
The lifecycle of hedge funds

Dieter Kaiser

Feri Institutional Advisors GmbH, Haus am Park, Rathausplatz 8–10, Bad Homburg 61348,

Germany.

Tel: þ 49 (6172) 916 3712, Fax: þ 49 (6172) 916 1700, E-mail: dieter.kaiser@feri.de

Received (in revised form): 28th January, 2008

Dr Dieter Kaiser is Director Hedge Funds at Feri Institutional Advisors GmbH in Bad Homburg, Germany where he is

responsible for managing hedge funds portfolios. From 2003 to 2007 he was responsible for institutional research at

Benchmark Alternative Strategies GmbH in Frankfurt, Germany. He has written numerous articles on hedge funds that

have been published in both, academic and professional journals and is the author and editor of seven books. Dieter

Kaiser holds a BA in Business Administration from the University of Applied Sciences Offenburg, an MA in Banking

and Finance from the Frankfurt School of Finance and Management, and a PhD in Finance from the Chemnitz

University of Technology. On the academic side, he is a research fellow at the Centre for Practical Quantitative Finance

of the Frankfurt School of Finance and Management.

Practical applications

This paper helps institutional investors, pension funds, and endowments to understand why the

risk-adjusted performance of hedge funds, especially for nondirectional strategies, decreases over

time and provides a framework that can be used to analyse where the funds are in their lifecycle.

This is important because institutional investors are often perceived to be long-term investors in

hedge funds.

Abstract

Hedge fund managers proclaim that they

predominantly use investment strategies that generate

profit from misvalued market instruments. Regarding

efficient market theories, hedge funds use market price

anomalies and hence serve to increase market efficiency.

Especially with arbitrage-based strategies, however, in

highly competitive markets it is possible that excess

returns will vanish over time because other investment

managers will ‘jump on the bandwagon’, and trade

similar inefficiencies, thus diminishing risk premiums.

Hedge fund excess returns will naturally decrease over

time. The thesis that hedge funds develop according to

this pattern is called the ‘lifecycle theory of hedge

funds’. This paper empirically investigates the lifecycle

theory based on an extensive database of 1,433 hedge

funds for the period January 1996 until May 2006.

We verify that hedge funds indeed follow a lifecycle.
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INTRODUCTION

Hedge funds either (1) identify and profit from

incorrectly valued securities by applying
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different investment strategies, or (2) earn

alternative, that is, noncommon, risk premiums.

Many definitions exist for the term ‘hedge

funds’. We characterise hedge funds as weakly

regulated collective investment products that

invest in cash, equity, fixed income,

commodities, and derivatives markets to

generate profit for investors, using leverage to a

certain extent. Any active investment strategies

they may use are oriented primarily toward the

fund manager’s specific skills, and are absolute

return-based, incorporating short-selling

strategies. Nevertheless, hedge fund risk and

return targets are quite heterogeneous.

Hedge fund managers often proclaim they are

using investment strategies to generate profit

from misvalued instruments (‘arbitrage’). Thus,

they are really just taking advantage of temporary

price discrepancies in fundamental values. In

practice, arbitrage means purchasing cheaper

instruments at one exchange, and simultaneously

selling them at another for a profit. As per

Fama’s1 efficient market theory, hedge funds use

market price anomalies to increase market

efficiency.

With arbitrage-based strategies, it is feasible

that hedge funds will generate above-average

risk-adjusted returns, at least in the early years,

until the traded inefficiencies and investment

techniques are sufficiently familiar to the market.

If the investment strategies prove successful,

other investment managers will emulate them

and trade similar inefficiencies, thus leading to

decreasing risk premiums according to Jevons’s2

law of uniform prices. In the context of

Vernon’s3 product lifecycle theory, this could

mean that hedge funds with respective

investment strategies as well as within the

different kinds of traded inefficiencies are also

subject to a cycle.

Another aspect also leads to hedge fund

lifecycles. It is postulated that hedge fund

managers generate ideas partly from analysing

historical return patterns. If the financial world

follows a trend, creating a hedge fund can be

interpreted as ‘joining the bandwagon’, thus

generating excess returns as long as the trend

remains intact. When the trend weakens,

however, the excess returns decrease as well, and

may become losses unless another trend is

detected or the fund is closed down. Hedge fund

strategy types that do not specialise in

discovering new trends early and regularly

should demonstrate a distinct lifecycle.

The goal of this paper is to model and

empirically verify a hedge fund lifecycle. We

investigate the lifecycle theory based on an

extensive database of 1,433 hedge funds for the

period January 1996 through May 2006. We

calculate different statistical variables for

individual funds, and compare them with the

respective peer groups. We then analyse the

statistical significance of the variables fund age

and number of phases to determine their

influence on the lifecycle.

The next section provides three hypotheses

and develops the theoretical hedge fund lifecycle

model, which is based on Keating/Shadwick’s4

omega measure. The subsequent section presents

the database, while the penultimate section

contains the verification process for the

hypotheses and gives our empirical results. The

final section summarises the results and our

conclusions.

