Table 6 illustrates, both becauseof estimation error
and through the dynamic nature of many hedge-fundinvestmen strategiesand the changes
in fund owsamongthem. Over the sampleperiod from January 1994to Decenber 2003,the
correlation betweenthe Convertible Arbitrage and Emerging Market Indexesis 31.8%,but
during the rst half of the samplethis correlation is 48.2%and during the secondhalf it is

5:8%. A graph of the 60-morth rolling correlation betweenthesetwo indexesfrom January
1999to Decenber 2003 provides a clue asto the sourceof this nonstationarity: Figure 3
shows a sharp drop in the correlation during the month of Septenber 2003. This is the rst
month for which the August 1998data point|the start of the LTCM ewert|is not included

in the 60-morth rolling window. Table 7 shaws that in August 1998, the returns for the
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Hedge Funds 100.0
Convert Arb 39.1 100.0
Dedicated Shortseller -46.7 -22.3 100.0
Emerging Markets 65.7 320 -56.8 100.0
Equity Market Neutral 320 30.0 -34.6 24.8 100.0
Event Driven 66.1 59.0 -629 665 39.3 100.0
Distressed 56.5 50.7 -623 57.7 357 93.6 100.0
Event-Driven Multi-Strategy 69.0 60.1 -540 67.1 37.3 93.0 749 100.0
Risk Arb 396 418 -506 441 321 697 580 66.6 100.0
Fixed Income Arb 40.7 53.0 -46 271 57 373 283 433 132 100.0
Global Macro 854 275 -11.0 415 186 369 295 427 129 415 100.0
Long/Short Equity 776 250 -71.9 589 342 652 570 639 517 17.0 40.6 100.0
Managed Futures 124 -181 211 -109 153 -21.2 -146 -244 -211 -6.7 268 -3.6  100.0
Multi-Strategy 16.0 35.0 -5.8 -3.2 20.6 15.9 10.9 19.7 5.9 27.3 11.3 14.5 -2.4 100.0

Table 5: Correlation matrix for CSFB/T remort hedge-fundindex returns, in percen, based
on monthly data from January 1994to August 2004.

Convertible Arbitrage and Emerging Market Indexeswere 4.64%and 2303, respectively.
In fact, 10 out of the 13 style-categoryindexesyielded negative returns in August 1998 ,many
of which were extreme outliers relative to the ertire sample period, hencerolling windows

cortaining this month canyield dramatically di erent correlationsthan thosewithout it.

3.2 TASS Data

To dewelop a senseof the dynamics of the TASS database,in Table 8 we report annual
frequencycourts of the funds addedto and exiting from the TASS databaseeadt year. Not
surprisingly, the number of hedgefundsin both the Live and Graveyard databasegyrows over
time. Table 8 shows that despitethe start date of February 1977,the databaseis relatively
sparselypopulated until the 1990's,with the largestincreasein new funds in 2001and the
largest number of funds exiting the databasein the most recen year, 2003. TASS began
tracking fund exits starting only in 1994, and for the un ltered sample of all funds, the
averageattrition rate from 1994{1999is 7.51%,which is very similar to the 8.54%attrition

rate obtained by Liang (2001)for the sameperiod. SeeSection5 for a more detailed analysis

of hedge-fundliquidations.
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Correlation Matrices For Five CSFB/T remont Hedge-F und Index Returns
Monthly Data, January 1994to Decenber 2003

Dedicated Emerging Equity Mkt Event
Short Mkts Neutral Driven Distressed

January 1994to Decenber 2003

Convert Arb 230 318 312 587 50:8
Dedicated Short 571 353 634 632
Emerging Mkts 220 67:8 59:2
Equity Mkt Neutral 379 34:9
Event-Driv en 938

January 1994to Decenber 1998

Convert Arb 252 48.2 321 68:4 616
Dedicated Short 52:6 435 66:2 691
Emerging Mkts 221 70.8 65.4
Equity Mkt Neutral 434 449
Event-Driv en 94:9

January 1999to Decenber 2003

Convert Arb 197 5:8 323 41:8 335
Dedicated Short 67:3 229 630 56:8
Emerging Mkts 221 60:6 452
Equity Mkt Neutral 20:8 6:4
Event-Driv en 914

Source: AlphaSimplex Group

Table 6: Correlation matrix for ve CSFB/Tremort hedge-fundindex returns, in percen,
basedon monthly data from January 1994to Deceniber 2003.
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Figure 3: 60-morth rolling correlationsbetween CSFB/T remort Convertible Arbitrage and
Emerging Market Index returns, from January 1999to Decenber 2003. The sharp decline
in Septenber 2003is due to the fact that this is the rst month in which the August 1998
obsenation is dropped from the 60-morth rolling window.
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CSFB/T remont Hedge-F und Index and Mark et-Index Returns
August to October 2003

August  Septenber October

Index 1998 1998 1998
Aggregate Index 7:55 2:31 4:57
Convert Arb 4:64 3:23 4:68
Dedicated Short 2271 4:98 8:69
Emerging Mkts 2303 7:40 1:68
Equity Mkt Neutral 0:85 0:95 2:48
Evernt-Driv en 1177 2:96 0:66
Distressed 1245 1:43 0:89
ED Multi-Strategy 11:52 4:74 0:26
Risk Arbitrage 6:15 0:65 2:41
Fixed Income Arb 1:46 374 6:96
Global Macro 4:84 5:12 1155
Long/Short Equity 11:43 3:.47 1.74
Managed Futures 9:95 6:87 1:21
Multi-Strategy 1:15 0:57 4:76
Ibbotson S&P 500 1446 6:41 8:13
Ibbotson Small Cap 2G:10 3:69 3:56
Ibbotson LT Corp Bonds 0:89 4:13 1:90
Ibbotson LT Govt Bonds 4:65 3:95 2:18

Source: AlphaSimplex Group

Table 7: Monthly returns of CSFB/Tremort hedge-fundindexesand Ibbotson stock and
bond indexes during August, Septenber, and October 1998, in percer. Note: ED =
Event Driven.
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Fixed
All Convert Ded Emrg EgMkt  Event Income Global L/S Man Multi-  Fund of
Year  Funds Arb Short Mkts  Neutral Driven Arb Macro  Equity Futures Strategy Funds

Number of Funds Added to the TASS Database Each Year

1977 3 0 0 0 0 2 0 0 0 1 0 0
1978 2 0 0 0 0 0 0 0 0 1 0 1
1979 2 0 0 0 0 0 0 1 0 1 0 0
1980 3 0 0 0 0 0 0 0 0 3 0 0
1981 3 0 0 0 0 0 0 0 1 1 0 1
1982 4 0 0 0 0 0 1 0 1 1 0 1
1983 9 0 0 0 0 1 0 1 3 3 0 1
1984 15 0 0 0 0 1 1 0 6 2 0 5
1985 9 0 1 0 0 1 0 1 0 1 0 5
1986 22 0 0 0 0 2 1 2 5 8 0 4
1987 28 0 0 0 0 2 0 2 10 7 1 6
1988 33 4 2 0 0 6 0 1 2 9 1 8
1989 43 1 0 3 3 7 1 2 7 10 0 9
1990 102 4 3 5 1 11 0 7 24 18 2 27
1991 89 2 2 5 1 11 1 11 17 20 1 18
1992 155 8 0 10 4 9 7 10 37 31 2 37
1993 247 7 3 21 3 18 10 12 55 64 10 44
1994 251 13 1 25 7 16 16 11 52 52 5 53
1995 299 12 0 34 10 27 12 19 74 41 7 63
1996 332 14 3 25 10 29 16 16 116 42 14 47
1997 356 10 3 40 14 31 15 19 118 37 13 56
1998 346 14 1 22 29 28 16 20 117 25 8 66
1999 403 10 4 26 36 29 13 12 159 35 10 69
2000 391 17 2 20 17 38 9 18 186 13 10 61
2001 460 25 1 5 49 34 20 15 156 18 16 121
2002 432 22 1 4 41 40 23 26 137 22 14 102
2003 325 11 1 12 23 21 12 15 83 23 14 110
2004 1 0 0 0 0 0 0 0 0 0 0 1
Number of Funds Exiting the TASS Database Each Year
1994 25 0 0 0 1 0 3 3 2 9 4 3
1995 62 0 1 1 0 1 2 5 7 30 2 13
1996 129 7 1 4 0 3 4 17 23 51 1 18
1997 106 3 1 8 0 3 5 7 17 37 3 22
1998 171 5 0 26 4 3 14 9 35 37 6 32
1999 190 3 1 18 15 20 8 16 45 41 2 21
2000 243 3 1 27 13 15 11 33 60 35 3 42
2001 263 5 6 28 9 22 7 9 112 19 1 45
2002 255 6 1 11 16 32 5 9 112 32 5 26
2003 297 10 1 14 32 24 9 9 112 23 18 45
2004 88 10 2 1 5 15 4 1 27 5 0 18

Table 8: Annual frequencycourts of erntries into and exits out of the TASS Hedge Fund
Databasefrom February 1977to August 2004. Note that prior to January 1994, exits were
not tracked.
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Table 9 cortains basic summary statistics for the funds in the TASS Live, Graveyard,
and Combined databases.Not surprisingly, there is a great deal of variation in meanreturns
and volatilities both acrossand within categoriesand databases. For example, the 127
Convertible Arbitrage fundsin the Live databasehave an averagemeanreturn of 9.92%and
an averagestandard deviation of 5.51%,but in the Graveyard database,the 49 Convertible
Arbitrage funds have an averagemeanreturn of 10.02%and a much higher averagestandard
deviation of 8.14%. Not surprisingly, average volatilities in the Graveyard databaseare
uniformly higher than those in the Live databasebecausethe higher-volatility funds are
more likely to be eliminated.!®

Average serial correlations also vary considerably across categoriesin the Combined
database, but six categoriesstand out: Convertible Arbitrage (31.4%), Fund of Funds
(19.6%),Evert Driven(18.4%),EmergingMarkets (16.5%), Fixed-IncomeArbitrage (16.2%),
and Multi-Strategy (14.7%). Given the descriptionsof these categoriesprovided by TASS
(seethe Appendix) and commonwisdom about the nature of the strategiesinvolved|these
categoriesinclude someof the most illiquid securitiestraded|serial correlation seemgo be
a reasonableproxy for illiquidit y and smoothed returns (seeLo, 2001;Getmansky Lo, and
Makarov, 2004; and Section 4 below). Alternativ ely, equities and futures are among the
most liquid securitiesin which hedgefunds invest, and not surprising, the average rst-order
serial correlationsfor Equity Market Neutral, Long/Short Equity, and ManagedFutures are
5.1%,9.5%, and 0:6%, respectively. Dedicated Shortsellerfunds also have a low average
rst-order autocorrelation, 5:9%, which is consistem with the high degreeof liquidity that
often characterizeshortsellers(by de nition, the ability to short a security implies a certain
degreeof liquidity).

Thesesummary statistics suggesthat illiquidit y and smoothed returns may beimportant
attributes for hedge-fundreturns which canbe capturedto somedegreeby serial correlation
and the time-seriesmodel of smaothing in Section4.

Finally, Table 10 reports the year-end assetsunder managemen for funds in eat of
the 11 TASS categoriesfor the Combined databasefrom 1977 to 2003, and the relative
proportions are plotted in Figure 4. Table 10 shows that the total assetsin the TASS
combined databaseis approximately $391billion, which is a signi cant percenage|though

not nearly exhaustive|of the estimated$1 trillion in the hedgefund industry today.’® The
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Annualized

Category Sample  Annualized Annualized SD Annualized Adjusted Ljung-Box p-

Size Mean (%) (%) r1(%) Sharpe Ratio Sharpe Ratio Value (%)

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

Live Funds

Convertible Arbitrage 127 9.92 5.89 5.51 4.15 33.6 19.2 2.57 4.20 1.95 2.86 19.5 27.1
Dedicated Shortseller 14 0.33 1111 25.10 10.92 35 10.9 -0.11 0.70 0.12 0.46 48.0 25.7
Emerging Markets 130 17.74 13.77 21.69 14.42 18.8 13.8 1.36 2.01 1.22 1.40 355 315
Equity Market Neutral 173 6.60 5.89 7.25 5.05 4.4 22.7 1.20 1.18 1.30 1.28 41.6 32.6
Event Driven 250 12.52 8.99 8.00 7.15 19.4 20.9 1.98 1.47 1.68 1.47 31.3 34.1
Fixed Income Arbitrage 104 9.30 5.61 6.27 5.10 16.4 23.6 3.61 11.71 3.12 7.27 36.6 35.2
Global Macro 118 10.51 11.55 13.57 10.41 1.3 17.1 0.86 0.68 0.99 0.79 46.8 30.6
Long/Short Equity 883 13.05 10.56 14.98 9.30 11.3 17.9 1.03 1.01 1.01 0.95 38.1 31.8
Managed Futures 195 8.59 18.55 19.14 12.52 3.4 13.9 0.48 1.10 0.73 0.63 52.3 30.8
Multi-Strategy 98 12.65 17.93 9.31 10.94 18.5 21.3 1.91 2.34 1.46 2.06 311 31.7
Fund of Funds 679 6.89 5.45 6.14 4.87 22.9 18.5 1.53 1.33 1.48 1.16 33.7 31.6

Graveyard Funds

Convertible Arbitrage 49  10.02 6.61 8.14 6.08 255 193 1.89 143 158 1.46 279 342
Dedicated Shortseller 15 177 941 27.54 18.79 81 132 0.20 044 0.25 048 554 252
Emerging Markets 133 274 2774 27.18 18.96 143 179 0.37 0091 047 111 485 346
Equity Market Neutral 87 7.61 26.37 12.35 13.68 6.4 204 052 1.23 0.60 1.85 46.6 315
Event Driven 134 9.07 15.04 12.35 12.10 16.6 211 122 1.38 113 143 39.3 342
Fixed Income Arbitrage 71 5,51 12.93 10.78  9.97 159 220 110 177 1.03 1.99 46.0 357
Global Macro 114 3.74 2883 21.02 18.94 32 215 0.33 1.05 0.37  0.90 46.2  31.0
Long/Short Equity 532 9.69 2275 23.08 16.82 6.4 198 0.48 1.06 048 117 478 313
Managed Futures 316 4.78 23.17 20.88 19.35 -29 187 0.26 0.77 0.37 097 484 309
Multi-Strategy 41 5.32 23.46 17.55 20.90 6.1 174 1.10 155 158 2.06 49.4 322
Fund of Funds 273 4.53 10.07 13.56 10.56 113 212 0.62 1.26 057 111 409 319

Combined Funds

Convertible Arbitrage 176 9.94 6.08 6.24 4.89 314 195 2.38 3.66 185 255 218 293
Dedicated Shortseller 29 1.08 10.11 26.36 15.28 59 122 0.05 0.59 0.19 046 520 252
Emerging Markets 263 10.16 23.18 24.48 17.07 165 16.2 0.86 1.63 084 131 422 337
Equity Market Neutral 260 6.94 1594 896 9.21 51 219 097 124 1.06 153 433 323
Event Driven 384 1131 1157 9.52  9.40 184 21.0 1.71 148 149 148 341 343
Fixed Income Arbitrage 175 7.76  9.45 8.10 7.76 16.2 229 259 9.16 229 586 404 356
Global Macro 232 7.18 22.04 17.21 1561 23 193 0.60 0.92 0.70  0.90 46,5 30.8
Long/Short Equity 1415 11.79 16.33 18.02 13.25 95 188 0.82 1.06 0.81 1.07 417 319
Managed Futures 511 6.23 21.59 20.22 17.07 -06 174 0.34 0091 0.50 0.88 49.8 309
Multi-Strategy 139 1049 19.92 11.74 15.00 147 209 1.67 216 149 2.05 36.7 329
Fund of Funds 952 6.22 717 826 7.75 19.6  20.0 1.27 137 121 122 358 318

Table 9: Meansand standard deviations of basic summary statistics for hedgefunds in the
TASSHedgeFund Live, Graveyard, and Combined databasedrom February 1977to August
2004. The columns 'p-Value(Q)' cortain meansand standard deviations of p-valuesfor the
Ljung-Box Q-statistic for ead fund usingthe rst 11 autocorrelationsof returns.
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Equity

Convert Dedicated Emerging Market Event Fixed Global Long/Short Managed Multi- Fund of

Year Arb Shortseller  Markets Neutral Driven Income Arb Macro Equity Futures Strategy Funds Total

1977 16.2 42.9 5.4 64.4
1978 221 53.2 18.0 32.2 125.5
1979 345 0.0 77.6 443 46.9 203.4
1980 52.7 0.1 110.6 55.1 76.9 295.4
1981 55 0.2 125.6 62.4 80.0 323.7
1982 3.5 76.9 13.5 0.3 174.3 72.2 172.0 512.8
1983 4.1 114.9 20.4 5.8 249.7 68.9 233.0 696.9
1984 3.7 168.7 23.0 6.2 345.0 68.8 245.6 860.9
1985 4.4 44.2 274.0 18.0 4.8 510.8 114.7 386.3 1,357.3
1986 5.2 63.4 387.5 64.9 132.6 737.3 180.7 641.9 2,213.4
1987 5.7 72.6 452.0 96.7 248.5 925.2 484.7 1,830.0 898.2 5,013.6
1988 275 108.5 17.9 1,012.1 95.1 265.2 1,324.8 775.4 1,821.6 1,318.7 6,766.9
1989 82.4 133.8 169.3 134.6 1,216.5 152.0 501.6 2,025.5 770.5 2H131%2 1,825.5 9,143.0
1990 188.2 260.4 330.3 156.5 1,383.4 289.0 1,964.9 2,609.8 1,006.6 2,597.8 2,426.2 13,213.2
1991 286.9 221.7 696.4 191.0 2,114.7 605.6 4,096.2 3,952.2 1,183.3 3,175.6 3,480.4 20,004.0
1992 1,450.7 237.0 1,235.4 316.2 2,755.3 928.2 7,197.0 5,925.5 1,466.8 3,778.0 4,941.8 30,231.9
1993 2,334.9 260.2 3,509.6 532.1 4,392.4 1,801.7 14,275.5 11,160.6 2,323.2 5,276.0 10,224.3 56,090.6
1994 2,182.4 388.2 5,739.4 577.2 5,527.6 2,237.5  11,822.6  12,809.7 2,965.4 43499  10,420.2  59,020.2
1995 2,711.1 342.8 5,868.8 888.3 7,025.5 3,279.6 12,835.3 17,257.1 2,768.8 6,404.2 11,816.1 71,197.5
1996 3,913.3 397.4 8,439.8 2,168.7 9,493.3 5,428.4 16,543.2 23,165.7 2,941.0 7,170.1 14,894.0 94,554.9
1997 6,488.7 581.5 12,780.2 3,747.4 14,508.8 9,290.5 25,917.6 31,807.0 3,665.0 10,272.4 21,056.9 140,116.1
1998 7,802.7 868.2 5,743.9 6,212.5 17,875.4 8,195.3 23,960.9 36,432.9 4,778.5 9,761.3 22,7785 144,410.3
1999 9,228.6 1,061.2 7,991.5 9,165.5 20,722.1 8,052.1 15,928.3 62,817.2 4,949.3 11,520.2 26,373.3 177,809.3
2000 13,365.2 1,312.7 6,178.7 13,507.5 26,569.6 8,245.0 4,654.9 78,059.0 4,734.8 10,745.2 31,378.5 198,751.0
2001 19,982.4 802.8 6,940.1 18,377.9 34,511.9 11,716.3 5,744.1 88,109.3 7,286.4 13,684.2 40,848.5 248,003.9
2002 23,649.4 812.8 8,664.8 20,008.2 36,299.0 17,256.8 8,512.8 84,813.5 10,825.4 16,812.1 51,062.7 278,717.4
2003 34,195.7 503.8 16,874.0 23,408.4 50,631.1 24,350.1 21,002.2 101,461.0 19,449.1 22,602.6 76,792.4  391,270.5

Table 10: Assetsunder managemen at year-endin millions of U.S. dollars for fundsin eat
of the 11 categoriesin the TASS Combined HedgeFund database,from 1977to 2003.
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two dominart categoriesin the most recen year are Long/Short Equity ($101.5billion) and
Fund of Funds ($76.8billion), but Figure 4 shavs that the relative proportions can change
signi cantly over time (seeGetmansky 2004for a more detailed analysisof fund owsin the

hedge-fundindustry).
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Figure 4: Relative proportions of assetsunder managemen at year-endin the 11 categories
of the TASS HedgeFund Combined database,from 1977to 2003.

4 Measuring llliquidit y Risk

The examplesof Section1 highlight the fact that hedgefunds exhibit a heterogeneousirray
of risk exposures,but a common theme surrounding systemic risk factors is credit and
liquidity. Although they are separatesourcesof risk exposuresfor hedgefunds and their
investors|one type of risk can exist without the other|nev ertheless,liquidity and credit
have beeninextricably intertwined in the minds of most investors becauseof the problems
encourtered by Long Term Capital Managemeh and many other xed-income relative-value
hedgefundsin August and Septenber of 1998. Becausemany hedgefunds rely on leverage,

the sizeof the positionsare often considerablylarger than the amourt of collateral postedto
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support thosepositions. Leveragehasthe e ect of a magnifying glass,expandingsmall pro t

opportunities into larger ones,but also expandingsmall lossesnto larger losses.And when
adversechangesin market pricesreducethe market value of collateral, credit is withdrawn
quickly, andthe subsequenforcedliquidation of large positionsover short periods of time can
lead to widespread nancial panic, asin the aftermath of the default of Russiangovernmert
debtin August 19982° Along with the mary bene ts of atruly global nancial systemis the
costthat a nancial crisisin onecourtry can have dramatic repercussionsn se\eral others,
i.e., cortagion.

The basicmedhanismsdriving liquidity and credit are familiar to most hedge-fundman-
agersand investors, and there has beenmuch progressin the recen literature in modeling
both credit and illiquidit y risk.? Howewer, the complexnetwork of creditor/obligor relation-
ships,revolving credit agreemets, and other nancial interconnectionsis largely unmapped.
Perhaps someof the newly dewloped techniquesin the mathematical theory of networks
will allow us to construct systemicmeasuredor liquidity and credit exposuresand the ro-
bustnessof the global nancial systemto idiosyncratic shocks. The \small-world" networks
consideredby Watts and Strogatz (1998)and Watts (1999)seemto be particularly promising

starting points.

4.1 Serial Correlation and llliquidit vy

A more immediate method for gauging the illiquidit y risk exposure of a given hedgefund
is to examinethe autocorrelation coe cients  of the fund's monthly returns, where
Cov[R;; R «]=Var[R.] is the k-th order autocorrelation of f R;g,?> which measureshe degree
of correlation betweenmorth t's return and month t k's return. To seewhy autocorrelations
may be usefulindicators of liquidity exposure,recall that one of the earliest nancial asset
pricing models is the martingale model, in which assetreturns are serially uncorrelated
( k= 0for all k& 0). Indeed, the title of Sanuelson's(1965) seminal paper|\Pro of that
Properly Anticipated Prices Fluctuate Randomly”|pro vides a succinct summary for the
motivation of the martingale property: In an informationally e cient market, price changes
must be unforecastableif they are properly anticipated, i.e., if they fully incorporate the
expectations and information of all market participants.

This extreme version of market e ciency is now recognizedas an idealization that is
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unlikely to hold in practice?® In particular, market frictions sud as transactions costs,
borrowing constrairts, costs of gathering and processinginformation, and institutional re-
strictions on shortsalesand other trading practicesdo exist, and they all cortribute to the
possibility of serial correlation in assetreturns which cannot easily be \arbitraged" away
precisely becauseof the presenceof these frictions. From this perspective, the degreeof
serial correlation in an asset'sreturns can be viewed as a proxy for the magnitude of the
frictions, and illiquidit y is one of most commonforms of sud frictions. For example, it is
well known that the historical returns of residertial real-estateinvestmens are considerably
more highly autocorrelatedthan, say, the returns of the S&P 500 indexesduring the same
sampleperiod. Similarly, the returns of S&P 500 futures cortracts exhibit lessserial corre-
lation than those of the index itself. In both examples,the more liquid instrument exhibits
lessserial correlation than the lessliquid, and the economicrationale is a modi ed version
of Sanuelson's(1965) argumert|predictabilit y in assetreturns will be exploited and elim-
inated only to the extert allowed by market frictions. Despite the fact that the returns to
residenial real estate are highly predictable, it is impossibleto take full advantage of such
predictability becauseof the high transactionscostsassaiated with real-estatetransactions,
the inability to shortsell properties, and other frictions.?*

A closelyrelated phenomenonthat buttressesthis interpretation of serial correlation in
hedge-fundreturns is the \nonsynchronous trading" e ect, in which the autocorrelation is
inducedin a securily's returns becausethose returns are computed with closing pricesthat
are not necessarilyestablishedat the sametime ead day (see,for example, Campbell, Lo,
and MacKinlay, 1997, Chapter 3). But in cortrast to the studies by Lo and MacKinlay
(1988,1990a)and Kadlec and Patterson (1999), in which they concludethat it is di cult to
generateserial correlationsin weekly U.S. equity portfolio returns much greater than 10%
to 15%through nonsyndironoustrading e ects alone, Getmansky Lo, and Makarov (2004)
arguethat in the cortext of hedgefunds, signi cantly higher levels of serial correlation can
be explainedby the conbination of illiquidit y and \p erformancesmaoothing” (seebelow), of
which nonsyntronoustrading is a special case.To seewhy, note that the empirical analysis
in the nonsyndronous-trading literature is dewted exclusiwely to exdange-tradedequity
returns, not hedge-fundreturns, hencethe correspnding conclusionsmay not be relevant

in this context. For example,Lo and MacKinlay (1990a) argue that securitieswould have
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to go without trading for seeral days on averageto induce serial correlations of 30%, and
they dismisssud nontrading intervals as unrealistic for most excdange-tradedU.S. equity
issues. Howewer, sud nontrading intervals are considerably more realistic for the types
of securitiesheld by many hedgefunds, e.g., emerging-marlet debt, real estate, restricted
securities,cortrol positionsin publicly traded companiesasset-baked securities,and other
exotic OTC derivatives. Therefore,nonsyntironoustrading of this magnitudeis likely to be
an explanation for the serial correlation obsened in hedge-fundreturns.

But evenwhenpricesare syndironously measured|as they arefor many fundsthat mark
their portfolios to market at the end of the mornth to strike a net-asset-alueat which investors
can buy into or cashout of the fund|there are seeral other channelsby which illiquidit y
exposure can induce serial correlation in the reported returns of hedgefunds. Apart from
the nonsyndironous-trading e ect, naive methods for determining the fair market value or
\marks" forilliquid securitiescanyield serially correlatedreturns. For example,oneapproat
to valuing illiquid securitiesis to extrapolate linearly from the most recer transaction price
(which, in the caseof emerging-marlet debt, might be seweral months ago), which yields
a price path that is a straight line, or at best a seriesof straight lines. Returns computed
from sudh marks will be smaother, exhibiting lower volatility and higher serial correlation
than true economicreturns, i.e., returns computed from mark-to-market prices where the
market is su cien tly activeto allow all available information to be impoundedin the price of
the security. Of course,for securitiesthat are more easily traded and with deeper markets,
mark-to-market pricesare more readily available, extrapolated marks are not necessaryand
serial correlation is thereforelessof an issue. But for securitiesthat are thinly traded, or not
traded at all for extendedperiods of time, marking them to market is often an expensiwe and
time-consuming procedurethat cannot easily be performed frequertly.?®> Therefore, serial
correlation may sere asa proxy for a fund's liquidity exposure.

Even if a hedge-fundmanagerdoesnot make useof any form of linear extrapolation to
mark the securitiesin his portfolio, he may still be subject to smoothed returns if he obtains
marks from broker-dealersthat engagein sud extrapolation. For example, considerthe
caseof a conscietious hedge-fundmanagerattempting to obtain the most accurate mark
for his portfolio at month end by getting bid/o er quotesfrom three independen broker-

dealersfor ewvery security in his portfolio, and then marking ead securily at the averageof
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the three quote midpoints. By averagingthe quote midpoints, the manageris inadvertertly
downward-biasingprice volatilit y, and if any of the broker-dealersemploy linear extrapolation
in formulating their quotes(and many do, through sheernecessi becausethey have little
elseto go on for the mostilliquid securities),or if they fail to update their quotesbecause
of light volume, serial correlation will alsobe inducedin reported returns.

Finally, a more prosaicchannel by which serial correlation may arisein the reported re-
turns of hedgefundsis through \p erformancesmaothing”, the unsavory practice of reporting
only part of the gainsin months when a fund has positive returns soasto partially o set
potential future lossesand thereby reducevolatilit y and improve risk-adjusted performance
measuressud asthe Sharpe ratio. For funds containing liquid securitiesthat can be easily
marked to market, performancesmaothing is more di cult and, as a result, lessof a con-
cern. Indeed, it is only for portfolios of illiquid securitiesthat managersand brokers have
any discretionin marking their positions. Sud practicesare generallyprohibited by various
securitieslaws and accouring principles, and great care must be exercisedin interpreting
smoothed returns as deliberate attempts to manipulate performancestatistics. After all,
as discussedabove, there are many other sourcesof serial correlation in the presenceof
illiquidit y, none of which is motivated by deceit. Newertheless,managersdo have certain
degreesof freedomin valuing illiquid securities|for example,discretionary accrualsfor un-
registered private placemens and verture capital investmertsland Chandar and Bricker
(2002) concludethat managersof certain closed-endmutual funds do use accourting dis-
cretion to managefund returns around a passive bendamark. Therefore, the possibility of
deliberate performancesmaothing in the lessregulated hedge-fundindustry must be kept in
mind in interpreting any empirical analysisof serial correlation in hedge-fundreturns.

Getmansky Lo, and Makarov (2004) addressheseissuesn moredetail by rst examining
other explanationsof serial correlation in hedge-fundreturns that are unrelatedto illiquidit y
and smoothing|in  particular, time-varying expected returns, time-varying leverage, and
incertive feeswith high-water marks|and shawing that none of them can accoun for the
magnitudesof serial correlation in hedge-fundreturns. They proposea speci ¢ econometric
model of smaoothed returns that is consisten with both illiquidit y exposureand performance
smoothing, and they estimateit using the historical returns of individual fundsin the TASS

hedge-funddatabase. They nd that funds with the most signi cant amourt of smoothing
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tend to be the more illiquid, e.g.,emergingmarket debt, xed income arbitrage, etc., and
after correcting for the e ects of smaothed returns, some of the most successfultypes of
funds tend to have considerablylessattractiv e performancecharacteristics.

Howewer, for the purpose of deweloping a more highly aggregatedmeasureto address
systemicrisk exposure,a simpler approad is to use serial correlation coe cien ts and the
Ljung-Box Q-statistic (seefootnote 17). To illustrate this approad, we estimate these
quartities using monthly historical total returns of the 10 largest (as of February 11, 2001)
mutual funds, from various start datesthrough June 2000,and 12 hedgefunds from various
inception datesto Decenber 2000. Monthly total returns for the mutual funds wereobtained
from the University of Chicago's Certer for Researb in Securities Prices. The 12 hedge
funds were selectedfrom the Altv est databaseto yield a diverserange of annual Sharpe
ratios (from 1 to 5) computedin the standard way (IO 12SR, where SR is the Sharpe ratio
estimator applied to monthly returns), with the additional requiremen that the funds have
aminimum v e-year history of returns.?® The namesof the hedgefunds have beenomitted
to maintain their privacy, and we will referto them only by their stated investmen styles,
e.g., Relative Value Fund, Risk Arbitrage Fund, etc.

Table 11 reports the means,standard deviations, *; to 75, and the p-values of the Q-
statistic usingthe rst six autocorrelationsfor the sampleof mutual and hedgefunds. The
rst subpanelshows that the 10 mutual funds have very little serial correlation in returns,
with rst-order autocorrelationsranging from 3:99%to 1237%, and with p-valuesof the
correspnding Q-statistics ranging from 10.95%to 80.96%,implying that none of the Q-
statistics is signi cant at the 5%level. The lack of serial correlation in these10 mutual-fund
returns is not surprising. Becauseof their sheersize,thesefunds consistprimarily of highly
liquid securitiesand, as a result, their managershave very little discretionin marking sud
portfolios. Moreover, marny of the SEC regulations that govern the mutual-fund industry,
e.g., detailed prospectuses,daily net assetvalue calculations, and quarterly lings, were
enactedspeci cally to guardagainstarbitrary marks, price manipulation, and other unsavory

investmen practices.
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Auto correlations of Mutual-F und and Hedge-F und Returns
Monthly Data, Various Sample Periods

Fund Start T N A N ) N3 Ny g "o p-value of
Date %) (%) (%) (%) (%) (%) (%) (%) Qs (%)
Mutual Funds :
Vanguard 500 Index 76:10 286 1:30 427 3:99 6:60 4:94 6:38 10:14 3:63 31:85
Fidelit y Magellan 67:.01 402 1:73 623 12:37 2:31 0:35 0:65 7:13 3:14 17:81
Investment Company of America  63:01 450 1:17 4:.01 1:84 3:23 4:48 1:61 6:25 5:60 55:88
Janus 70:03 364 1:52 475 10:49 0:04 374 8:16 2:12 0:60 30:32
Fidelit y Contrafund 67:.05 397 129 497 7:37 2:46 6:81 3:88 2:73 4:47 42:32
Washington Mutual Investors 63:01 450 1:13 409 0:10 7:22 2:64 0:65 11.55 2:61 16:73
Janus Worldwide 92:01 102 1:81 436 11:37 3:43 3:82 1542 21:36 10:33 10:95
Fidelit y Growth and Income 86:01 174 1:54 413 5:09 1:60 8:20 15:58 2:10 7:29 30:91
American Century Ultra 81:12 223 172 T:11 2:32 3:35 1:36 3:65 7:92 5:98 80:96
Growth Fund of America 64:07 431 1:18 5:35 8:52 2:65 4:11 3:17 3:43 0:34 52:45
Hedge Funds :
Convertible/Option  Arbitrage 92:05 104 1:63 0:97 4259 2897 21:35 2:91 5:89 9:72 0:00
Relativ e Value 92:12 97 066 021 2590 19:23 2:13  16:39 6:24 1:36 3:32
Mortgage-Bac ked Securities 93:01 96 1:33 0:79 4204 2211 16:73 22:58 6:58 1:96 0:00
High Yield Debt 94:06 79 1:30 0:87 3373 21:84 1313 0:84 1384 4:00 1:11
Risk Arbitrage A 93:07 90 1.06 0:69 4:85 10:80 6:92 8:52 9:92 3:06 74:10
Long/Short Equities 89:07 138 1:18 0:83 20:17 24:62 8:74 11:23 1353 16:94 0:05
Multi-Strategy A 95:01 72 1.08 0:75 48:88 23:38 3:35 0:79 2:31  12:82 0:06
Risk Arbitrage B 94:11 74 0:90 0:77 4:87 2:45 8:29 5:70 0:60 9:81 93:42
Convertible Arbitrage A 92:09 100 1:38 160 3375 30:76 7:88 9:40 3:64 4:36 0:06
Convertible Arbitrage B 94:07 78 0:78 0:62 32:36 9:73 4:46 6:50 6:33 10:55 8:56
Multi-Strategy B 89:06 139 1:34 1:63 49:01 24:60 10:60 8:85 7:81 7:45 0:00
Fund of Funds 94:10 75 1:68 229 29:67 2115 0:89 0:90 12:38 3:.01 6:75

Source: AlphaSimplex Group

Table 11: Means, standard deviations, and autocorrelation coe cien ts for morthly total returns of mutual funds and hedge
funds from various start datesthrough June 2000for the mutual-fund sampleand various start datesthrough Decenber 2000
for the hedge-fundsample.\ " denotesthe \g,—th autocorrelation coe cien t, and\ p-value of Q¢" denotesthe signi cance level
of the Ljung-Box (1978) Q-statistic T(T + 2) ﬁzl 2=(T k) which is asymptotically 3 under the null hypothesisof no serial
correlation.



The results for the 12 hedgefunds are considerablydi erent. In sharp cortrast to the
mutual-fund sample,the hedge-fundsampledisplays substartial serialcorrelation, with rst-
order autocorrelation coe cien ts that rangefrom 20:17%to 49:01%, with eight out of 12
fundsthat have Q-statistics with p-valueslessthan 5%, and 10 out of 12 funds with p-values
lessthan 10%. The only two funds with p-valuesthat are not signi cant at the 5% or 10%
levels are the Risk Arbitrage A and Risk Arbitrage B funds, which have p-valuesof 74.10%
and 93.42%,respectively. This is consistem with the notion of serial correlation as a proxy
for illiquidit y risk becauseamong the various types of funds in this sample,risk arbitrage
is likely to be the most liquid, since,by de nition, sud funds invest in securitiesthat are
exchange-tradedand where trading volume is typically heavier than usual becauseof the
impending mergerevens on which risk arbitrage is based.

To dewelop further intuition for serial correlation in hedge-fundreturns, we reproduce a
small portion of the analysisin Getmansky Lo, and Makarov (2004), in which they report
the serial correlation coe cien ts of the returns of the Ibbotson stock and bond indexes,the
Merrill Lynch Convertible Securitiesindex,?’ the CSFB/Tremort hedge-fundindexes,and
two mutual funds: the highly liquid Vanguard 500 Index Fund, and the considerablyless
liguid American ExpressExtra Income Fund.?® Table 12 cortains the autocorrelations, as
well as market betas (wherethe market return is takento be the S&P 500total return), and
cortemporaneousand laggedmarket betas®

Consistert with our interpretation of serial correlation as an indicator of illiquidit y, the
returns of the most liquid portfolios in Table 12|the Ibbotson Large Compary Index, the
Vanguard500Index Fund (which is virtually idertical to the IbbotsonLarge Compary Index,
exceptfor sampleperiod and tracking error), and the IbbotsonLong-Term Governmen Bond
Index|ha ve smallautocorrelation coe cien ts: 9.8%for the IbbotsonLarge Compary Index,

2:3% for the Vanguard500Index Fund, and 6.7%for the IbbotsonLong-Term Governmert
Bond Index. The laggedmarket betasof theseindexesare alsostatistically indistinguishable
from 0. Howewer, rst-order autocorrelationsof the lessliquid portfolios are: 15:6% for the
Ibbotson Small Compary Index, 15:6% for the Ibbotson Long-Term Corporate Bond Index,
6:4%for the Merrill Lynch Convertible Securitiesindex, and 35:4%for the American Express
Extra Income Fund, which, with the exception of the Merrill Lynch Convertible Securities

Index, are considerablyhigher than those of the more liquid portfolios.3® Also, the lagged
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market betas are statistically signi cant at the 5% level for the Ibbotson Small Compary
Index (a t-statistic for ";: 5.41),the IbbotsonLong-Term Governmert Bond Index (t-statistic
for “1:  2:30), the Merrill Lynch Convertible Securitiesindex (t-statistic for ";: 3.33), and
the AXP Extra Income Fund (t-statistic for ";: 4.64).

The results for the CSFB Hedge Fund Indexesin the secondpanel of Table 12 are
alsoconsistem with the empirical resultsin Table 11|indexes correspnding to hedge-fund
strategiesinvolving lessliquid securitiestend to have higher autocorrelations. For example,
the rst-order autocorrelationsof the Convertible Arbitrage, Emerging Markets, and Fixed-
Income Arbitrage Indexesare 56:6%, 29.4%, and 39:6%, respectively. In cortrast, the rst-
order autocorrelationsof the more liquid hedge-fundstrategiessut as DedicatedShort Bias
and ManagedFutures are 7:8% and 3:2%, respectively.

While these ndings are generallyconsisten with the resultsfor individual hedgefundsin
Getmansky Lo, and Makarov (2004),it shouldbe noted that the processof aggregationcan
changethe statistical behavior of any time series.For example,Granger(1980,1988)obsenes
that the aggregationof a large number of stationary autoregressie processesanyield atime
seriesthat exhibits long-term memory, characterizedby serial correlation coe cien ts that
decyg very slowly (hyperbolically, as opposedto geometricallyasin the caseof a stationary
ARMA process). Therefore, while it is true that the aggregationof a collection of illiquid
funds will generallyyield an index with smoothed returns,*! the reverseneednot be true|
smoothed index returns neednot imply that all of the funds comprisingthe index areilliquid.
The latter inferencecan only be madewith the bene t of additional information|essen tially
identi cation restrictions|ab out the statistical relations amongthe fundsin the index, i.e.,
covariancesand possibly other higher-orderco-momeitts, or the existenceof commonfactors
driving fund returns.