HEDGE FUND LIFECYCLE MODEL

One of the central questions in finance is why

the reward structures of financial intermediates

in the economy are so high despite high
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competition and the uncertain value of their

activities. This question is even more puzzling

when we consider that many studies have found

that mutual fund managers are unable to

consistently outperform their benchmarks.5 And

this problem exists with hedge funds as well,

because their fees are dramatically higher.

Hence, it is understandable that the factors

influencing performance and performance

persistence constitute a large part of the

academic hedge fund literature.

In studying different hedge fund strategies,

Agarwal and Naik6 find a significant persistence

of loser funds continuing to lose. Capocci et al.7

find performance persistence predominantly in

average or below-average hedge funds. Hence

poor performance is a crucial factor in hedge

fund mortality.

Harri and Brorsen8 conclude that

performance persistence predominates in the

hedge fund strategies equity market neutral, fund

of funds, event driven, and global macro. Brown

et al.9 and Kat and Menexe,10 however, find very

little evidence for performance persistence in

hedge funds. According to Agarwal and Naik,11

hedge fund performance persistence is strong

when performance is considered on a quarterly

basis. On a yearly basis, however, it tends to

decrease, thus indicating the short-term

character of individual hedge funds.

Furthermore, Edwards and Caglayan12 identify a

performance persistence in hedge funds with

extreme performance swings, either very high or

very low.

According to Boyson and Cooper,13

performance persistence predominantly occurs

with new or relatively younger hedge funds.

Baquero et al.14 conclude that, on a quarterly

basis, there is a very high probability that 20–30

per cent of the funds outperforming in one-

quarter will continue to do so in the next

quarter. The authors find the same result on a

yearly basis.

Based on these empirical results, it makes

sense to rank hedge fund managers along a

hedge fund lifecycle continuum that includes

their changing structures, income cash flows,

and motivations over time and as fund size

increases. Several researchers have concluded

that, statistically, younger hedge funds

outperform more mature ones15 (see Liang,16

Schneeweis et al.,17 Amenc et al.,18 and Kaiser

and Kisling19).

Howell20 concludes that the youngest 10 per

cent of hedge funds outperforms the oldest 10

per cent by 9.70 per cent every year, after

accounting for any possible survivorship bias.

There are a number of reasons for the

statistical outperformance of young hedge funds.

It may be that managers in their early years are

more likely to seek out innovative market price

anomalies that other participants have not yet

grasped and which are not yet included in prices.

We, however, assume that as new competitors

enter the market, any possible profits from price

anomalies will diminish. And, in accordance

with arbitrage theory, incorrect valuations will

vanish over time.

At the same time, however, many hedge fund

managers begin their careers trading for

investment banks or in other hedge funds. This

means managing smaller markets, which usually

have lower liquidity. Providing liquidity in a

tight market is a successful return generator of

many hedge fund strategies.

Thus, new hedge funds are predominantly

founded in new markets to take advantage of

market price anomalies, and over time it is

assumed that the increasing competition will

increase market efficiency, and decrease profits.
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The pioneers of those strategies, however,

should be able to generate above-average risk-

adjusted returns compared with their peer group

for several months or years.

Note also that hedge funds in their early

years are smaller and can be more flexible in

their decision making. Established funds

usually manage numerous strategies with a large

trading team, as well as internal risk

management, compliance, and investor relations

departments. Their assets under management

may total hundreds of millions or even $1

billion. But the resulting bureaucracy can cause

these companies to lose their entrepreneurial

edge.21

In contrast, hedge funds in their early years

tend to outsource many services so management

can concentrate solely on managing assets.22

With smaller and more efficient structures come

quicker investment decisions, which can directly

influence the trading room and make it easier to

take immediate advantage of market price

anomalies.

Note also that as fund size increases, larger

positions must be traded.23 But trading larger

positions in less liquid markets can result in higher

costs and decreased profits. This is especially true

for hedge funds that operate in special niches in

capacity-sensitive or less liquid markets. In other

words, certain transactions may only be profitable

when executed in low volumes.24

Harri and Brorsen,8 Agarwal et al.,25

Goetzmann et al.,26 Getmansky,27 Ammann and

Moerth,28 and Fung et al.29 have found that

hedge fund profits decrease as market

capitalisation increases.30 According to Berk and

Green’s31 rational model of active portfolio

management, decreasing returns in poorly

performing funds lead to fund transfers into

better performing funds, and thus helps decrease

performance over time. From this, we obtain

our first hypothesis:

Hypothesis 1: Risk-adjusted returns of single

hedge funds decrease over time.