It is interesting to note that the rst laggedmarket beta, ";, for the CSFB/Tremort
Indexesis statistically signi cant at the 5% level in only three caseqConvertible Arbitrage,
Evert Driven, and Managed Futures), but the secondlaggedbeta, *, is signicant in ve
cases(the overall index, Convertible Arbitrage, Fixed Income Arbitrage, Global Macro,
and Long/Short). Obviously, the S&P 500 Index is likely to be inappropriate for certain
styles, e.g., Emerging Markets, and these somewhatinconsisten results suggestthat using

a laggedmarket-beta adjustmert may not completely accoun for the impact of illiquidit y
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and smoothed returns.

Overall, the patternsin Table12con rm our interpretation of serialcorrelation asproxies
for illiquidit y, and suggestthat there may be broaderapplications of this model of smoothed
returns to other investmen strategiesand assetclasses.

Of course,there are se\eral other aspectsof liquidity that are not captured by serial cor-
relation, and certain typesof trading strategiescan generateserial correlation even though
they invest in highly liquid instruments. In particular, conditioning variables sud as in-
vestmert style, the typesof securitiestraded, and other aspects of the market ervironment
shouldbe takeninto accoun, perhapsthrough the kind of risk modelsproposedin Section6
below. However, for the purposeof deweloping a measureof systemicrisk in the hedge-fund
industry, autocorrelation coe cients and Q-statistics provide a great deal of insight and

information in a corveniert manner.

4.2 An Aggregate Measure of llliquidit y

Having establishedthe relevanceof serial correlation asa proxy for illiquidit y, we now turn
to the measuremenof illiquidit y in the cortext of systemicrisk. To that end,let i; denote
the rst-order autocorrelation coe cient in month t for fund i using a rolling window of
past returns. Then an aggregatemeasureof illiquidity , in the hedge-fundsectormay be
obtained by a cross-sectionalveighted averageof theserolling autocorrelations, where the

weights ! j; are simply the proportion of assetsunder managemet for fund i:

¢ Vit 1t 9)
i=1

AUM;;

(10)
it AUMj,

where N, is the number of funds in the samplein morth t, and AUM;; is the assetsunder
managemeht for fund j in month t.

Figure 5 plots theseweighted correlations from January 1980to August 2004 using all
fundsin the TASS Combined databasewith at least 36 consecutie trailing morths of non-
missing returns, along with the number of funds each month (at the bottom, measuredby

the right vertical axis), and the median correlation in the crosssection (in yellow).3? The

40



1%

Auto correlations and Mark et Betas for Various Indexes and Mutual Funds

Mark et Mo del Contemp oraneous and Lagged Mark et Mo del
. . Mean SD n n n

Series Perio d T . S o o2 o 2 2
C et sy B0 %0 sECo) o sEC) 2 SE()
Ibb otson Small Compan y 192601{200112 912 1:35 8:63 15:6 1:7 10:6 1:27 0:03 66:9 1:25 0:03 0:16 0:03 0:03 0:03 68:0
Ibb otson Long-T erm Governmen t Bonds 192601{200112 912 0:46 2:22 6:7 0:3 8:3 0:07 0:01 2:8 0:07 0:01 0:03 0:01 0:02 0:01 3:6
Ibb otson Long-T erm Corp orate Bonds 192601{200112 912 0:49 1:96 15:6 0:3 6:0 0:08 0:01 5:2 0:08 0:01 0:01 0:01 0:01 0:01 5:3
Ibb otson Large Compan y 192601{200112 912 1:03 5:57 9:8 3:2 10:7 1:00 0:00 100:0 1:00 0:00 0:00 0:00 0:00 0:00 100:0
Merrill  Lync h Con vertibles Index 199401{200210 168 0:99 3:43 6:4 12:0 5:1 0:59 0:05 48:6 0:60 0:05 0:15 0:05 0:07 0:04 52:2
AXP Extra Income Fund (INEAX) 198401{200112 216 0:67 2:04 35:4 13:1 2:5 0:21 0:03 20:7 0:21 0:03 0:12 0:03 0:04 0:03 28:7
Vanguard 500 Index Trust (VFINX) 197609{200112 304 1:16 4:36 2:3 6:8 3:2 1:00 0:00 100:0 1:00 0:00 0:00 0:00 0:00 0:00 100:0

CSFB/T remon t Indices:
Aggregate Hedge Fund Index 199401{200210 106 0:87 2:58 11:2 4:1 0:4 0:31 0:05 24:9 0:32 0:05 0:06 0:05 0:16 0:05 32:1
Con vertible  Arbitrage 199401{200210 106 0:81 1:40 56:6 42:6 15:6 0:03 0:03 1:1 0:04 0:03 0:09 0:03 0:06 0:03 12:0
Dedicated Short Bias 199401{200210 106 0:22 5:29 7:8 6:3 50 0:94 0:08 58:6  0:93 0:08 0:06 0:08 0:08 0:08 59:3
Emerging Mark ets 199401{200210 106 0:54 5:38 29:4 1:2 2:1 0:62 0:11 24:0 0:63 0:11 0:19 0:11 0:03 0:12 26:2
Equit y Mark et Neutral 199401{200210 106 0:89 0:92 29:4 18:1 8:4 0:10 0:02 21:1 0:10 0:02 0:02 0:02 0:00 0:02 22:1
Event Driv en 199401{200210 106 0:83 1:81 34:8 14:7 3:8 0:23 0:04 30:2  0:23 0:03 0:11 0:03 0:04 0:03 38:2
Fixed Income Arbitrage 199401{200210 106 0:55 1:18 39:6 10:8 5:4 0:02 0:03 0:7 0:03 0:03 0:05 0:03 0:09 0:03 12:9
Global Macro 199401{200210 106 1:17 3:69 5:6 4:6 8:3 0:24 0:09 7:5 0:26 0:09 0:01 0:09 0:23 0:09 14:1
Long/Short 199401{200210 106 0:98 3:34 15:9 5:9 4:6 0:48 0:06 36:7 0:49 0:06 0:06 0:06 0:15 0:06 40:7
Managed Futures 199401{200210 106 0:55 3:44 3:2 6:3 0:7 0:12 0:08 2:5 0:13 0:08 0:17 0:08 0:02 0:08 7:8

Table 12: Autocorrelationsand cortemporaneousand laggedmarket betasfor the returns of various indexesand two mutual
funds, the Vanguard 500 Index Trust (which tracks the S&P 500index), and the AXP Extra Income Fund (which focuseson
high currernt incomeand investsin long-term high-yielding lower-rated corporate bonds). Total returns of the S&P 500index
are usedfor both market models.



median correlation is quite di erent from the asset-veighted correlation in the earlier part
of the sample, but asthe number of funds increasesover time, the behavior of the median
becomestloserto that of .

Figure 5 alsoshaws considerableswingsin ; over time, with dynamicsthat seemto be
related to liquidity events. In particular, considerthe following ewerts: betweenNovenber
1980 and July 1982, the S&P 500 dropped 23:8%; in October 1987 the S&P 500 fell by
21:8%; in 1990, the Japanese\bubble econony” burst; in August 1990, the Persian Gulf
War beganwith Irag's invasion of Kuwait, endingin January 1991with Kuwait's liberation
by coalition forces;in February 1994,the U.S. Federal Resene started a tightening cycle
that caught many hedgefunds by surprise, causingsigni cant dislocation in bond markets
worldwide; the end of 1994witnessedthe start of the \T equila Crisis" in Mexico; in August
1998, Russiadefaulted on its governmen debt; and between August 2000and Septeniber
2002,the S&P 500 fell by 46:3%. In ead of thesecasesthe weighted autocorrelation rose
in the aftermath, and in most casesabruptly. Of course,the fact that we are using a 36-
month rolling window suggeststhat as outliers drop out of the window, correlations can
shift dramatically. Howewer, as a coarsemeasureof liquidity in the hedge-fundsector, the

weighted autocorrelation seemdo be intuitiv ely appealing and informative.

5 Hedge-Fund Liquidations

Sincethe collapseof LTCM in 1998,it has becomeclear that hedge-fundliquidations can
be a signi cant sourceof systemicrisk. In this section, we consider se\eral measuresof
liquidation probabilities for hedgefundsin the TASS database,including a review of hedge-
fund attrition rates documerted in Getmansky Lo, and Mei (2004) and a logit analysis of
hedge-funddiquidations in the TASS Graveyard database.By analyzingthe factors driving
hedge-fundliquidations, we may dewelop a broader understanding of the likely triggers of
systemicrisk in this sector.

Becauseof the voluntary nature of inclusionin the TASS database,Graveyard funds do
not consist solely of liquidations. TASS gives one of sewen distinct reasonsfor eat fund
that is assignedo the Graveyard, ranging from \Liquidated" (status code 1) to \Unknown"

(status code 9). It may seemreasonableto con ne our attention to those Graveyard funds
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Figure 5. Monthly cross-sectionalmedian and weighted-mean rst-order autocorrelation
coe cien ts of individual hedgefunds in the TASS Combined hedge-funddatabasewith at
least 36 consecutiwe trailing morths of returns, from January 1980to August 2004.
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categorizedas Liquidated or perhapsto drop thosefunds that are closedto new investmert
(status code 4) from our sample. Howewer, becauseour purposeis to dewlop a broader
perspective on the dynamics of the hedge-fundindustry, we argue that using the ertire
Graveyard databasemay be moreinformative. For example,by eliminating Graveyard funds
that are closedto new investors,we createa downward bias in the performancestatistics of
the remaining funds. Becausewe do not have detailed information about ead of thesefunds,
we cannot easily determine how any particular selectioncriterion will a ect the statistical
properties of the remainder. Therefore, we chooseto include the ertire set of Graveyard
funds in our analysis, but caution readersto keepin mind the composition of this sample
when interpreting our empirical results.

For concretenessTable 13 reports frequencycourts for Graveyard funds in ead status
code and style category aswell as assetsunder managemen at the time of transfer to the
Graveyard.®® Thesecourts shav that 1,5710of the 1,765Graveyard funds, or 89%,fall into the
rst three categories,categoriesthat can plausibly be consideredliquidations, and within
eat of thesethree categories,the relative frequenciesacrossstyle categoriesare roughly
comparable,with Long/Short Equity being the most numerousand Dedicated Shortseller
being the least numerous. Of the remaining 194 funds with status codes 4{9, only status
code 4|funds that are closedto new investors|is distinctly dierent in character from the
other status codes. There areonly 7 fundsin this category andthesefundsareall likely to be
\successstories", providing somecounterbalanceto the many liquidations in the Graveyard
sample. Of course,this is not to say that 7 out of 1,765is a reasonableestimate of the
successgate in the hedge-fundindustry, becausewe have not included any of the Live funds
in this calculation. Newertheless,these7 funds in the Graveyard sampledo underscorethe
fact that hedge-funddata are subject to a variety of biasesthat do not always point in the
samedirection, and we prefer to leave them in so asto re ect thesebiasesas they occur
naturally rather than to create new biasesof our own. For the remainder of this article, we
shall refer to all funds in the TASS Graveyard databaseas \liquidations" for expositional
simplicity.

Figure 6 provides a visual comparisonof average means, standard deviations, Sharpe
ratios, and rst-order autocorrelation coe cients ; in the Live and Graveyard databases

(Table 9 contains basic summary statistics for the fundsin the TASS Live, Graveyard, and
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Fixed
All Convert Ded Emrg EqMkt Event Income Global L/S Mged Mult-  Fund of
Code Funds Arb Short Mkts  Neutral Driven Arb Macro Equity Futures Strat Funds

Frequency Count

1 913 19 7 78 65 50 29 53 257 190 30 135
2 511 21 4 34 12 56 26 29 187 43 7 92
3 147 4 1 7 8 17 3 17 54 18 1 17
4 7 0 0 0 0 1 2 0 3 0 0 1
5 56 2 1 5 0 6 3 6 16 9 1 7
7 2 0 0 0 0 1 0 0 1 0 0 0
9 129 3 2 9 2 3 8 9 14 56 2 21
Total 1,765 49 15 133 87 134 71 114 532 316 41 273
Assets Under Management
1 18,754 1,168 62 1,677 1,656 2,047 1,712 2,615 4,468 975 641 1,732
2 36,366 6,420 300 848 992 7,132 2,245 678 10,164 537 882 6,167
3 4,127 45 34 729 133 1,398 50 115 931 269 2 423
4 487 0 0 0 0 100 31 0 250 0 0 106
5 3,135 12 31 143 0 222 419 1,775 473 33 3 24
7 8 0 0 0 0 6 0 0 2 0 0 0
9 3,052 42 18 222 9 159 152 32 193 1,671 18 538

Total 65,931 7,686 445 3,620 2,789 11,063 4,610 5,215 16,482 3,484 1,546 8,991

Table 13: Frequencycourts and assetsunder managemen (in millions of dollars) of fundsin
the TASS Graveyard databaseby categoryand Graveyard status code: 1=fund liquidated:;
2=fund no longer reporting to tass; 3=T ASS has beenunable to cortact the managerfor
updated information; 4=fund closedto new investmen; 5=fund has mergedinto another
ertity; 7=fund dormart; 9=unknown assetsunder managemen are at the time of transfer
into the graveyard database.
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Combined databases). Not surprisingly, there is a great deal of variation in meanreturns
and volatilities both acrossand within categoriesand databases. For example, the 127
Convertible Arbitrage fundsin the Live databasehave an averagemeanreturn of 9.92%and
an averagestandard deviation of 5.51%,but in the Graveyard database,the 49 Convertible
Arbitrage funds have an averagemeanreturn of 10.02%and a much higher averagestandard
deviation of 8.14%. As expected,averagevolatilities in the Graveyard databaseare uniformly
higher than thosein the Live databasebecausehe higher-wlatilit y funds are more likely to
be eliminated. This e ect operatesat both endsof the return distribution|funds that are
wildly successfulre also more likely to leave the databasesincethey have lessmotivation
to advertise their performance.That the Graveyard databasealso corntains successfufunds
is supported by the fact that in somecategories,the averagemeanreturn in the Graveyard
databaseis the sameas or higher than in the Live database,e.g., Convertible Arbitrage,
Equity Market Neutral, and Dedicated Shortseller.

Figure 7 displays the histogram of year-to-date returns at the time of liquidation. The
fact that the distribution is skewedto the left is consistem with the convertional wisdomthat
performanceis a major factor in determining the fate of a hedgefund. Howeer, note that
thereis nontrivial weigh in right half of the distribution, suggestinghat recen performance
is not the only relevant factor.

Finally, Figure 8 provides a summary of two key characteristics of the Graveyard funds:
the agedistribution of funds at the time of liquidation, and the distribution of their assets
under managemeh The median age of Graveyard funds is 45 months, hencehalf of all
liquidated funds newer readed their fourth anniversary The mode of the distribution is 36
months. The median assetsunder managemen for fundsin the Graveyard databaseis $6.3
million, not an uncommonsizefor the typical startup hedgefund.

In Section 5.1, we documert the attrition rates of funds in the TASS database, both
in the aggregateand for eat style category Theseattrition rates provide crude baseline
measuref the likelihood of liquidation for a givenfund. To dewelop a more precisemeasure
that allows for cross-sectionalariability in the likelihood of liquidation|las a function of
fund characteristicssud asassetsunder managemeth and recen performance|w e estimate

a logit model for hedge-fundliquidations in Section5.2.
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Figure 6: Comparisonof averagemeans,standard deviations, Sharpe ratios, and rst-order
autocorrelation coe cien ts for categoriesof fundsin the TASSLive and Graveyard databases
from January 1994to August 2004.
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Figure 7: Histogram of year-to-datereturn at the time of liquidation of hedgefunds in the
TASS Graveyard database,January 1994to August 2004.
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dation for fundsin the TASS Graveyard database,January 1994to August 2004.
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5.1 Attrition Rates

To dewelop a senseof the dynamicsof the TASS databaseand the birth and death rates of
hedgefunds over the past decade?* in Table 14 we report annual frequencycourts of the
fundsin the databaseat the start of eat year, funds entering the Live databaseduring the
year, fundsexiting during the yearand moving to the Graveyard database,and fundsertering
and exiting within the year. The panel labelled \All Funds" cortains frequencycourts for
all funds, and the remaining 11 panelscortain the samestatistics for eat category Also
included in Table 14 are attrition rates, de ned asthe ratio of funds exiting in a given year
to the number of existing funds at the start of the year, and the performanceof the category
asmeasuredby the annual compound return of the CSFB/T remort Index for that category

For the un ltered sampleof all fundsin the TASS database,and over the sampleperiod
from 1994to 2003,the averageattrition rate is 8.8%3° This is similar to the 8.5%attrition
rate obtained by Liang (2001) for the 1994-to-199%ampleperiod. The aggregateattrition
rate risesin 1998, partly dueto LTCM's demiseand the dislocation causedby its aftermath.
The attrition rate increasego a peakof 11.4%in 2001,mostly dueto the Long/Short Equity
category|presumably the result of the bursting of the technology bubble.

Although 8.8%is the averageattrition rate for the ertire TASSdatabase there is consid-
erablevariation in averageattrition rates acrosscategories.Averagingthe annual attrition

rates from 1994{2003within ead categoryyields the following:

Convertible Arbitrage: 5.2% Global Macro: 12.6%
Dedicated Shortseller: 8.0% Long/Short Equity:  7.6%
Emerging Markets: 9.2% ManagedFutures:  14.4%
Equity Market Neutral: 8.0% Multi-Strategy: 8.2%
Evert Driven: 5.4% Fund of Funds: 6.9%

Fixed Income Arbitrage: 10.6%

Theseaveragesillustrate the di erent risks involved in ead of the 11 investmen styles. At
5.2%, Convertible Arbitrage enjoys the lowest averageattrition rate, which is not surprising
sincethis category has the second-lavest averagereturn volatility of 5.89% (seeTable 9).
The highest averageattrition rate is 14.4%for Managed Futures, which is also consisten
with the 18.55%averagevolatilit y of this category the highestamongall 11 categories.

Within ead category the year-to-year attrition rates exhibit di erent patterns, partly
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attributable to the relative performanceof the categories.For example,Emerging Markets
experienceda 16.1% attrition rate in 1998, no doubt becauseof the turmoil in emerging
markets in 1997 and 1998, which is re ected in the 37:7% return in the CSFB/T remort
Index Emerging Markets Index for 1998. The opposite pattern is also presen|during pe-
riods of unusually good performance,attrition rates decline, asin the caseof Long/Short
Equity from 1995to 2000 where attrition rates were 3.2%, 7.4%, 3.9%, 6.8%, 7.4% and
8.0%, respectively. Of course,in the three years following the bursting of the technology
bubble|2001 to 2003|the attrition rates for Long/Short Equity shot up to 13.4%,12.4%,
and 12.3%,respectively. Thesepatterns are consistem with the basiceconomicof the hedge-
fund industry: good performancebegetsmore assetsunder managemen greater business
leverage,and staying power; poor performanceleadsto the Graveyard.

To dewelop a better senseof the relative magnitudesof attrition acrosscategories,Table
15 and Figure 9(a) provide a decomposition by category where the attrition ratesin eah
categoryare renormalizedso that whenthey are summedacrosscategoriesin a given year,
the result equalsthe aggregateattrition rate for that year. From theserenormalized gures,
it is apparert that there is an increasein the proportion of the total attrition rate due to
Long/Short Equity fundsbeginningin 2001. In fact, Table 15shavsthat of the total attrition
rates of 11.4%,10.0%,and 10.7%in years2001{2003,the Long/Short Equity categorywas
responsible for 4.8, 4.3, and 4.1 percenage points of thosetotals, respectively. Despite the
fact that the averageattrition rate for the Long/Short Equity categoryis only 7.6% from
1994to 2003,the funds in this categoryare more numerous,hencethey cortribute more to
the aggregateattrition rate. Figure 9(b) providesa measureof the impact of theseattrition
rates on the industry by plotting the total assetsunder managemen of funds in the TASS
databasealongwith the relative proportions in eat category Long/Short Equity funds are
indeed a signi cant fraction of the industry, hencethe increasein their attrition rates in

recent yearsmay be causefor someconcern.
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TS

Intra- Intra- Intra-

Year Year Year
Entry Index Entry Index Entry Index
Existing  New New and Total Attrition Return Existing  New New and Total Attrition Return Existing New New and Total Attrition Return
Year Funds Entries Exits Exit Funds Rate (%) (%) Funds Entries Exits Exit Funds Rate (%) (%) Funds Entries Exits Exit Funds Rate (%) (%)
All Funds Equity Markets Neutral Long/Short Equity
1994 769 251 23 2 997 3.0 -4.4 12 7 1 0 18 8.3 -20 168 52 2 0 218 1.2 -8.1
1995 997 299 61 1 1,235 6.1 21.7 18 10 0 0 28 0.0 11.0 218 74 7 0 285 3.2 23.0
1996 1,235 332 120 9 1,447 9.7 222 28 10 0 0 38 0.0 16.6 285 116 21 2 380 7.4 171
1997 1,447 356 100 6 1,703 6.9 259 38 14 0 0 52 0.0 14.8 380 118 15 2 483 3.9 215
1998 1,703 346 162 9 1,887 9.5 -0.4 52 29 2 2 79 3.8 133 483 117 33 2 567 6.8 17.2
1999 1,887 403 183 7 2,107 9.7 234 79 36 14 1 101 17.7 15.3 567 159 42 3 684 7.4 47.2
2000 2,107 391 234 9 2,264 111 4.8 101 17 13 0 105 12.9 15.0 684 186 55 5 815 8.0 21
2001 2,264 460 257 6 2,467 11.4 4.4 105 49 9 0 145 8.6 9.3 815 156 109 3 862 13.4 -3.7
2002 2,467 432 246 9 2,653 10.0 3.0 145 41 14 2 172 9.7 74 862 137 107 5 892 12.4 -1.6
2003 2,653 325 285 12 2,693 10.7 155 172 23 32 0 163 18.6 7.1 892 83 110 2 865 12.3 17.3
2004 2,693 1 87 1 2,607 3.2 2.7 163 0 5 0 158 3.1 4.7 865 0 27 0 838 3.1 15
Convertible Arbitrage Event Driven Managed Futures
1994 26 13 0 0 39 0.0 -8.1 71 16 0 0 87 0.0 0.7 181 52 8 1 225 4.4 11.9
1995 39 12 0 0 51 0.0 16.6 87 27 1 0 113 11 18.4 225 41 30 0 236 133 -7.1
1996 51 14 7 0 58 13.7 17.9 113 29 3 0 139 2.7 23.0 236 42 49 2 229 20.8 12.0
1997 58 10 3 0 65 52 145 139 31 3 0 167 22 20.0 229 37 36 1 230 15.7 3.1
1998 65 14 5 0 74 7.7 -4.4 167 28 2 1 193 1.2 -4.9 230 25 37 0 218 16.1 20.7
1999 74 10 3 0 81 4.1 16.0 193 29 19 1 203 9.8 223 218 35 40 1 213 18.3 -4.7
2000 81 17 3 0 95 3.7 25.6 203 38 15 0 226 7.4 7.2 213 13 35 0 191 16.4 4.3
2001 95 25 5 0 115 5.3 14.6 226 34 19 3 241 8.4 115 191 18 19 0 190 9.9 1.9
2002 115 22 6 0 131 5.2 4.0 241 40 30 2 251 12.4 0.2 190 22 32 0 180 16.8 18.3
2003 131 11 10 0 132 7.6 12.9 251 21 23 1 249 9.2 20.0 180 23 21 2 182 11.7 14.2
2004 132 0 10 0 122 7.6 0.6 249 0 15 0 234 6.0 5.7 182 0 5 0 177 2.7 -7.0
Dedicated Shortseller Fixed Income Arbitrage Multi-Strategy
1994 11 1 0 0 12 0.0 14.9 22 16 3 0 35 13.6 0.3 17 5 3 1 19 17.6 —
1995 12 0 1 0 11 8.3 -7.4 35 12 2 0 45 5.7 12.5 19 7 2 0 24 10.5 11.9
1996 11 3 1 0 13 9.1 -5.5 45 16 4 0 57 8.9 15.9 24 14 1 0 37 4.2 14.0
1997 13 3 1 0 15 7.7 0.4 57 15 4 1 68 7.0 9.4 37 13 3 0 47 8.1 18.3
1998 15 1 0 0 16 0.0 -6.0 68 16 14 0 70 20.6 -8.2 47 8 5 1 50 10.6 7.7
1999 16 4 1 0 19 6.3 -14.2 70 13 8 0 75 11.4 12.1 50 10 2 0 58 4.0 9.4
2000 19 2 1 0 20 53 15.8 75 9 11 0 73 14.7 6.3 58 10 2 1 66 3.4 11.2
2001 20 1 6 0 15 30.0 -3.6 73 20 7 0 86 9.6 8.0 66 16 1 0 81 15 55
2002 15 1 1 0 15 6.7 18.2 86 23 5 0 104 5.8 5.7 81 14 5 0 90 6.2 6.3
2003 15 1 1 0 15 6.7 -32.6 104 12 9 0 107 8.7 8.0 90 14 14 4 90 15.6 15.0
2004 15 0 2 0 13 13.3 9.1 107 0 4 0 103 3.7 4.7 90 0 0 0 90 0.0 2.8
Emerging Markets Global Macro Fund of Funds
1994 44 25 0 0 69 00 125 50 11 3 0 58 6.0 -5.7 167 53 3 0 217 18 —
1995 69 34 1 0 102 14 -16.9 58 19 5 0 72 86 307 217 63 12 1 268 55 —
1996 102 25 4 0 123 39 345 72 16 13 4 75 181 256 268 47 17 1 298 6.3 —
1997 123 40 8 0 155 65 26.6 75 19 6 1 88 80 37.1 298 56 21 1 333 7.0 —
1998 155 22 25 1 152 16.1  -37.7 88 20 7 2 101 8.0 -3.6 333 66 32 0 367 9.6 —
1999 152 26 18 0 160 118 4438 101 12 15 1 98 14.9 58 367 69 21 0 415 57 —
2000 160 20 25 2 155 15.6 -55 98 18 33 0 83 337 117 415 61 41 1 435 9.9 —
2001 155 5 28 0 132 18.1 58 83 15 9 0 89 108 184 435 121 45 0 511 10.3 —
2002 132 4 11 0 125 8.3 74 89 26 9 0 106 101 147 511 102 26 0 587 51 —
2003 125 12 13 1 124 104 287 106 15 8 1 113 75 180 587 110 44 1 653 75 —
2004 124 0 1 0 123 0.8 3.1 113 0 1 0 112 0.9 4.4 653 1 17 1 637 2.6 —

Table 14: Attrition ratesfor all hedgefundsin the TASS HedgeFund database,and within ead style category from January
1994to August 2004. Index returns are annual compound returns of the CSFB/T remort Hedge-kind Indexes. Note: attrition

rates for 2004are se\erely downward-biasedbecausel ASStypically waits 8 to 10 months beforemoving a non-reporting fund
from the Live to the Graveyard database;therefore, as of August 2004, many non-reporting funds in the Live databasehave
not yet beenmoved to the Graveyard.
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Figure 9: Attrition rates and total assetsunder managemen for funds in the TASS Live
and Graveyard databasefrom January 1994to August 2004. Note: the data for 2004 is
incomplete,and attrition ratesfor this year are sewerely downward biasedbecauseof a 8- to
10-morth lag in transferring non-reporting funds from the Live to the Graveyard database.

5.2 Logit Analysis of Liquidations

To estimate the in uence of various hedge-fundcharacteristics on the likelihood of liqui-
dation, in this sectionwe report the results of a logit analysisof liquidations in the TASS
database. Logit can be viewed as a generalizationof the linear regressionmodel to situa-
tions wherethe dependert variable takeson only a nite number of discretevalues(see,for
example,Maddala, 1983, for details).

To estimate the logit model of liquidation, we usethe samesampleof TASS Live and
Graveyard fundsasin Section5.1: 4,536funds from February 1977to August 2004,0f which
1,765are in the Graveyard databaseand 2,771are in the Live database. As discussedin
Sections3.2and 5.1, the Graveyard databasewasinitiated only in January 1994,hencethis
will be the start date of our samplefor purposesof estimating the logit model of liquidation.
For tractabilit y, we focuson annual obsenations only, sothe dependen variable Z;; indicates
whetherfund i is live or liquidated in yeart.%® SeeTable 8 for a frequencycourt of the funds
ertering and exiting the TASS databasein eat year. Over the sampleperiod from January
1994to August 2004, we have 23,925distinct obsenations for Z;;, and after Itering out
fundsthat do not have at least 2 yearsof history, we are left with 12,8950bsenations.

Assciated with ead Zj; is a set of explanatory variableslisted in Table 16. The moti-
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Fixed
Convert Ded Emrg EqMkt Event Income  Global L/S Man Multi-  Fund of
Year All Funds Arb Short Mkts Neutral  Driven Arb Macro Equity Futures Strategy Funds

Total Attrition Rates and Components by Category (in %)

1994 3.0 0.0 0.0 0.0 0.1 0.0 0.4 0.4 0.3 1.0 0.4 0.4
1995 6.1 0.0 0.1 0.1 0.0 0.1 0.2 0.5 0.7 3.0 0.2 1.2
1996 9.7 0.6 0.1 0.3 0.0 0.2 0.3 11 1.7 4.0 0.1 1.4
1997 6.9 0.2 0.1 0.6 0.0 0.2 0.3 0.4 1.0 25 0.2 15
1998 9.5 0.3 0.0 15 0.1 0.1 0.8 0.4 1.9 2.2 0.3 1.9
1999 9.7 0.2 0.1 1.0 0.7 1.0 0.4 0.8 2.2 21 0.1 11
2000 11.1 0.1 0.0 1.2 0.6 0.7 0.5 1.6 2.6 17 0.1 1.9
2001 11.4 0.2 0.3 1.2 0.4 0.8 0.3 0.4 4.8 0.8 0.0 2.0
2002 10.0 0.2 0.0 0.4 0.6 1.2 0.2 0.4 4.3 13 0.2 11
2003 10.7 0.4 0.0 0.5 1.2 0.9 0.3 0.3 4.1 0.8 0.5 1.7
2004 3.2 0.4 0.1 0.0 0.2 0.6 0.1 0.0 1.0 0.2 0.0 0.6
Mean 8.8 0.2 0.1 0.7 0.4 0.5 0.4 0.6 2.4 19 0.2 1.4
SD 2.7 0.2 0.1 0.5 0.4 0.4 0.2 0.4 1.6 1.0 0.2 0.5

Annual Returns of CSFB/Tremont Hedge Fund Indexes by Category (in %)

1994 -4.4 -8.1 14.9 125 -2.0 0.7 0.3 -5.7 -8.1 11.9 b b
1995 21.7 16.6 -7.4 -16.9 11.0 18.4 125 30.7 23.0 7.1 11.9 b
1996 22.2 17.9 -5.5 34.5 16.6 23.0 15.9 25.6 17.1 12.0 14.0 b
1997 25.9 145 0.4 26.6 14.8 20.0 9.4 37.1 215 3.1 18.3 b
1998 -0.4 4.4 -6.0 -37.7 13.3 -4.9 -8.2 -3.6 17.2 20.7 7.7 b
1999 23.4 16.0 -14.2 44.8 15.3 22.3 121 5.8 47.2 -4.7 9.4 b
2000 4.8 25.6 15.8 -5.5 15.0 7.2 6.3 11.7 2.1 4.3 11.2 b
2001 4.4 14.6 -3.6 5.8 9.3 115 8.0 18.4 -3.7 1.9 55 b
2002 3.0 4.0 18.2 7.4 7.4 0.2 5.7 14.7 -1.6 18.3 6.3 b
2003 155 12.9 -32.6 28.7 7.1 20.0 8.0 18.0 17.3 14.2 15.0 b
2004 2.7 0.6 9.1 3.1 4.7 5.7 4.7 4.4 15 -7.0 2.8 b
Mean 11.6 11.0 -2.0 10.0 10.8 11.8 7.0 15.3 13.2 7.5 11.0 b
SD 11.3 10.5 155 25.2 5.6 104 6.8 13.9 16.5 9.4 43 b
Total Assets Under Management (in $MM) and Percent Breakdown by Category (in %)
1994 57,684 3.8 0.7 9.3 1.0 9.5 3.9 20.5 20.7 51 75 18.0
1995 69,477 3.9 0.5 8.1 1.3 10.0 4.7 18.5 22.9 4.0 9.2 17.0
1996 92,513 4.2 0.4 8.7 2.3 10.1 5.9 17.9 23.4 3.2 7.8 16.1
1997 137,814 4.7 0.4 8.9 2.7 10.4 6.7 18.8 21.9 2.7 7.5 15.3
1998 142,669 5.5 0.6 4.0 4.4 12.5 5.7 16.8 24.4 3.3 6.8 16.0
1999 175,223 53 0.6 4.6 5.2 11.7 4.6 9.1 34.5 2.8 6.6 151
2000 197,120 54 0.5 25 5.5 10.6 3.3 1.9 31.1 1.9 4.4 12.7
2001 246,695 8.1 0.3 2.8 7.4 13.9 4.7 2.3 35.3 3.0 5.5 16.6
2002 277,695 8.5 0.3 3.1 7.2 13.0 6.2 3.1 30.2 3.9 6.1 18.4
2003 389,965 8.8 0.1 43 6.0 13.0 6.2 5.4 25.7 5.0 5.8 19.7
2004 403,974 8.8 0.2 4.2 5.9 135 7.1 6.6 26.3 5.3 6.8 15.3
Mean 178,685 5.8 0.5 5.6 4.3 115 5.2 11.4 27.0 35 6.7 16.5
SD 103,484 1.9 0.2 2.8 24 15 1.1 7.8 5.3 1.0 14 2.0

Table 15: Decomposition of attribution rates by category for all hedgefunds in the TASS
HedgeFund database from January 1994to August 2004,and correspnding CSFB/T remort
Hedge-kind Index returns, and assetsunder managemet Note: attrition ratesfor 2004are
seerely downward-biased becauseTASS typically waits 8 to 10 months before moving a
non-reporting fund from the Live to the Graveyard database;therefore, as of August 2004,
marny non-reporting fundsin the Live databasehave not yet beenmoved to the Graveyard.
Consequetly, the reported meansand standard deviationsin all three panelsare computed

over the 1994{2003period.
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Variable De nition

AGE: The current ageof the fund (in months).
ASSETS : The natural logarithm of current total assetsunder managemen
ASSETS i: The natural logarithm of total assetsunder managemen as of Decem-

ber 31 of the previousyear.
RETURN : Current year-to-datetotal return.
RETURN ;: Total return last year.
RETURN ,: Total return two yearsago.

FLOW: Fund's current year-to-date total dollar in ow divided by previous
year's assetsunder managemety where dollar inow in month is
de ned asFLOW AUM AUM 4(1+R ) andAUM isthe total
assetsunder managemenhat the beginningof month , R isthe fund's
net return for month , and year-to-date total dollar in o w is simply
the cumulative sum of monthly in o ws since January of the currert
year.

FLOW : Previousyear'stotal dollar in o w divided by assetsunder managemet
the year before.

FLOW »,: Total dollar in o w two yearsagodivided by assetsunder managemen
the year before.

Table 16: De nition of explanatory variablesin logit analysisof hedge-fundliquidations in
the TASS databasefrom January 1994to August 2004.
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vation for AGE, ASSETS, and RETURN are well-known|older funds, funds with greater
assets,and funds with better recernt performanceare all lesslikely to be liquidated, hence
we would expect negative coe cien ts for these explanatory variables (recall that a larger
conditional meanfor Z implies a higher probability that Z;; = 1 or liquidation). The FLOW
variable is motivated by the well-known \return-c hasing” phenomenonin which investors
o ck to fundsthat have had good recen performance,and leave funds that have underper-
formed (see,for example,Chewalier and Ellison, 1997;Sirri and Tufano, 1998;and Agarwal,
Daniel and Naik, 2004).

Table 17 cortains summary statistics for these explanatory variables, as well as for the
dependert variable Z;;. Note that the sample mean of Z; is 0.09, which may be viewed
as an unconditional estimate of the probability of liquidation, and is consistem with the
attrition rate of 8.8%reported in Section5.13” The objective of performing a logit analysis
of Z;; is, of course,to estimatethe conditional probability of liquidation, conditional on the
explanatory variablesin Table 16.

Variable Mean SD Skew Kurt Min 10% 25% 50% 75% 90% Max
z 0.09 0.28 2.88 6.32 0.00 0.00 0.00 0.00 0.00 0.00 1.00
AGE 108.20 48.94 1.02 1.50 27 52 72 101 135 175 331
ASSETS 17.25 1.88 -0.33 0.32 7.67 14.82 16.06 17.34 18.53 19.58 23.01
ASSETS ;. 17.20 1.79 -0.29 0.29 8.11 14.87 16.07 17.28 18.42 19.42 23.01
RETURN 0.09 0.24 2.81 30.81 -0.96 -0.12 -0.01 0.06 0.16 0.31 4.55
RETURN_; 0.12 0.26 2.83 28.24 -1.00 -0.11 0.01 0.10 0.20 0.37 4.55
RETURN_, 0.13 0.32 22.37 1,340.37 -0.95 -0.10 0.01 0.10 0.22 0.38 20.85
FLOW 0.84 66.32 112.48  12,724.87 -1.98 -0.39 -0.16 0.00 0.21 0.71 7,505.99
FLOW, 1.07 67.34 108.00  11,978.17 -3.15 -0.38 -0.15 0.00 0.30 1.01 7,505.99
FLOW,, 0.85 15.82 74.41 5,857.91 -3.15 -0.33 -0.11 0.02 0.46 1.55 1,323.53

Table 17: Summary statistics for dependernt and explanatory variablesof a logit analysisof
hedge-fundliquidations in the TASS database,from 1994to 2004. Note that the dependen
variable Z takeson the value 1 in the year a hedgefund is liquidated, and is O in all prior
years. The units of measuremen for the explanatory variables are: morths for AGE, the
natural logarithm of millions of dollars for ASSETS, and raw ratios (not percenages) for
RETURN and FLOW.

The correlation matrix for Z; and the explanatory variablesis given in Table 18. As
expected,Z;; is negatively correlatedwith age,assetsunder managemet) cumulative return,
and fund ows, with correlationsranging from 26:2% for AGE to 5:8% for RETURN .

Table 18 alsoshawvs that assetsunder managemeni s highly persisten, with a correlation of
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VARIABLE Z AGE ASSETS ASSETS,; RETURN RETURN,; RETURN, FLOW FLOW, FLOW,,
Z 100.0 -26.2 -21.4 -17.3 -20.4 -14.6 -5.8 -13.0 -11.6 -6.8
AGE -26.2 100.0 13.8 13.2 15.9 8.5 5.5 -3.8 -9.7 -21.4
ASSETS -21.4 13.8 100.0 94.3 15.0 17.8 15.2 27.6 28.9 221
ASSETS; -17.3 13.2 94.3 100.0 1.4 111 14.0 2.6 23.8 22.1
RETURN -20.4 15.9 15.0 1.4 100.0 4.2 8.9 16.3 -0.7 1.0
RETURN_; -14.6 8.5 17.8 111 4.2 100.0 3.3 29.2 16.6 -2.9
RETURN,, -5.8 5.5 15.2 14.0 8.9 3.3 100.0 7.4 29.1 17.0
FLOW -13.0 -3.8 27.6 2.6 16.3 29.2 7.4 100.0 28.7 9.0
FLOW,, -11.6 -9.7 28.9 23.8 -0.7 16.6 29.1 28.7 100.0 28.6
FLOW,, -6.8 -21.4 22.1 22.1 1.0 -2.9 17.0 9.0 28.6 100.0

Table 18: Correlation matrix of dependen and explanatory variables of a logit analysis of
hedge-fundliquidations in the TASS database,from 1994to 2004. Note that the dependen
variable Z takeson the value 1 in the year a hedgefund is liquidated, and is O in all prior
years.

94:3% betweenits contemporaneousand laggedvalues. To avoid multicollinearity problems,
we include only the laggedvariable ASSETS ; in our logit analysis,yielding the following

nal speci cation which we call Model 1.:

Zy = G o+ 1AGE; + LASSETS 1+
sRETURN; + 4RETURN; 1 + sRETURNj o, +

eFLOW; + JFLOW; ; + gFLOW; o + i (11)

Table 19 contains maximum-likelihood estimatesof (11) in the rst three columns, with

statistically signi cant parametersin bold. Note that most of the parameter estimatesare
highly signi cant. This is due to the unusually large samplesize,which typically yields sta-
tistically signi cant estimatesbecauseof the small standard errorsimplied by large samples
(recall that the standard errors of consistet and asymptotically normal estimatorscornverge

to O at arate of 1:p

n wheren is the samplesize). This suggestghat we may wish to impose
a higher threshold of statistical signi cance in this case,so asto provide a better balance
betweenType | and Type Il errors38

The negative signsof all the coe cien ts other than the constart term con rm our intuition
that age,assetsunder managemety cumulative return, and fund ows all have a negative
impact on the probability of liquidation. The fact that RETURN , is not statistically

signi cant suggeststhat the most recen returns have the highest degreeof relevance for
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hedge-fundliquidations, a possibleindication of the short-term performance-driven nature
of the hedge-fundindustry. The R? of this regressionis 29.3%,which implies a reasonable
level of explanatory power for this simple speci cation. *°
To address xed e ects assaiated with the calendaryear and hedge-fundstyle category
in Model 2 we include indicator variablesfor 10 out of 11 calendaryears,and 10 out of 11
hedge-fundcategories,yielding the following speci cation:
Ao X0

Zg = G o # KI(YEAR i) + kI(CAT;ix) +
k=1 k=1

1AGE; + ,ASSETS 1+

sRETURN; + 4RETURN; 1 + sRETURNy 2 +

sFLOW; + FLOW; 1 + gFLOW; o + (12)
where
8
<1 ift=k
|(YEAR k;i;t) ) (13&)
- 0 otherwise
8
<1 if fundi isin Categoryk
I(CAT:it) . : (13b)

- 0 otherwise

The columns labelled \Mo del 2" in Table 19 cortain the maximum-likelihood estimates
of (12) for the samesampleof funds as Model 1. The coe cients for AGE, ASSETS, and
RETURN exhibit the samequalitativ e propertiesasin Model 1, but the xed-e ect variables
do provide someadditional explanatory power, yielding an R? of 34.2%. In particular, the
coe cients for the 1999 and 2000 indicator variables are higher than those of the other
year indicators, a manifestation of the impact of August 1998 and the collapseof LTCM

and other xed-income relative-value hedgefunds. The impact of LTCM can also be seen
from the coe cien ts of the categoryindicatorsjat 0.50, Fixed-Income Relative Value has
the largest estimate amongall 10 categories.ManagedFutures hasa comparablecoe cien t

of 0.49, which is consistet with the higher volatility of sud funds and the fact that this
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categoryexhibits the highestattrition rate, 14.4%,during the 1994{2003sampleperiod (see
Section 5.1). Howeer, the fact that Convertible Arbitrage and Event-Driv en categories
are the next largest, with coe cien ts of 0.44 and 0.33, respectively, is somewhatsurprising
given their unusually low attrition rates of 5.2% and 5.4%, respectively, reported in Section
5.1. This suggeststhat the conditional probabilities produced by a logit analysis|whic h
cortrol for assetsunder managemet) fund ows, and performance|yields information not
readily available from the unconditional frequencycourts of simple attrition statistics. The

remaining categoryindicators are statistically insigni cant at the 5% level.
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Model 1 Model 2 Model 3 Model 4 Model 5
Variable p-Value p-Value p-Value p-Value p-Value
b SE(b) %) b SE(b) ) b SE(b) ) b SE(b) %) b SE(b) %)

Sample Size 12,895 12,895 12,895 12,846 12,310

R? (%) 29.3 34.2 34.2 345 35.4

Constant 4.73 0.34 <.01 231 0.41 <.01 -5.62 0.18 <.01 -5.67 0.18 <.01 -7.04 0.26 <.01
AGE -0.03 0.00 <.01 -0.03 0.00 <.01 -1.62 0.07 <.01 -1.66 0.07 <.01 -2.08 0.10 <.01
ASSETS -0.26 0.02 <.01 -0.19 0.02 <.01 -0.34 0.04 <.01 -0.36 0.04 <.01 -0.38 0.06 <.01
RETURN -2.81 0.19 <.01 -2.86 0.20 <.01 -0.67 0.05 <.01 -0.67 0.05 <.01 -0.61 0.06 <.01
RETURN_; -1.39 0.16 <.01 -1.40 0.17 <.01 -0.36 0.04 <.01 -0.36 0.04 <.01 -0.44 0.06 <.01
RETURN., -0.04 0.09 67.5 -0.38 0.14 0.7 -0.12 0.04 0.7 -0.12 0.05 11 -0.17 0.07 1.3
FLOW -0.63 0.08 <.01 -0.49 0.07 <.01 -32.72 491 <.01 -33.27 5.04 <.01 -32.93 6.74 <.01
FLOW,; -0.13 0.04 0.0 -0.11 0.03 0.1 -7.53 2.33 0.1 -7.60 2.37 0.1 -19.26 4.71 <.01
FLOW,, -0.09 0.02 <.01 -0.11 0.02 <.01 -1.74 0.36 <.01 -1.64 0.36 <.01 -1.83 0.51 0.0
1(1994) 0.79 0.38 3.9 0.79 0.38 3.9 0.82 0.39 3.4 1.01 0.54 5.9
1(1995) 1.24 0.27 <.01 1.24 0.27 <.01 1.18 0.28 <.01 1.37 0.37 0.0
1(1996) 1.83 0.20 <.01 1.83 0.20 <.01 1.83 0.21 <.01 1.92 0.28 <.01
1(1997) 1.53 0.21 <.01 1.53 0.21 <.01 1.52 0.21 <.01 2.03 0.27 <.01
1(1998) 181 0.18 <.01 181 0.18 <.01 1.80 0.19 <.01 2.29 0.24 <.01
1(1999) 2.10 0.18 <.01 2.10 0.18 <.01 2.05 0.18 <.01 2.25 0.24 <.01
1(2000) 2.25 0.17 <.01 2.25 0.17 <.01 2.19 0.17 <.01 2.08 0.24 <.01
1(2001) 1.97 0.17 <.01 197 0.17 <.01 1.96 0.17 <.01 1.80 0.25 <.01
1(2002) 1.46 0.16 <.01 1.46 0.16 <.01 1.41 0.16 <.01 1.50 0.22 <.01
1(2003) 1.55 0.16 <.01 1.55 0.16 <.01 1.53 0.16 <.01 1.71 0.22 <.01
I(ConvertArb) 0.44 0.20 2.9 0.44 0.20 2.9 0.43 0.20 3.4 0.16 0.34 62.5
I(DedShort) 0.05 0.37 88.9 0.05 0.37 88.9 -0.03 0.39 94.3 0.20 0.49 68.0
I(EmrgMKkt) 0.25 0.15 10.2 0.25 0.15 10.2 0.24 0.15 11.7 0.54 0.20 0.7
I(EqMktNeut) 0.12 0.20 54.7 0.12 0.20 54.7 0.15 0.20 46.7 0.53 0.25 3.4
I(EventDr) 0.33 0.15 3.0 0.33 0.15 3.0 0.31 0.15 4.7 -0.01 0.24 97.4
I(FixedInc) 0.50 0.19 11 0.50 0.19 1.1 0.45 0.20 23 0.33 0.30 26.8
I(GlobMac) 0.32 0.18 7.4 0.32 0.18 7.4 0.24 0.18 20.2 0.33 0.25 17.9
I(LongShortEq) 0.18 0.11 10.2 0.18 0.11 10.2 0.15 0.11 16.6 0.14 0.15 36.4
I(MgFut) 0.49 0.12 <.01 0.49 0.12 <.01 0.49 0.13 0.0 0.71 0.16 <.01
I(MultiStrat) 0.17 0.25 49.4 0.17 0.25 49.4 0.18 0.25 48.5 0.85 0.29 0.3

Table 19: Maximum likelihood estimatesof a logit model for hedge-fundliquidations using annual obsenations of liquidation
status from the TASS database,for the sampleperiod January 1994to August 2004. The dependen variable Z takeson the
value 1 in the year a hedgefund is liquidated, and is O in all prior years.



To facilitate comparisonsacrossexplanatory variables, we standardize ead of the non-
indicator explanatory variablesby subtracting its meanand dividing by its standard devia-
tion and then re-estimating the parametersof (12) via maximum likelihood. This procedure
yields estimatesthat are renormalizedto standard deviation units of ead explanatory vari-
able, and are cortained in the columnslabelled \Mo del 3" of Table 19. The renormalized
estimatesshow that fund o wsare an order of magnitude moreimportant in determining the
probability of liquidation than assetsunder managemen returns or age, with normalized
coecients of 3272and 7:53for FLOW and FLOW 4, respectively.

Finally, we re-estimatethe logit model (12) for two subsetsof funds using standardized
explanatory variables. In Model 4, we omit Graveyard funds that have either mergedwith
other funds or are closedto new investmerts (status codes4 and 5), yielding a subsample
of 12,8460bsenations. And in Model 5, we omit all Graveyard funds except those that
have liquidated (status code 1), yielding a subsampleof 12,310o0bsenations. The last two
setsof columnsin Table 19 show that the qualitativ e featuresof most of the estimatesare
unchanged,with the fundsin Model 5 exhibiting somewhathigher sensitivity to the lagged
FLOW variable. Howewer, the category xed-e ects in Model 5 doesdi er in someways
from those of Models 2{4, with signi cant coe cien ts for Emerging Markets, Equity Market
Neutral, and Multi-Strategy, as well as for ManagedFutures. This suggestghat there are
signi cant di erences betweenthe full Graveyard sampleand the subsampleof funds with
status code 1, and bearsfurther study.

Becauseof the inherert nonlinearity of the logit model, the coe cien ts of the explanatory
variablescannotbe aseasilyinterpreted asin the linear regressiormodel. Oneway to remedy
this situation is to computethe estimatedprobability of liquidation implied by the parameter
estimates” and speci ¢ valuesfor the explanatory variables, which is readily accomplished
by observingthat:

Pit Prob(Zi; = 1) = Prob(Z; > 0) (14a)
_ 0 _ exp(X} )
= Prob(X; + i >0) T+ exp(X? (14b)
_0 N
Qt exmx it )A (14C)
1+ exp(X?
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Table 20 reports year-by-year summary statistics for the estimated liquidation proba-
bilities fpig of eah fund in our sample, where ead p; is computed using values of the
explanatory variablesin yeart. The left panel of Table 20 contains summary statistics for
estimatedliquidation probabilities from Model 1, and the right panelcorntains correspnding
gures from Model 5. We have alsostrati ed the estimatedliquidation probabilities by their
liquidation status|Liv e fundsin the top panel, Graveyard funds in the middle panel, and

the Combined sampleof funds in the bottom panel#°
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Statistic Model 1 Model 5

1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

Live Funds Live Funds
Mean 4.19 5.47 5.84 5.04 6.32 5.17 5.59 6.84 8.92 7.11 11.04 1.06 222 4.30 3.43 4.70 4.05 3.80 3.40 4.07 4.45 1.76
SD 7.49 9.33 11.15 9.74 9.66 8.61 8.15 9.23 10.15 8.00 10.91 3.28 6.01 10.97 8.70 9.51 8.87 7.72 6.76 6.58 6.33 2.70
Min 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10% 0.13 0.19 0.19 0.18 0.31 0.20 0.35 0.44 0.68 0.41 0.89 0.00 0.01 0.02 0.02 0.06 0.04 0.07 0.07 0.09 0.07 0.03
25% 0.43 0.51 0.52 0.56 0.99 0.79 1.10 1.39 2.05 1.45 2.66 0.02 0.04 0.09 0.10 0.27 0.23 0.33 0.33 0.44 0.43 0.15
50% 1.16 1.46 1.52 1.59 271 2.18 2.80 3.69 5.62 4.49 7.55 0.07 0.16 0.36 0.45 1.03 0.96 118 1.26 1.74 2.04 0.72
75% 4.21 6.03 5.11 4.83 7.20 5.55 6.54 8.39 12.01 10.22 16.31 0.52 1.25 2.61 2.26 4.03 3.22 3.49 3.63 4.75 6.01 231
90% 12.13 16.17 16.85 13.27 16.76 12.80 13.78 16.23 21.61 17.26  26.33 2.61 5.85 11.24 9.12 14.21 10.09 9.88 8.10 10.52 12.03 4.71
Max 52.49 58.30 72.97 90.06 77.63 87.06 75.83 92.36 79.02 92.44 79.96 35.62 42.56 76.54 86.91 77.72 80.45 75.95 91.82 73.06 81.10 29.28
Count 357 483 629 773 924 1,083 1,207 1,317 1,480 1,595 1,898 357 483 629 773 924 1,083 1,207 1,317 1,480 1,595 1,898
Graveyard Funds Graveyard Funds
Mean 36.59 3285 31.89 39.75 30.64 27.68 2278 2817 2522  21.55 17.01 | 24.23 2350 34.07 4230 36.17 3146 3255 2282  20.68 20.18 4.60
SD 2446 22.77 18.86 22.70 21.67 19.24 17.67  20.03 18.22 15.91 1430 | 2412 2012 25119 2695 2512 21.96 22.47 19.84 18.94 16.27 6.20
Min 491 2.50 1.05 0.25 0.00 0.53 0.22 0.98 0.13 0.02 0.25 1.00 4.92 1.88 1.49 0.00 0.11 0.02 0.51 0.03 0.03 0.04
10% 6.08 8.39 10.63 9.29 6.86 4.98 241 5.94 5.50 2.64 2.26 5.31 5.53 5.25 8.61 4.49 212 3.95 2.00 2.61 3.02 0.13
25% 22.06 16.28 17.47 2181 12.13 12.84 9.14 12.07 10.58 8.32 6.43 11.79 7.99 11.28 21.29 15.56 12.66 15.91 6.43 5.29 6.42 0.97
50% 32.82 28.53 27.44 39.78 25.20 24.03 19.81 23.28 21.50 19.18 13.35 18.02 17.66 33.94 37.54 28.92 30.16 27.57 19.11 14.32 14.03 3.16
75% 48.40 49.79 4336 56.94 46.21 39.62 3492 41.01 37.98 32.28 2526 | 26.24 3258 54.36 6453 60.14 46.31 48.38 3310 33.19 30.61 5.51
90% 7163 58.62 60.08 71.13 61.74 50.75 4584 58.90 4881 4542 3467 | 4895 5110 6887 80.97 69.54 6468 6191 5575 46.84 43.06 10.17
Max 77.37 97.42 79.51 88.70 85.41 84.87 87.89 78.68 94.65 72.29 67.10 64.10 69.64 82.29 93.17 87.67 89.00 90.90 76.34 90.02 67.86 33.31
Count 10 27 73 62 104 129 176 175 167 158 68 5 14 41 46 68 64 68 58 76 89 35
Combined Funds Combined Funds

Mean 5.07 6.92 8.55 7.61 8.78 7.56 7.77 9.35 10.57 8.42 11.24 1.38 2.82 6.12 5.62 6.85 5.58 5.33 4.22 4.88 5.29 1.81
SD 9.86 12.10 14.53 14.44 13.59 12.39 11.41 13.01 12.26 9.90 11.10 4.94 7.62 14.21 13.84 13.79 11.85 11.17 8.68 8.44 8.01 2.82
Min 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
10% 0.14 0.20 0.22 0.20 0.38 0.22 0.39 0.53 0.77 0.43 0.93 0.00 0.01 0.02 0.03 0.06 0.05 0.07 0.07 0.09 0.08 0.03
25% 0.45 0.55 0.62 0.62 1.10 0.91 1.20 1.62 2.28 1.60 2.72 0.02 0.04 0.10 0.11 0.30 0.24 0.35 0.35 0.48 0.49 0.15
50% 1.23 1.72 1.84 1.88 3.34 2.63 3.35 4.49 6.31 4.97 7.69 0.08 0.19 0.43 0.54 1.24 1.06 1.32 1.42 1.93 2.28 0.73
75% 4.89 7.67 8.96 6.25 9.81 7.92 9.03 11.28 13.94 11.74  16.46 0.56 1.38 3.58 3.02 5.57 4.27 4.40 4.15 5.36 6.63 2.36
90% 14.96 20.53 27.36 22.94 25.11 21.39 20.97 24.21 25.98 21.48 26.97 3.06 7.02 19.05 16.84 22.27 17.07 15.37 9.65 12.50 13.79 4.85
Max 7737  97.42 79.51 90.06 8541 87.06 87.89 9236 94.65 9244 79.96 | 64.10 69.64 8229 9317 87.67 89.00 90.90 91.82 90.02 81.10 33.31
Count 367 510 702 835 1,028 1,212 1,383 1,492 1,647 1,753 1,966 362 497 670 819 992 1,147 1,275 1,375 1556 1,684 1,933

Table 20: Year-by-year summary statistics for the probabilities of liquidation implied by the parameter estimates of two
speci cations of a logit model for hedge-fundliquidations using annual obsenations of the liquidation status of individual
hedgefunds in the TASS database,for the sampleperiod from January 1994to August 2004.



For both Models 1 and 5, the mean and median liquidation probabilities are higher for
Graveyard funds than for Live funds, a reassuringsign that the explanatory variables are
indeed providing explanatory power for the liquidation process. For Model 1, the Com-
bined sampleshaws an increasein the meanand median liquidation probabilities in 1998as
expected, and another increasein 2001, presumably due to the bursting of the technology
bubble in U.S. equity markets. Most troubling from the perspective of systemicrisk, how-
ewer, is the fact that the mean and median liquidation probabilities for 2004 (which only
includesdata up to August) are 11.24%and 7.69%, respectively, the highest levelsin our
ertire sample. This may be a symptom of the enormousgrowth that the hedge-fundindustry
has enjoyed in recen years,which increasesboth the number of funds entering and exiting
the industry, but may also indicate more challenging market conditions for hedgefunds in
the coming morths. Note that the meanand median liquidation probabilities for Model 5
do not shav the sameincreasein 2004|this is another manifestation of the time lag with
which the Graveyard databaseis updated (recall that Model 5 includesonly thosefunds with
status code 1, but a large number of funds that ewertually receiwe this classi cation have
not yet reated their 8-to 10-morth limit by August 2004). Therefore,Model 1's estimated
liguidation probabilities are likely to be more accuratefor the currert year. 4

The logit estimatesand implied probabilities suggestthat a number of factors in uence
the likelihood of a hedgefund's liquidation, including past performance,assetsunder man-
agemem, fund ows, and age. Given these factors, our estimatesimply that the average
liquidation probability for funds in 2004 is over 11%, which is higher than the historical
unconditional attrition rate of 8.8%. To the extert that a seriesof correlated liquidations
stresseghe capital resenesof nancial courterparties, this is yet another indirect measure

of an increasein systemicrisk from the hedge-fundindustry.

6 Other Hedge-Fund Measures of Systemic Risk

In addition to measuresof liquidity exposure, there are se\eral other hedge-fundrelated
metrics for gauging the degreeof systemicrisk exposurein the econony. In this section,
we proposethree alternatives: (1) risk models for hedgefunds; (2) regressionsof banking

sector indexeson hedge-fundand other risk factors; and (3) a regime-swithing model for
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hedge-fundindexes. We descrile thesealternativesin more detail in Sections6.1{6.3.

6.1 Risk Mo dels for Hedge Funds

As the examplesin Section1 illustrate, hedge-fundreturns may exhibit a number of nonlin-
earities that are not captured by linear methods sud as correlation coe cien ts and linear
factor models. An example of a simple nonlinearity is an asymmetric sensitivity to the
S&P 500, i.e., dierent beta coe cien ts for down-markets versusup-markets. Speci cally,

considerthe following regression:

Re = i+ [ {+ |+ & (15)
where
8 8
. < ¢ if (>0 < . if {0
t = . ] ; t = . ] (16)
- 0 otherwise - 0 otherwise

and . is the return on the S&P 500index. Since ;= { + ., the standard linear model
in which fund i's market betasare idertical in up and down markets is a special caseof the

+

more generalspeci cation (15), the casewhere [ = , . Howewr, the estimatesreported
in Table 21 for the CSFB/Tremort hedge-fundindex returns showv that beta asymmetries
can be quite pronouncedfor certain hedge-fundstyles. For example,the Distressedindex
has an up-market beta of 0.04|seemingly market neutrallho wevwer, its down-market beta
is 0.43! For the Managed Futures index, the asymmetriesare even more pronounced: the
coe cien ts are of opposite sign, with abeta of 0:05in up marketsanda betaof 0:41in down
markets. Theseasymmetriesare to be expectedfor certain nonlinear investmer strategies,
particularly those that have option-like characteristics sud as the short-put strategy of
Capital Decimation Partners (see Section 1.1). Sud nonlinearities can yield ewven greater
diversi cation bene ts than more traditional assetclasses|for example, Managed Futures
seemsto provide S&P 500 downside protection with little exposure on the upside|but
investorsmust rst be aware of the speci ¢ nonlinearitiesto take advantage of them.

In this section,we estimaterisk modelsfor eat of the CSFB/T remort hedge-fundindexes

as a \pro of-of-concept"” for deweloping more sophisticated risk analytics for hedge funds.
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Category a @ b ) R(%) p_\(’oi)ue a @ b ) b ) R®%) p_\(’oj)ue
Hedge Funds 0.74 3.60 0.24 5.48 21.0 0.0 114 3.22 0.14 1.58 0.34 3.95 22.4 0.0
Convertible Arbitrage 0.83 6.31 0.03 117 12 23.8 1.00 4.37 -0.01 -0.18 0.08 1.36 1.9 33.2
Dedicated Shortseller 0.70 212 -0.86  -12.26 57.2 0.0 0.23 0.41 -0.74 -5.33 -0.98 -7.01 57.6 0.0
Emerging Markets 0.13 0.31 0.52 5.68 22.3 0.0 1.06 1.43 0.28 157 0.76 4.18 23.9 0.0
Equity Mkt Neutral 0.80 10.23 0.08 4.57 15.6 0.0 0.67 4.95 0.11 3.34 0.04 1.26 16.7 0.0
Event Driven 0.71 5.06 0.20 6.86 29.5 0.0 1.35 5.84 0.04 0.68 0.37 6.54 36.1 0.0
Distressed 0.84 5.16 0.23 6.72 28.6 0.0 1.58 5.86 0.04 0.65 0.43 6.42 35.2 0.0
Event-Driven Multi-Strategy 0.64 4.09 0.19 5.59 21.7 0.0 1.25 4.76 0.03 0.46 0.34 5.34 27.0 0.0
Risk Arbitrage 0.55 4.96 0.13 5.30 20.0 0.0 0.87 4.56 0.04 0.96 0.21 4.46 22.9 0.0
Fixed Income Arb 0.59 5.57 0.00 -0.13 0.0 89.3 0.95 5.26 -0.10 -2.15 0.09 2.02 5.0 5.4
Global Macro 114 3.53 0.16 2.27 4.4 2.4 1.48 2.64 0.07 0.50 0.25 1.78 4.8 5.9
Long/Short Equity 0.67 2.66 0.39 7.40 32.7 0.0 0.92 2.12 0.33 3.11 0.46 4.32 33.0 0.0
Managed Futures 0.80 2.40 -0.17 -2.47 5.1 14 -0.09 -0:15 0.05 0.38 -0.41 -2.90 8.1 0.8
Multi-Strategy 0.77 6.11 0.02 0.60 0.3 54.7 0.86 3.91 -0.01 -0.11 0.04 0.71 0.5 74.2

Table 21: Regression®f monthly CSFB/Tremort hedge-fundindex returns on the S&P 500
index return, and on positive and negative S&P 500 index returns, from January 1994to
August 2004.

With better risk modelsin hand, the systemicrisk posedby hedgefunds will be that much
clearer. Of course,a more ambitious approad is to estimate risk models for ead hedge
fund and then aggregaterisks accordingly and for nonlinear risk models, a disaggregated
approad may well yield additional insights not apparert from index-basedrisk models.
Howe\er, this is beyond the scope of this study, and we focus our attention instead on the

risk characteristicsof the indexes.
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S&P500 100.0
S&P500"2 -12.3  100.0
S&P500"3 771 -433 100.0
Banks 55.8 -33.0 59.1 100.0
Libor 35 -194 127 -16.9 100.0
uUsb 7.3 -4.6 45 -1.2 8.9 100.0
Oil -1.6 -15.1 =Ly -2.0 140 -134 100.0
Gold -7.2 -7.8 -2.6 6.1 -122 -352 20.1 100.0
Lehman Bond 0.8 15.2 -8.9 75 -421 -55.6 7.0 25.7 100.0
Large Minus Small Cap 76 218 -0.6 -27.6 3.8 11.0 -19.7 -245 8.1 100.0
Value Minus Growth -48.9 144 -30.3 5.4 -2.1 -40 -21.3 -3.9 10.9 32.7 100.0
Credit Spread -30.6 301 -19.8 -16.0 -40.2 -13.0 -2.9 16.4 14.3 7.2 16.5 100.0
Term Spread -11.6 -6.1 -02 115 49 -215 70 204 -105 -137 26 387 100.0
VIX -67.3 262 -67.8 -49.6 -8.2 -9.2 -1.5 -3.4 15.3 9.7 38.5 31 -6.9 100.0
CSFB/Tremont Indexes
Hedge Funds 459 -225 382 416 -0.2 22.0 79 8.9 36 -29.6 -41.0 -244 -81 -25.7 100.0
Convert Arb 110 -191 29.4 29.8 -9.0 19.6 -4.3 21 22 -19.6 -6.2 64 -15.2 -0.2 38.4 100.0
Dedicated Shortseller -75.6 201 -66.4 -52.1 4.0 -4.4 9.2 -9.8 75 349 645 119 -105 57.2 -46.5 -21.7 100.0
Emerging Markets 472 -246 50.1 43.8 5.6 19.4 0.7 77 177 -27.2 -34.2 -9.9 16.2 -36.6 65.7 320 -57.0 100.0
Equity Market Neutral 39.6 3.2 345 30.9 -9.4 9.1 4.8 -6.8 7.3 14 -126 -126 -29.2 -17.1 318 299 -349 24.2 100.0
Event Driven 543 -448 678 654 -09 146 6.9 8.2 -76 -324 -30.7 -248 -36 -444 66.0 592 -63.1 66.6 39.8 100.0
Distressed 535 -434 62.8 643 -10.7 9.7 52 135 -03 -26.7 -27.8 -21.6 -1.2 -439 56.3 50.8 -62.7 57.7 36.2 93.6 100.0
Event-Driven Multi-Strategy 46.6 -39.7 62.1 56.2 8.4 20.0 7.7 12 -146 -33.0 -299 -23.0 -34 -37.6 68.9 60.3 -53.9 67.2 37.6 93.0 74.8 100.0
Risk Arb 447 -32.5 53.4 55.7 7.0 4.9 2.6 7.4 -6.4 -420 -220 -299 -205 -422 39.0 414 -491 442 31.9 70.1 58.4 66.9 100.0
Fixed Income Arb -1.3° -29:2 5.9 18.8 6.9 185 9.4 0.9 20 -103 19 -17.6 a5 16.9 41.2 54.4 5.3 28.2 7.0 374 28.1 434 14.1 100.0
Global Macro 209 -108 144 285 5.7 287 -4.0 -2.3 7.4 -8.8 -6.6 -11.2 -4.7 -5.3 854 271 -106 416 191 368 293 426 124 418 1000
Long/Short Equity 572 -20.2 47.2 40.5 -4.3 -2.1 195 14.2 70 -489 -671 -229 -131 -36.2 774 241 -718 58.8 33.9 65.0 56.9 63.6 51.0 17.2 40.3 100.0
Managed Futures -22.6 224 -322 -143 -130 -199 175 15.9 35.4 4.6 21.9 179 2.0 25.7 105 -215 245 -13.1 138 -234 -161 -26.8 -253 -6.9 26.6 -6.4 100.0
Multi-Strategy 5.6 -4.1 22 105 09 -133 5.6 -1.7 125 -88 -135 -189 -7.8 9.5 150 335 -4.4 -39 201 149 100 188 42 275 108 134 -4.1 100.0

Table 22: Correlation matrix for monthly returns of hedge-fundrisk factors, from January 1994to August 2004.



We beginwith a comprehensie set of risk factors that will be candidatesfor ead of the
risk models, covering stocks, bonds, currencies,commalities, and volatility. Thesefactors
are describked in Table 23, and their basic statistical properties have been summarizedin
Table 4. Given the heterogenel of investmen strategiesrepreseted by the hedge-fund
industry, the variablesin Table 23 are likely to be the smallestset of risk factors capableof
spanningthe risk exposuresof most hedgefunds.

Table22is ajoint correlation matrix of the risk factors and the hedge-fundindexes. Note
that we have also included squaredand cubed S&P 500 returns in the correlation matrix;
they will be included asfactorsto capture nonlinear e ects.*? It is apparen from the lower
left block of the correlation matrix that there are indeednortrivial correlationsbetweenthe
risk factors and the hedge-fundindexes. For example,there is a 67.8%correlation between
the Evert Driven index and the cubed S&P 500 return, implying skewnesse ects in this
category of strategies. Also, the Long/Short Equity index has correlationsof 489% and

67:1 with the market-cap and equity-style factors, respectively, which is not surprising
given the nature of this category

Using a combination of statistical methods and empirical judgmert, we usethesefactors
to estimate risk models for eat of the 14 indexes,and the results are cortained in Table
24. The rst row reports the sample size, the secondcortains the adjusted R?, and the
remaining rows cortain regressioncoe cien ts and, in parertheses,t-statistics. The number
of factors selectedfor ead risk model variesfrom a minimum of 4 for Equity Market Neutral
and Managed Futures to a maximum of 13 for Evert Driven, not including the constart
term. This pattern is plausible becausethe Event Driven categoryincludesa broad set of
strategies,i.e., varioustypesof \everts", hencea broaderarray of risk factorswill be needed
to capture the variation in this categoryversusEquity Market Neutral.

The statistical signi cance of squaredand cubed S&P 500 returns highlights the pres-
ence of nonlinearities in a number of indexesas well as in the overall hedge-fundindex.
Togetherwith the S&P 500return, thesehigher-orderterms comprisea simple polynomial
approximation to a nonlinearfunctional relation betweencertain hedge-fundreturns and the
market. The squaredterm may be viewed asa proxy for volatilit y dependenceand the cubed
term asa proxy for skewnessdependence.Theseare, of course,very crude approximations

for sudh phenomenabecausethe underlying strategiesmay not involve market exposure|a
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Variable

De nition

S&P500:

Banks:

LIBOR:

USD:
Oil:

Gold:
Lehman Bond:

Large-Cap Min us Small-Cap:

Value Min us Gro wth:

Credit Spread:

Term Spread:

VIX:

Monthly return of the S&P 500 index including
dividends

Monthly return of equal-weighted portfolio of bank
stocks in CRSP (SIC codes6000{6199and 6710)

Monthly rst-di erence in U.S.-dollar 6-morth
London interbank o er rate

Monthly return on U.S. Dollar Spot Index

Monthly return on NYMEX crude-oil front-month
futures conract

Monthly return on gold spot price index
Monthly return on Dow Jones/Lehman Bond Index

Monthly return di erence betweenDow Jones
large-capand small-cap indexes

Monthly return di erence betweenDow Jonesvalue
and growth indexes

Beginning-of-morth di erence betweenKDP High
Yield Daily Index and U.S. 10-Year yield

Beginning-of-morth 10-year U.S.-dollar swap rate
minus 6-mornth U.S.-dollar LIBOR

Monthly rst-di erence in the VIX implied volatilit y
index

Table 23: De nitions of aggregatemeasuresof market conditions and risk factors.

68



xed-income arbitrage fund may well have nonlinearrisk exposuresbut the nonlinearitiesare
morelikely to involve interest-rate variablesthan equity market indexes. Howe\er, strategies
sud as Equity Market Neutral, Risk Arbitrage, and Long/Short Equity, which purposefully
exploit tail risk in equity markets, do show signi cant exposureto higher-order S&P 500

terms as expected.
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0L

Event-

Equity Driven Factor
Hedge Convert Dedicated Emerging Market Event Multi- Fixed Global Long/Short Managed Multi- Selection
Regressor Funds Arb Shortseller Markets Neutral Driven Distressed Strategy Risk Arb Income Arb Macro Equity Futures Strategy Count
Sample Size: 118 118 118 118 118 118 118 118 118 118 118 118 118 117
R% 54.5% 45.1% 79.7% 44.1% 25.5% 75.1% 65.0% 66.4% 58.0% 54.3% 34.3% 73.2% 21.4% 16.3%
Constant 0.30 0.08 1.90 -0.58 0.98 0.29 0.94 0.75 1.14 0.06 0.31 1.09 0.19 0.58 14
(1.22) (0.22) (4.25) (-0.81) (7.00) (0.84) (4.65) (4.93) (7.34) (0.20) (0.78) (3.35) (0.59) (3.97)
SP500 0.23 -0.63 0.44 0.13 0.28 5
(5.81) (-7.11) (3.29) (3.17) (4.29)
SP500(Lag 1) 0.06 0.06 -0.05 3
(2.39) (1.82) (-1.80)
SP500"2 0.07 -0.10 -0.06 3
(2.49) (-2.03) (-2.08)
SP500"2(Lag 1) -0.12 -0.14 -0.30 -0.12 -0.09 -0.10 -0.06 -0.16 -0.09 0.09 10
(-2.12) (-1.60) (-2.44) (-3.70) (-2.09) (-2.68) (-1.89) (-1.76) (-1.74) (2.07)
SP500"3 0.21 -0.24 0.44 0.07 0.26 0.21 0.32 0.15 0.15 -0.26 10
(5.92) (-2.49) (2.82) (2.80) (8.22) (3.63) (12.00) (5.57) (2.10) (-3.15)
SP500"3(Lag 1) 0.15 -0.15 0.08 0.05 0.19 -0.17 0.08 7
(5.21) (-2.27) (2.31) (2.32) (5.82) (-2.09) (2.36)
SP500"3(Lag 2) 0.09 0.13 0.12 0.15 0.14 5
(1.74) (4.34) (4.79) (1.75) (4.39)
Banks 0.06 0.10 0.07 0.10 0.24 5
(2.47) (2.94) (2.65) (3.76) (3.43)
Banks(Lag 1) 0.08 0.07 0.08 0.07 -0.06 5
(1.85) (2.16) (1.80) (2.19) (-2.14)
Banks(Lag 2) 0.09 0.05 0.07 0.05 0.18 0.10 6
(1.72) (1.98) (2.05) (1.78) (2.04) (2.33)
uUsb 0.42 0.13 0.65 0.15 0.11 0.21 0.11 0.68 -0.15 9
(4.86) (2.21) (3.74) (3.00) (2.06) (3.95) (2.97) (4.85) (-2.78)
Gold 0.08 0.17 0.05 0.08 -0.05 5
(1.62) (1.50) (2.14) (2.33) (-1.39)
Lehman Bond 0.59 0.18 0.13 0.22 0.24 0.98 0.38 0.79 8
(3.77) (1.56) (1.32) (2.16) (3.17) (3.69) (2.82) (3.08)
Large Minus Small Cap -0.19 -0.07 0.34 -0.40 -0.10 -0.11 -0.17 -0.13 -0.36 9
(-4.30) (-2.98) (5.55) (-4.35) (-3.98) (-3.89) (-6.69) (-6.24) (-8.38)
Value Minus Growth -0.08 0.23 -0.04 -0.03 -0.08 -0.21 0.08 -0.05 8
(-2.09) (4.59) (-2.29) (-2.10) (-1.71) (-5.76) (1.47) (-2.35)
LIBOR -1.09 2.26 -2.02 3
(-1.93) (2.16) (-3.55)
Credit Spread 0.20 0.14 0.09 3
(2.26) (1.68) (1.42)
Term Spread -0.20 -0.65 0.89 -0.24 -0.20 -0.31 -0.38 7
(-1.99) (-3.26) (2.66) (-3.86) (-2.14) (-4.51) (-2.69)
VIX 0.08 0.22 0.07 0.12 4
(2.37) (1.69) (2.80) (2.11)
Number of Factors
Selected: 10 10 8 8 4 13 11 7 6 12 7 9 4 6

Table 24:

Risk modelsfor monthly CSFB/Tremort hedge-fundindex returns, from January 1994to August 2004.



The last column of Table 24 reports the number of times ead risk factor is included
in a particular risk model, and this provides an indication of systemicrisk exposuresin the
hedge-fundsector. In particular, if we discover a singlefactor that is included and signi cant
in all hedge-fundrisk models, sud a factor may be a bellwether for broad dislocation in the
industry. But apart from the constart term, there is no sud factor. Newertheless,the
rst lag of the squaredS&P 500 return, and the cubed S&P 500 return appear in 10 out
of 14 risk models, implying that time-varying volatility, tail risk, and skewnessare major
risk factors acrossmany di erent hedge-fundstyles. Closerunners-up are the U.S. Dollar
index and the market-capitalization factors, appearing in 9 of 14 risk models. Liquidity
exposure, as measuredby either the lagged S&P 500 return (seeAsness,Krail, and Liew,
2001and Getmansky Lo, and Makarov, 2004), or the credit spreadfactor, is signi cant for
someindexessud asConvertible Arbitrage, Evert Driven, and Fixed-IncomeArbitrage, but
apparertly doesnot a ect other indexes.

The R”'s for these risk models vary, ranging from 16.3%for Fund of Fundsto 79.7%
for Dedicated Shortsellers. Given the relatively small sampleof about 10 years of monthly
returns, the overall explanatory power of theserisk modelsis encouraging. Of course,we
must recognizethat the processof variable selectionhasinevitably biasedupward the ﬁz's,
hencetheseresults should be viewed as useful summariesof risk exposuresand correlations

rather than structural factor models of hedge-fundreturns.

6.2 Hedge Funds and the Banking Sector

With the repeal in 1999 of the Glass-SteagallAct, many banks have now becomebroad-
based nancial institutions engagingin the full spectrum of nancial servicesncluding retalil
banking, underwriting, investmen banking, brokerageservices,assetmanagemet) verture
capital, and proprietary trading. Accordingly, the risk exposuresof sud institutions have
becomeconsiderablymore complexand interdependen, especially in the faceof globalization
and the recen wave of consolidationsin the banking and nancial servicessectors.

In particular, innovations in the banking industry have coincidedwith the rapid growth
of hedgefunds. Currently estimatedat over $1 trillion in size,the hedgefund industry has
a synbiotic relationship with the banking sector, providing an attractiv e outlet for bank

capital, investmernt managemehn servicesfor banking clients, and feesfor brokerageservices,
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credit, and other banking functions. Moreover, many banksnow operate proprietary trading
units which are organizedmuch like hedgefunds. As a result, the risk exposuresof the
hedge-fundindustry may have a material impact on the banking sector, resulting in new
sourcesof systemicrisks. And although many hedgefunds engagein helgel strategies|
where market swingsare partially or completely o set through strategically balancedlong
and short positions in various securities|suc h funds often have other risk exposuressud
as volatility risk, credit risk, and illiquidit y risk. Moreover, a number of hedgefunds and
proprietary trading units are not hedgedat all, and alsouseleverageto enhancetheir returns
and, consequetty, their risks.

To the extert that systemicrisk also involves distressin the banking sector, we must
examinethe relation between the returns of publicly traded banks and hedge-fundindex
returns. Using monthly total returns data from the University of Chicago's Certer for
Researh in Security Prices database,we construct value-weighted portfolios of all stocks
with SIC codes 6000{6199,and 6710, rebalancedmonthly, and use the returns of these
portfolios as proxies for the banking sector. Table 25 cortains regressionsof the equal-
weighted bank index return on the S&P 500and CSFB/T remort hedge-fundindex returns,
and Table 26 contains the sameregressiondor the value-weighted bank index.

The interpretation of theseregressiongequires somefurther discussionbecausecorre-
lation betweenthe return of bank stocks and hedge-fundindexesdo not necessarilyimply
any causalrelations. For example,illiquidit y in a bank stock neednot be directly linked to
illiquidit y in the bank's underlying portfolio, e.g.,the equity of a small regional bank may
be thinly traded, but this neednot imply that the bank is engagedin illiquid hedge-fund
strategies. Newertheless,if a bank doesengagein sud strategies|whic h is becomingmore
commonasbanksstruggleto deal with increasedcompetition and dwindling margins|then
the regressionsan Table 25 and 26 should pick up signi cant factor exposuresto certain
hedge-fundindexes.

The rst column of Table 25is a regressiorof the equal-weighted bank index on the S&P
500return andits rst two lags. The fact that both corntemporaneousand laggedS&P 500
returns are signi cant suggeststhat banks are exposedto market risk and also have some
illiquidit y exposure, much like serially correlated hedge-fundreturns in Section 4 and the

other the serially correlated assetreturns in Table 12.
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The next 14 columnscortain regressionsvith both S&P 500returns and two lagsaswell
asead of the 14 hedge-fundindex returns and two lags, respectively. A comparisonof these
regressiongmay provide someinsight into links between certain hedge-fundstyles and the
banking industry. Theseregressiondhave reasonableexplanatory power, with R™s ranging
from 54.6%for ManagedFutures to 58.2%for Risk Arb and Long/Short Equity. Among the
14 indexes, the onesyielding the highest explanatory power are the even-related indexes:
Evert Driven, Distressed,Event-Driv en Multi-Strategy, Risk Arbitrage, with R”s of 48.4%,
47.3%,42.4%,and 40.8%,respectively. The coe cien ts for the cortemporaneoushedge-fund
indexesin ead of thesefour regressionsare also numerically comparable, suggestingthat
thesefour strategy groups have similar e ects on the banking sector. The least signi cant
hedge-fundindex for explaining the equal-weighted bank index is Managed Futures, with
coe cien ts that are both statistically insigni cant and numerically closeto zero. Managed
futures strategiesare known to be relatively uncorrelatedwith most other assetclassesand
the banking sectoris apparertly one of theseassetclasses.

The last column reports a nal regressionthat includes multiple hedge-fundindexesas
well asthe S&P 500return and its two lags. The hedge-fundindexeswere selectedusing a
combination of statistical techniguesand empirical judgmert, and the R’ of 63.7%shavs a
signi cant increasein explanatory power with the additional hedge-fundindexes. As before,
this R” is likely to be upward biasedbecauseof the variable-selectionprocess. Unlike the
single-hedge-fund-indexegressionswhere the coe cien ts on the cortemporaneoushedge-
fund indexeswere positive except for Dedicated Shortsellers(which is not surprising given
that bankshave positive market exposure),in this casese\eral hedge-fundindexeshave neg-
ative exposures: the aggregateHedgeFund, Convertible Arbitrage, Dedicated Shortsellers,
and Long/Short Equity. Howewer, the equal-weighted bank index has positive exposureto
Evert Driven, Risk Arbitrage, Fixed-IncomeArbitrage, and Global Macro indexes.

Table 26 presens correspnding regressionresults for the value-weighted bank index,
and someintriguing patterns emerge.For the contemporaneousand laggedS&P 500return
regressionthe results are somewhatdi erent than thoseof Table 25|the cortemporaneous
coe cient is signi cant but the laggedcoe cien ts are not, implying the presenceof market
exposurebut little liquidity exposure. This is plausiblegiventhe fact that the value-weighted

index consistsmainly of the largest banks and bank holding-companieswhereasthe equal-
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Regression of Equal-Weighted Bank Index on S&P 500 and Single Hedge Fund Index:

m
H
° o 2 Multiple
Market 4 2 ES Hedge-
Regressors Model g og § T g = Fund
g 8 : 2 < 3 = Indexes
z o |4 E 3 o B S o} @ a g
=3 S ) a3 = 3 o = 2 S 3 e =
@ 3 = o 2 > F 2 ] g >
m B 8 = 2 2 'z 9 = 8 A -
P 3 z 8 2 g g 5 = 3 H I s s
2 x § & £ § & & z & & 5 &
2 o 9 @ 1R Bl a < o o o < » <
Sample Size: 118 18 118 118 118 118 118 118 118 118 118 118 118 118 115 115
R? 328%  352% 389% 330% 359% 321% 484% 47.3% 424% 40.8% 36.6% 358% 357% 312% 315% 63.7%
Constant 1.30 121 099 141 129 08 070 061 093 070 076 096 143 135 108 0.38
(422) (361) (282 (438) (424) (1.64) (221) (188) (292) (200) (214) (285) (450) (3.92) (2.50) (1.20)
SP500 047 037 042 034 037 045 022 025 031 034 047 044 039 047 046 0.24
(7.42) (519 (676) (340) (489) (6.32) (306) (356) (4.32) (514) (758) (6.83) (502) (7.15) (7.14) (3.21)
SP500(1} 013 014 009 011 017 011 005 004 008 004 012 014 019 012 012 0.10
(2.05) (192) (141) (L08) (228) (152) (0.67) (057) (113) (054) (1.84) (215) (246) (1.83) (L88) (1.56)
SP500(2) -0.05 008 005 -003 -009 -006 -010 -012 -008 -008 -0.41 -011 001 -007 -006
(0.86)  (114) (0.82) (-0.28) (-125) (-0.92) (-148) (-176) (-1.24) (-120) (-1.64) (-L65) (0.17) (-0.98) (-0.86)
CSFBHEDGE 036
(2.61)
CSFBHEDGE(1} 0.1
(-0.85)
CSFBHEDGE(2) -0.03 -1.66
(-0.24) (-5.52)
CSFBCONVERT 089
(3.50)
CSFBCONVERT(1} -063 -0.39
(-2.28) (-1.67)
CSFBCONVERT(2} 020
(0.79)
CSFBSHORT 015 -0.10
1.77) (1.32)
CSFBSHORT{1} -0.02
(-0.19)
CSFBSHORT{2} 002 -0.15
(0.25) (2.27)
CSFBEMKTS 019
(2.70)
CSFBEMKTS{1} 0.1
(-1.39)
CSFBEMKTS(2} 008
(1.21)
CSFBEQMKTNEUT 032
(0.82)
CSFBEQMKTNEUT{1} 023
(0.58)
CSFBEQMKTNEUT{2} 008
(0.22)
CSFBED 119 0.91
(5.85) (3.83)
CSFBED(1} -024 -0.27
(112) (-1.30)
CSFBED(2} 013 0.62
(0.67) (2.60)
CSFBDST 093
(5.55)
CSFBDST{1} 004
(-0.26)
CSFBDST{2} 012
©.77)
CSFBEDM 085
(4.41)
CSFBEDM{1} -025
(-124)
CSFBEDM(2} 014
(0.79)
CSFBRISKARB 1.02 074
(4.11) (3.05)
CSFBRISKARB{1} 011
(042)
CSFBRISKARB(2} 008
(0.33)
CSFBFIARB 068
(2.33)
CSFBFIARB(1} 003 057
(0.10) (2.23)
CSFBFIARB{2} 035
(1.27)
CSFBGMACRO 022
(2.60)
CSFBGMACRO{1} 001
(0.08)
CSFBGMACRO(2} 010 099
(115) (5.68)
CSFBLSE 019 -0.24
(1.66) (-2.18)
CSFBLSE{1} -0.16
(-1.45)
CSFBLSE(2} -0.19
(-1.75)
CSFBMF 001
(011)
CSFBMF(1} -0.02
(-0.20)
CSFBMF{2} 005
(-057)
CSFBMULT 027
(1.09)
CSFBMULT{1} -013
(-057)
CSFBMULT{2} 014
(0.62)

Table 25: Regressionf monthly equal-weighted banking sector returns on the S&P 500
and various CSFB/T remort hedge-fundindex returns, from January 1994to August 2004.
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weighted index is tilted more towards smaller banking institutions.

The single-hedge-fund-indexegressionsn the next 14 columnsalsodi ers from thosein
Table 25in se\eral respects. The explanatory power is uniformly higher in theseregressions
than in Table 25, and also remarkably consisten acrossall 14 regressions|the R™s range
from 54.6%(ManagedFutures) to 58.2%(Risk Arbitrage). Howewer, this doesnot imply that
larger banking institutions have morein commonwith all hedge-fundinvestmer strategies.
In fact, it isthe S&P 500that seemdo be providing most of the explanatory power (compare
the rst columnwith the next 14in Table 26), and although somehedge-fundindexesdo have
signi cant coe cien ts, the R™s changevery little when hedge-fundindexesare included one
at atime. The multiple-hedge-fund-indexregressiorin the last column doesyield somewhat
higher explanatory power, an R’ of 64.2%,but in cortrast to the negative coe cien ts in the
equal-weighted bank index regression,in this casemost of the coe cien ts are positive. In
particular, Convertible Arbitrage, Dedicated Shortsellers,Risk Arbitrage, and Fixed-Income
Arbitrage all have positive coe cien ts. One possibleexplanation is that the larger banking
institutions are involved in similar investmen activities through their proprietary trading
desks.Another explanationis that largebankso er related fee-basedervicesto sud hedge
funds (e.g., credit, prime brokerage,trading, and structured products), and do well when
their hedge-fundclients do well.

In summary, it is apparert from the regressionsn Table 25 and 26 that the banking
sectorhassigni cant exposureto certain hedge-fundindexes,implying the presenceof some
commonfactors betweenhedgefunds and banks, and raisesthe possibility that dislocation
among the former can a ect the latter. This provides yet another channel by which the

hedge-fundindustry generatessystemicrisk exposures.

6.3 Regime-Switc hing Mo dels

Our nal hedge-fund-basedneasureof systemicrisk is motivated by the phase-laking exam-
ple of Section1.2wherethe return-generatingprocessexhibits apparert changesin expected
returns and volatility that are discrete and sudden. The Mexican pesocrisis of 1994{1995,
the Asian crisisof 1997,and the global igh t to quality precipitated by the default of Russian
GKO debtin August 1998are all examplesof sud regimeshifts. Linear modelsare generally

incapableof capturing sud discrete shifts, hencemore sophisticatedmethods are required.
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Regression of Value-Weighted Bank Index on S&P 500 and Single Hedge Fund Index:

o
3
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Sample Size: 118 18 118 118 118 118 118 118 118 118 118 118 118 118 115 115
? 55.7%  558% 556% 57.1% 54.9% 550% 56.1% 556% 555% 58.2% 54.7% 551% 58.2% 54.6% 555% 64.2%
Constant 073 102 060 057 076 030 069 067 072 048 071 080 104 075 065 047
(2.05) (260) (141) (154) (211) (0.53) (L67) (L59) (182) (1.15) (1.66) (200) (285) (L90) (L31) (1.00)
SP500 089 091 087 110 089 087 081 08 084 081 09 087 099 090 090 1.09
(1224)  (10.76) (11.53) (9.84) (9.98) (1065) (8:68) (9.17) (9.46) (10.19) (11.95) (11.20) (1121) (11.76) (12.09) (10.27)
SP500{1} 002 004 00l -003 002 002 -006 -003 -004 -008 00L 003 005 002 003 -0.02
(031) (047) (0.08) (023) (019) (0.22) (:0.60) (-0.34) (-040) (-0.93) (0.15) (0.43) (053) (0.25) (0.46) (-0.34)
SP500{2) -0.02 006 00l 001 002 -004 002 00l 00l 000 -003 -002 012 -003 000
(-0.25) (070) (017) (0.12) (026) (-045) (0.28) (0.16) (0.10) (-0.05 (-0.36) (-032) (140) (-0.38) (-0.00)
CSFBHEDGE 0.12
(0.72)
CSFBHEDGE(1} -0.07
(-0.47)
CSFBHEDGE(2} 0.24
(-1.53)
CSFBCONVERT 045 083
(1.46) (2.51)
CSFBCONVERT{1} -0.38 -0.59
(1.14) (1.79)
CSFBCONVERT{2} 012
(0.40)
CSFBSHORT 024 028
(2.47) (253)
CSFBSHORT{1} -0.07
(-0.73)
CSFBSHORT{2} 0.06 -0.14
(0.60) (-1.58)
CSFBEMKTS 0.01
(-0.11)
CSFBEMKTS{1} 0.01
(-0.07)
CSFBEMKTS{2} -0.07
(-0.89)
CSFBEQMKTNEUT 033
(0.74)
CSFBEQMKTNEUT{1} -0.01
(-0.02)
CSFBEQMKTNEUT{2} 023
(052)
CSFBED 0.40
(151)
CSFBED{1} 011
(0.41)
CSFBED{2} 0.34
(-1.36)
CSFBDST 029
(132)
CSFBDST{1} 007
(032)
CSFBDST{2} 0.22
(-1.05)
CSFBEDM 029
(1.19)
CSFBEDM{1} 008
(032)
CSFBEDM{2} 0.25
(-1.09)
CSFBRISKARB 053 086
(1.79) (2.69)
CSFBRISKARB(1} 053
(1.76)
CSFBRISKARB{2} -0.48
(-1.67)
CSFBFIARB 0.06
(017)
CSFBFIARB({1} 0.19 0.46
(0.52) (132)
CSFBFIARB(2} -0.18
(-0.55)
CSFBGMACRO 009
(0.83)
CSFBGMACRO{1} -0.08
(-0.81)
CSFBGMACRO{2} -0.05
(-:0.50)
CSFBLSE 0.28 -0.23
(213) (-1.56)
CSFBLSE{1} 0.00
(-0.01)
CSFBLSE(2} 0.28 -0.34
(217 (-2.38)
CSFBMF 003
(032)
CSFBMF{1} -0.03
(-0.28)
CSFBMF{2} 0.04
(-037)
CSFBMULT -033 -0.49
(-1.18) (1.73)
CSFBMULT{1} 0.00
(0.00)
CSFBMULT{2} 035
(1.33)

Table 26: Regression®f monthly value-weighted banking sectorreturns on the S&P 500and
various CSFB/Tremort hedge-fundindex returns, from January 1994to August 2004.
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In particular, we proposeto model sud shifts by a \regime-switching” processin which two
statesof the world are hypothesized,and the data are allowed to determinethe parameters
of thesestates and the likelihood of transitioning from oneto the other. Regime-switting
models have beenusedin a number of contexts, ranging from with Hamilton's (1989) model
of the businesscycle to Ang and Bekaert's (2004) regime-swithing assetallocation model,
and we proposeto apply it to the CSFB/Tremort indexesto obtain another measureof
systemicrisk, i.e., the possibility of switching from a normal to a distressedregime.
Denote by R; the return of a hedge-fundindex in period t and supposeR; satis es the

following:

Re = It Ru + 1 1) Ry (17a)
8 . . .
E 1 with probability py if Iy 1= 1

| = 1 Wfth probab!I!ty P21 !f Iy 1=0 : (17¢)
30 with probability pp if Iy 1= 1
" 0 with probability poif I; ;=0

This is the simplest speci cation for a two-state regime-switting processwhere |, is an
indicator that determineswhether R; is in state 1 or state 2, and R;; is the return in state
i. Ead state hasits own meanand variance, and the regime-switting processl; hastwo
probabilities, hencethere are a total of six parametersto be estimated. Despitethe fact that
the state |; is unobsenable, it can be estimated statistically (see,for example, Hamilton,
1989,1990)along with the parametersvia maximum likelihood.

This speci cation is similar to the well-known \mixture of distributions" model. Howeer,
unlike standard mixture models,the regime-switdiing model is not independertly distributed
over time unlessp;; = po1. Once estimated, forecastsof changesin regime can be readily
obtained, aswell asforecastsof R; itself. In particular, becausehe k-step transition matrix

of a Markov chain is simply given by P¥, the conditional probability of the regimel . given
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datet data R; (Ry;R; 1;:::;R;) takeson a particularly simple form:

Prob(lex = 4Ry) = 1 + (puz p2)* Prob(ly = 4Ry) (18a)
P21

_ 18b

! P12+ P21 (18b)

where Prob (I; = 1jR.) is the probability that the datet regimeis 1 given the historical
data up to and including datet (this is a by-product of the maximum-likelihood estimation
procedure). Using similar recursionsof the Markov chain, the conditional expectation of

Ri+k canbe readily derived as:

ERwuR{] = aP* (19a)
0
a = PrOb(It = lth) PrOb(It = ZJRt) (19b)
[ + 2]° (19¢)
Annualized Mean Annualized SD
Index P11 P21 P12 P22 Log(L)

State 1 State 2 State 1 State 2

Hedge Funds 100.0% 1.2% 0.0% 98.8% 6.8% 12.4% 2.9% 9.9% 323.6

Convertible Arbitrage 89.9% 17.9% 10.1% 82.1% 16.1% -1.6% 1.9% 6.1% 404.0
U Wl”ﬂw; 00///// 1 20///// 0 00/////%80/////////11 50/////// 6 60///////////////8 20////////20 30////////////218 O%
EquizslM?(t Nerutrasl 95:0%': 2:4%': 5:0%': 97:6%': 4:4%2 13:8"/10) 2:1"/:)l 3:10/2 435:1
Event Driven 98.0% 45.0% 2.0% 55.0% 13.3% -47.0% 3.8% 14.0% 377.0
Distressed 97.9% 58.0% 2.1% 42.0% 15.2% -57.5% 4.8% 15.6% 349.4
ED Multi-Strategy 98.7% 38.4% 1.3% 61.6% 12.0% -55.2% 4.5% 15.0% 363.6
Risk Arbitrage 89.4% 25.6% 10.6% 74.4% 9.6% 3.1% 2.7% 6.9% 391.8
Fixed Income Arb 95.6% 29.8% 4.4% 70.2% 10.0% -12.2% 1.9% 6.6% 442.3
Global Macro 100.0% 1.2% 0.0% 98.8% 13.6% 14.0% 3.2% 14.2% 286.3
Long/Short Equit 98.5% 2.5% 1.5% 97.5% 6.1% 21.1% 6.3% 15.3% 285.0
mxv‘ Mﬂﬁ 2//////25 0///// 1 8/////75 0///////////10 8////////7 6/////////////3 2////////9 2///////////387 9%
ulti-Strategy 2% .0% .8% .0% .8% -7.6% 2% 2% .

Table 27: Maximum likelihood parameter estimatesof a two-state regime-switdiing model
for CSFB/Tremort hedge-fundindexesfrom January 1994to August 2004.

Table 27 reports the maximume-likelihood estimatesof the meansand standard deviations
in ead of two statesfor the 14 CSFB/T remort hedge-fundindexes,aswell asthe transition
probabilities for the two states. Note that two rows in Table 27 are shaded|Dedicated

Shortsellingand ManagedFutures|b ecausethe maximume-likelihood estimation procedure
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did not convergeproperly for thesetwo categoriesjmplying that the regime-switdiing process
may not be a good model of their returns. The remaining 12 seriesyielded well-de ned
parameter estimates,and by convertion, we denoteby state 1 the lower-volatilit y state.

Considerthe secondrow, correspnding to the Convertible Arbitrage index. The param-
eter estimatesindicate that in state 1, this index has an expected return of 16.1%with a
volatility of 1.9%, but in state 2, the expectedreturn is 1:6% with a volatility of 6:1%.
The latter state is clearly a crisis state for Convertible Arbitrage, while the former is a
more normal state. The other hedge-fundindexeshave similar parameter estimates|the
low-volatility state is typically paired with higher means, and the high-volatility state is
paired with lower means. While sud pairings may seemnatural for hedgefunds, there are
three exceptionsto this rule; for Equity Market Neutral, Global Macro, and Long/Short
Equity, the higher volatilit y state has higher expectedreturns. This suggestghat for these
strategies,volatilit y may be a necessaryingrediert for their expectedreturns.

From these parameter estimates, it is possibleto estimate the probability of being in
state 1 or 2 at ead point in time for eat hedge-fundindex. For example,in Figure 10 we
plot the estimated probabilities of being in state 2, the high-volatilit y state, for the Fixed-
Income Arbitrage index for eadr month from January 1994to August 2004. We seethat
this probability beginsto increasein the months leadingup to August 1998,and hits 100%
in August and se\eral months thereafter. Howeer, this is not an isolated evert, but occurs
on se\eral occasionsboth beforeand after August 1998.

To dewelop an aggregatemeasureof systemicrisk basedon this regime-switding model,
we propose summing the state-2 probabilities acrossall hedge-fundindexesevery month
to yield a time seriesthat capturesthe likelihood of being in high-volatility periods. Of
course,the summed probabilities|ev en if renormalizedto lie in the unit intervallcannot
be interpreted formally asa probability becausethe regime-switting processwas speci ed
individually for ead index, not jointly acrossall indexes. Therefore, the interpretation of
\state 2" for Convertible Arbitrage may be quite di erent than the interpretation of \state 2"
for Equity Market Neutral. Newertheless,asan aggregatemeasureof the state of the hedge-
fund industry, the summedprobabilities may cortain usefulinformation about systemicrisk
exposures.

Figure 11 plots the monthly summed probabilities from January 1994to August 2004,
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Figure 10: Monthly returns and regime-swithiing model estimatesof the probability of being
in the high-volatility state for CSFB/Tremort Fixed-Income Arbitrage hedge-fundindex,
from January 1994to August 2004.
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Figure 11: Aggregatehedge-fundrisk indicator: sum of morthly regime-swithing model es-
timates of the probability of being in the high-volatility state (p,) for 11 CSFB/T remort
hedge-fund indexes (Convertible Arbitrage; Emerging Markets; Equity Market Neutral,
Event Driven; Distressed;Even-Driven Multi-Strategy; Risk Arbitrage; Fixed-Income Arbi-
trage; Global Macro; Long/Short Equity; and Multi-Strategy), from January 1994to August
2004.

81



and we seethat peak occursaround August 1998, with local maxima around the middle of
1994 and the middle of 2002, which correspnds roughly to our intuition of high-volatilit y
periods for the hedge-fundindustry.

Alternativ ely, we canconstruct a similar aggregatemeasureby summingthe probabilities
of being in a low-mean state, which involves summing the state-2 probabilities for those
indexeswherehigh volatilit y is paired with low meanwith the state-1 probabilities for those
indexeswhere low volatility is paired with low mean. Figure 12 cortains this indicator,
which di ers signi cantly from Figure 11. The low-meanindicator alsohaslocal maximain
1994 and 1998 as expected, but now there is a stronger peak around 2002, largely due to
Equity Market Neutral, Global Macro, and Long/Short Equity. This correspndsremarkably
well to the commonwisdomthat over the past two years,thesethree strategy classeshave
underperformedfor a variety of reasons’® Therefore,this measuremay capture more of the
spirit of systemicrisk than the high-volatilit y indicator in Figure 11. The implications of
Figure 12 for systemicrisk are clear: the probabilities of being in low-meanregimeshave
increasedfor a number of hedge-fundindexes,which may foreshadev fund out o ws in the
comingmorths. To the extert that investorsare disappointed with hedge-fundreturns, they
may re-allocate capital quickly, which placesadditional stresson the industry that canlead

to further dislocation and instability.

7 The Curren t Outlo ok

A de nitiv e assessménof the systemicrisks posedby hedgefunds requirescertain data that
is currertly unavailable, and is unlikely to becomeavailable in the near future, i.e., courter-
party credit exposures,the net degreeof leverage of hedge-fundmanagersand investors,
the grossamourt of structured products involving hedgefunds, etc. Therefore, we cannot
determine the magnitude of current systemicrisk exposureswith any degreeof accuracy
Howeer, basedon the analytics deweloped in this study, there are a few tentativ e inferences

that we can draw.

1. The hedge-fundindustry hasgrown tremendouslyover the last few years,fueledby the
demandfor higher returns in the faceof stock-market declinesand mourting pension-

fund liabilities. Thesemassiwe fund in 0 ws have had a material impact on hedge-fund
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Figure 12: Aggregate hedge-fundrisk indicator: sum of monthly regime-switdiing model
estimatesof the probability of beingin the low-meanstate for 11 CSFB/T remort hedge-fund
indexes(Convertible Arbitrage; Emerging Markets; Equity Market Neutral; Evert Driven;
Distressed; Even-Driven Multi-Strategy; Risk Arbitrage; Fixed-Income Arbitrage; Global

Macro; Long/Short Equity; and Multi-Strategy), from January 1994to August 2004.
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returns and risks in recen years, as evidencedby changesin correlations, reduced

performance,and increasedlliquidit y asmeasuredoy the weighted autocorrelation .

. Mean and median liquidation probabilities for hedgefunds have increasedin 2004,
basedon logit estimatesthat link seeral factors to the liquidation probability of a
given hedgefund, including past performance,assetsunder managemety fund ows,
and age. In particular, our estimatesimply that the averageliquidation probability for
funds in 2004is over 11%, which is higher than the historical unconditional attrition

rate of 8.8%. A higherattrition rate is not surprisingfor a rapidly growing industry, but
it may foreshadav potential instabilities that can be triggered by seeminglyinnocuous

market ewverts.

. The banking sectoris exposedto hedge-fundrisks, especially smallerinstitutions, but
the largest banks are also exposedthrough proprietary trading activities, credit ar-

rangemeits and structured products, and prime brokerageservices.

. The risks facing hedgefunds are nonlinear and more complexthan thosefacing tradi-
tional assetclassesBecauseof the dynamic nature of hedge-fundinvestmern strategies,
and the impact of fund o ws on leverageand performance,hedge-fundrisk modelsre-

quire more sophisticatedanalytics, and more sophisticatedusers.

. The sum of our regime-swittiing models' high-volatility or low-mean state probabil-
ities is one proxy for the aggregatelevel of distressin the hedge-fundsector. Recert
measuremets suggestthat we may be ertering a challenging period. This, coupled
with the recen uptrend in the weighted autocorrelation ,, andthe increasedneanand
median liquidation probabilities for hedgefunds in 2004from our logit model implies

that systemicrisk is increasing.

We hastento qualify our tentative conclusionsby emphasizingthe speculative nature of

theseinferencesand hope that our analysisspursadditional researt and data collectionto

re ne both the analytics and the empirical measuremen of systemicrisk in the hedge-fund

industry. As with all risk managemen challenges,we should hope for the best, and prepare

for the worst.
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Footnotes

!Although hedgefunds have avoided regulatory oversigh in the past by catering only
to \quali ed" investors (investorsthat meet a certain minimum threshold in terms of net
worth and investmen experience)and refraining from advertising to the generalpublic, a
recen ruling by the U.S. Securitiesand Exchange Commission(Rule 203(b)(3){2) require
most hedgefunds to register asinvestmen advisersunder the Investmen Advisers Act of
1940by February 1, 2006.

2Accordingly, hedge-fundirack recordsare often summarizedwith multiple statistics, e.g.,
mean, standard deviation, Sharpe ratio, market beta, Sortino ratio, maximum drawdown,

worst morth, etc.

3The margin required per cortract is assumedo be:
100 f15% (current level of the SPX) (put premium) (amourt out of the money)g

wherethe amourt out of the moneyis equalto the currert level of the SPX minus the strike

price of the put.

4This gure variesfrom brokerto broker, andis meart to be arather consenative estimate

that might apply to a $10M startup hedgefund with no prior track record.

SA portfolio of optionsis worth morethan an option on the portfolio, henceshorting puts
on the individual stocks that constitute the SPX will yield substartially higher premiums

than shorting puts on the index.

50ne of the most striking examplesof phase-laking behavior is the automatic syndro-
nization of the ic kering of SoutheastAsian re ies. SeeStrogatz (1994) for a description
of this remarkable phenomenonas well as an excellen review of phase-laking behavior in

biological systems.

"For example,a literature seartr amongall abstractsin the EconlLit databasela compre-

hensiwe electronic collection of the economicdliterature that includesover 750 journals|in
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which the two phrases\hedge fund" and \systemic risk" are speci ed yields no records.

8See,for example, Ippolito (1992), Chewalier and Ellison (1997), Goetzmann and Peles
(1997), Gruber (1996), Sirri and Tufano (1998), Zheng (1999), and Berk and Green (2004)

for studiesof mutual fund ows, and Kaplan and Scoar (2004)for private-equity fund o ws.

9The lack of transparencyand the unregulatedstatus of most hedgefunds are signi cant
barriersto any systematicdata collectione ort, henceit is di cult to draw inferencesabout

industry norms.

OFor further information about thesedata seehttp://www.hedgeindex.com (CSFB/T remort
indexes)and http://www.tassresearch.com (TASS). We alsousedata from Altv est, the Uni-

versity of Chicago'sCener for Researb in Security Prices,and Yahoo!Finance.

10ncea hedgefund decidesnot to report its performance,is liquidated, is closedto new
investmen, restructured, or mergedwith other hedgefunds, the fund is transferredinto the
\Graveyard" database.A hedgefund can only be listed in the \Graveyard" databaseafter
being listed in the \Liv e" database. Becausethe TASS databasefully represets returns
and assetinformation for live and deadfunds, the e ects of suvivorship bias are minimized.
Howeer, the databaseis subject to back || biagwhen a fund decidesto be included in
the database, TASS addsthe fund to the \Liv e" databaseand includesall available prior
performanceof the fund. Hedgefunds do not needto meetany speci c requiremernts to be
included in the TASS database. Due to reporting delays and time lagsin cortacting hedge
funds, some Graveyard funds can be incorrectly listed in the Live databasefor a period
of time. Howewer, TASS has adopted a policy of transferring funds from the Live to the

Graveyard databaseif they do not report over a 8- to 10-morth period.

2 For studies attempting to quartify the degreeand impact of survivorship bias, see
Baquero,Horst, and Verbeek(2004),Brown, Goetzmann,Ibbotson,and Ross(1992), Brown,
Goetzmann, and Ibbotson (1999), Brown, Goetzmann, and Park (1997), Carperter and
Lynch (1999), Fung and Hsieh(1997b,2000),Horst, Nijman, and Verbeek(2001), Hendridks,
Patel, and Zekhauser(1997), and Sdneeveis and Spurgin (1996).
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13TASS de nes returns asthe changein net assetvalue during the month (assumingthe
reinvestmen of any distributions on the reinvestmen date usedby the fund) divided by
the net assetvalue at the beginning of the month, net of managemen fees,incertiv e fees,
and other fund expenses.Therefore,thesereported returns should appraximate the returns
realizedby investors. TASS also corverts all foreign-currencydenominatedreturns to U.S.-

dollar returns using the appropriate exdhangerates.
14Seethe referencesn footnote 12.

This is no coincidence|T ASSis ownedby Tremort Capital Managemen, which created

the CSFB/Tremort indexesin partnership with Credit SuisseFirst Boston.

18ynder the null hypothesisof no correlation, the approximate standard error of the cor-

relation coe cient is 1:IO 60= 13%.

17 Ljung and Box (1978) proposethe following statistic to measurethe overall signi cance
of the rst k autocorrelation coe cien ts:
Xk
Q = T(T+2)  #T j)
j=1
which is asymptotically 2 under the null hypothesis of no autocorrelation. By forming
the sum of squaredautocorrelations, the statistic Q re ects the absolute magnitudesof the
A's irrespective of their signs, hencefunds with large positive or negative autocorrelation
coe cien ts will exhibit large Q-statistics. SeeKendall, Stuart and Ord (1983,Chapter 50.13)

for further details.

8This e ect works at both endsof the return distribution|funds that arewildly successful
are also more likely to leave the databasesincethey have lessof a needto advertise their
performance. That the Graveyard databasealso cortains successfufunds is supported by
the fact that in somecategoriesthe averagemeanreturn in the Graveyard databaseis the
sameas or higher than in the Live database,e.g., Convertible Arbitrage, Equity Market

Neutral, and Dedicated Shortseller.

190f course,part of the $391billion is Graveyard funds, hencethe proportion of current
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hedge-fundassetsrepreseted by the TASS databaseis less.

2ONote that in the caseof Capital Decimation Partners in Section 1.1, the fund's con-
secutive returns of 183% and 16:2% in August and Septenber 1998 would have made
it virtually impossiblefor the fund to cortinue without a massiw injection of capital. In
all likelihood, it would have closeddown along with many other hedgefunds during those
fateful months, newer to realizethe extraordinary returns that it would have earnedhad it

beenable to withstand the lossesn August and Septenber (seeLo, 2001, Table 4).
21See,for example,Bookstaber (1999, 2000)and Kao (1999), and their citations.

22The k-th order autocorrelation of a time seriesf Rg is de ned as the correlation coef-
cient betweenR; and R; , which is simply the covariance betweenR; and R; , divided
by the squareroot of the product of the variancesof R; and R; . But sincethe variances
of Ry and R; ¢ are the sameunder the assumption of stationarity, the denominator of the

autocorrelation is simply the varianceof R;.
25ee,for example,Farmer and Lo (2000) and Lo (2004).

24Thesefrictions have led to the creation of real-estateinvestmert trusts (REITs), and the
returns to these securities|whic h are considerablymore liquid than the underlying assets

on which they are based|exhibit much lessserial correlation.

25Liang (2003) presens a sobering analysis of the accuracy of hedge-fundreturns that

underscoreghe challengesof marking a portfolio to market.
26Seehttp://www.in vestorforce.comfor further information about the Altv est database.

27 This is descrited by Merrill Lynch asa \market value-weighted index that tracks the
daily price only, income and total return performanceof corporate corvertible securities,

including U.S. domesticbonds, Eurobonds, preferredstocks and Liquid Yield Option Notes".

28As of January 31, 2003, the net assetsof the Vanguard 500 Index Fund (ticker sym-
bol: VFINX) and the AXP Extra Income Fund (ticker symbol: INEAX) are given by
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http:// nance.y ahoo.com/ as $59.7 billion and $1.5 billion, respectively, and the descrip-

tions of the two funds are asfollows:

\The Vanguard500Index Fund seeksnvestmern resultsthat correspnd with the price
and yield performanceof the S&P 500 Index. The fund employs a passive managemen
strategy designedto track the performanceof the S&P 500 Index, which is dominated by
the stocks of large U.S. companies.It attempts to replicate the target index by investing all

or substartially all of its assetsin the stocks that make up the index."

\AXP Extra Income Fund seekshigh current income;capital appreciationis secondary
The fund ordinarily investsin long-term high-yielding, lower-rated corporate bonds. These
bondsmay beissuedby U.S.and foreigncompaniesand governmeris. The fund may investin
other instruments sud as: money market securities,cornvertible securities,preferred stocks,

derivatives (such asfutures, options and forward cortracts), and commonstocks."

2Market betaswere obtained by regressingreturns on a constart and the total return of
the S&P 500, and cortemporaneousand lagged market betas were obtained by regressing
returns on a constar, the cortemporaneoustotal return of the S&P 500, and the rst two
lags. AsnessKrail and Liew (2001), obsene that many hedgefundsthat claim to be market
neutral are, in fact, not neutral with respect to a laggedmarket factor, and Getmansky Lo,
and Makarov (2004) show that this is consistem with illiquidit y exposureand performance

smoothing.

3Howe\er, note that the second-orderautocorrelation of the Merrill Lynch Convertible
SecuritiesIndex is 120% which is secondonly to the AXP Extra Income Fund in absolute
magnitude, two orders of magnitude larger than the second-orderautocorrelation of the

Ibbotson bond indexes,and one order of magnitude larger than the Ibbotson stock indexes.

3.t is, of course, possiblethat the smoothing coe cients of somefunds may exactly
o set those of other funds so asto reducethe degreeof smoothing in an aggregateindex.
Howeer, sud a possibility is extremely remote and pathological if ead of the componert

funds exhibits a high degreeof smaothing.
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32The number of funds in the early yearsis relatively low, reading a level of 50 or more
only in late 1988, therefore the weighted correlations before then may be somewhatless

informative.

330f the 1,765fundsin the Graveyard database 4 funds did not have status codesassigned,
hencewe codedthem as9's (\Unknown"). They are 3882(Fund of Funds), 34053(Managed
Futures), 34054(Managed Futures), 34904(Long/Short Equity).

34Recallthat TASSlaundchedtheir Graveyard databasein 1994,hencethis is the beginning

of our samplefor Table 14.

35We do not include 2004in this averagebecauseTASS typically waits 8 to 10 morths
beforemoving a non-reporting fund from the Live to the Graveyard database. Therefore,the
attrition rate is sewerely downward biasedfor 2004 sincethe year is not yet complete,and
marny non-reporting funds in the Live databasehave not yet beenclassi ed as Graveyard
funds. Also, note that there is only 1 new fund in 2004|this gure is grossly downward-
biasedaswell. Hedgefunds often go through an \incubation period" where managerstrade
with limited resourcedo dewelop a track record. If successfulthe managerwill provide the
return streamto a databasevendorlike TASS, and the vendor usually erters the ertire track
recordinto the database,providing the fund with an\instant history". Accordingto Fung
and Hsieh (2000), the averageincubation period|from a fund's inception to its ertry into

the TASS database|is oneyear.

3®Note that a fund cannot \die" more than once, henceliquidation occurs exactly once
for ead fund i in the Graveyard database. In particular, the time seriesobsenations of
funds in the Graveyard databasewill always be f0;0;:::;0;1g. This suggestshat a more
appropriate statistical technique for modeling hedge-fundliquidations is survival analysis,
which we plan to pursuein a future study. Howewer, for purposesof summarizingthe impact
of certain explanatory variableson the probability of hedge-fundliquidations, logit analysis

is a reasonablechoice.

37A slight discrepancyshould be expected sincethe selectioncriterion for the sampleof
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funds in this sectionis not idertical to that of Section5.1 (e.g., funds in the logit sample

must have non-missingobsenations for the explanatory variablesin Table 16).

38SeeLeamer(1978)for further discussionof this phenomenonknown as\Lindley's Para-

dox".

39This R? is the adjusted generalizedcoe cien t of determination proposedby Nagelkerke
(1991), which renormalizesthe Cox and Snell's (1989) R? measureby its maximum (which
is lessthan unity) sothat it spansthe ertire unit interval. SeeNagellerke (1991) for further

discussion.

4ONote that the usageof \Gra veyard funds" in this cortext is somewhatdi erent, involving
a time dimension as well as liquidation status. For example, in this context the set of
Graveyard funds in 1999refersto only those funds that liquidated in 1999, and does not

include liquidations beforeor after 1999.

“1IThe TASS reporting delay a ects Model 1 aswell, suggestingthat its estimated liqui-

dation probabilities for 2004 are biaseddownward as well.

42\We have divided the squaredand cubed S&P 500 return seriesby 10 and 100, respec-

tively, soasto yield regressiorcoe cien ts of comparablemagnitudesto the other coe cien ts.

43Large fund ows into these strategiesand changesin equity markets sud as decimal-
ization, the rise of ECN's, automated trading, and Regulation FD are often cited asreasons

for the decreasedro tabilit y of thesestrategies.
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A App endix

The following is a list of category descriptions, taken directly from TASS documertation,
that de ne the criteria used by TASS in assigningfunds in their databaseto one of 11

possiblecategories:

Convertible Arbitrage This strategy is identied by hedgeinvesting in the corvertible
securities of a compary. A typical investmern is to be long the corvertible bond
and short the commonstock of the samecompary. Positions are designedto generate
prots fromthe xed incomesecurity aswell asthe short saleof stock, while protecting

principal from market moves.

Dedicated Shortseller Dedicatedshort sellerswereoncea robust categoryof hedgefunds
beforethe long bull market renderedthe strategy di cult to implemert. A new cat-
egory short biased, has emerged. The strategy is to maintain net short as opposed
to pure short exposure. Short biasedmanagerstake short positionsin mostly equities
and derivatives. The short bias of a manager'sportfolio must be constarily greater

than zeroto be classi ed in this category

Emerging Mark ets This strategy involves equity or xed income investing in emerging
markets around the world. Becausemany emergingmarkets do not allow short selling,
nor o er viable futures or other derivative products with which to hedge,emerging

market investing often employs a long-only strategy.

Equit y Mark et Neutral This investmen strategy is designedto exploit equity market
ine ciencies and usually involvesbeing simultaneouslylong and short matched equity
portfolios of the samesizewithin a courtry. Market neutral portfolios are designedto
be either beta or currency neutral, or both. Well-designedportfolios typically cortrol
for industry, sector, market capitalization, and other exposures. Leverageis often

applied to enhancereturns.

Event Driv en This strategy is de ned as “special situations' investing designedto cap-
ture price movemen generatedby a signi cant pending corporate evert sud as a

merger, corporate restructuring, liquidation, bankruptcy or reorganization. There are
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three popular sub-categoriesn ewen-driven strategies: risk (merger) arbitrage, dis-

tressed/highyield securities,and Regulation D.

Fixed Income Arbitrage The xed incomearbitrageur aimsto prot from price anoma-
lies betweenrelated interest rate securities. Most managerstrade globally with a goal
of generating steady returns with low volatility. This categoryincludesinterest rate
swap arbitrage, U.S. and non-U.S. governmert bond arbitrage, forward yield curve
arbitrage, and mortgage-ba&ed securitiesarbitrage. The mortgage-ba&ed market is

primarily U.S.-basedover-the-courier and particularly complex.

Global Macro Global macromanagerscarry long and short positionsin any of the world's
major capital or derivative markets. These positions re ect their views on overall
market direction asin uenced by major economictrends and/or ewerts. The portfolios
of thesefunds can include stocks, bonds, currencies,and commadities in the form of
cash or derivatives instruments. Most funds invest globally in both dewloped and

emergingmarkets.

Long/Short Equit y This directional strategy involves equity-oriented investing on both
the long and short sidesof the market. The objective is not to be market neutral.
Managershave the ability to shift from value to growth, from small to medium to
large capitalization stocks, and from a net long position to a net short position. Man-
agersmay use futures and options to hedge. The focus may be regional, sud as
long/short U.S. or European equity, or sectorspeci ¢, sud aslong and short technol-
ogy or healthcare stocks. Long/short equity funds tend to build and hold portfolios

that are substartially more conceitrated than those of traditional stock funds.

Managed Futures This strategy investsin listed nancial and commality futures mar-
kets and currency markets around the world. The managersare usually referredto as
Commadity Trading Advisors, or CTAs. Trading disciplinesare generally systematic
or discretionary Systematic traders tend to use price and market speci ¢ informa-
tion (often technical) to make trading decisions,while discretionary managersuse a

judgmertal approad.
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Multi-Strategy ~ The funds in this category are characterized by their ability to dynam-
ically allocate capital among strategiesfalling within se\eral traditional hedgefund
disciplines. The useof many strategies,and the ability to reallocate capital between
them in responseto market opportunities, meansthat sud fundsarenot easilyassigned

to any traditional category

The Multi-Strategy category also includes funds employing unique strategiesthat do

not fall under any of the other descriptions.

Fund of Funds A "Multi Manager' fund will employ the servicesof two or more trading
advisorsor HedgeFunds who will be allocated cashby the Trading Managerto trade

on behalf of the fund.
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