Hedge funds can be classified according to

whether they follow directional or

nondirectional strategies. Following Jevons’s2

law of one uniform price, every arbitrage

possibility is available for only a limited amount

of time. Inefficiencies attract other market

participants who are also trying to take

advantage of them, which ultimately causes the

inefficiencies to disappear. Since nondirectional

strategies draw their returns more from arbitrage

profits and less from market direction

movements, we expect the nondirectional

strategies group to have a shorter lifecycle than

the directional strategies group. Thus our second

hypothesis:

Hypothesis 2: Risk-adjusted returns of

nondirectional hedge fund strategies decrease

more quickly than those of directional hedge

fund strategies.

There are also several reasons from a

psychological standpoint that hedge fund

managers in their early years would be more

motivated to generate superior risk-adjusted

returns. These may include the entrepreneurial

spirit of a young business, or the necessity of

reaching a certain level of capital to break even.

In practice, we note that, in earlier years,

company cultures are often characterised by a

strong team spirit and hard work. These

tendencies may be lost with increasing investor

fund inflows. At the same time, the psychological

motivation of individuals to start a successful
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hedge fund company should not be

underestimated. With increasing assets under

management and a certain level of wealth,

the number of working hours typically decreases.

This degree of saturation could be an explanation

for decreasing risk-adjusted returns over time.

At the same time, we note that it is possible that

some hedge funds will manage to consistently

achieve above-average risk-adjusted performance.

The number of funds that manage to extend their

‘lifecycle’ beyond the average is, however,

relatively small. According to De Figueiredo and

Budhraja,32 innovation is one of the main reasons

hedge funds find themselves on top for several

years. Hence, in the context of a hedge fund

lifecycle, it is important to determine whether the

innovation power of individual funds or the

industry as a whole will continue.

To answer this question, we consider two

main models concerning the innovation capacity

of industries or economies over time:

— The ‘fishing-out’ model: Eicher and Kim33

posit that all simple innovations are

completed relatively quickly and with

minor effort. More difficult problems

require more resources (workload and

funds), and are solved later. Therefore, every

successive improvement is harder than the

last one.

— The ‘standing on shoulders’ model: This model

from Jones34 states that every innovation

motivates another innovation. Building on

this, Jones argues that the present will not

represent the future because unpredictable

innovations will increase productivity and

thus economic growth. In this framework,

innovation accelerates with the amount of

ideas and innovations take place with

increasing frequency.

For the hedge fund industry, the ‘standing on

shoulders’ model seems the most suitable. The

fact that innovation takes time, however, implies

that hedge funds can have several phases of either

below- or above-average returns during their

lifecycles. Thus, due to the higher difficulty of

detecting new market inefficiencies, we posit

that nondirectional strategies experience fewer

growth and contraction phases than directional

strategies. Thus, our third hypothesis is

Hypothesis 3: Hedge funds following a

directional strategy experience more growth and

contraction phases than those following a

nondirectional strategy.

The end of a hedge fund lifecycle involves

one of the following steps: (1) The hedge fund

manager ceases business operations, (2) risk-

adjusted performance stagnates at a low level

after initial success, or (3) the hedge fund

manager adapts his strategy and manages to

repeat his earlier success. Owing to the short

individual fund track records currently available

for the hedge fund industry, it is difficult to

generate empirical evidence for the end of a

hedge fund lifecycle. In this paper, we focus on

the first years.

Our first step in modelling the hedge fund

lifecycle is to choose the variable for our analysis.

Because of the specific distribution properties of

hedge fund return time series with regard to

higher moments, it can be problematic to use

the rate of return, correlation, the Sharpe ratio,

or value at risk. Thus, we choose the two-

dimensional omega measure for our model,

which includes the specific distribution

properties of hedge funds.

According to Keating and Shadwick,4 the

omega measure is a modern variable, developed
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with the specific needs of the hedge fund

industry in mind. The omega measure thus

includes the higher moments of a distribution.

It is also a function of the individual expected

return threshold Rmin of an investor, and requires

no distribution assumptions. Hence, we choose a

minimum return Rmin, which separates the return

distribution into two parts. Returns below the

minimum are classified as losses and those above

are considered profits. Omega defines the ratio

of profits to losses, and can be stated as follows:4

O Rminð Þ ¼
I2 Rminð Þ

I1 Rminð Þ
ð1Þ

where O Rminð Þ ¼ the omega measure; relative

to Rmin, I1 Rminð Þ ¼
R Rmin

a
FðxÞdx, I2 Rminð Þ ¼R b

Rmin
ð1� FðxÞÞdx, Rmin is the the profit

threshold, and a, b are the lower and upper

boundaries of the return distribution.

F(x) represents the return distribution function

of the fund. Omega represents the ratio of

probability-weighted profits and losses with

regard to threshold Rmin. The quality of an

investment is measured according to whether it

has realised at least a return of Rmin. The omega

measure is thus the ratio of two cumulative

density functions. It gives the chance of excess

return per unit of shortfall risk for a chosen

target return.

Generally, the investment with a higher

omega is chosen independently from the

minimum return threshold, because the reward

for risk taken is higher.35

Schneeweis et al.36 show that formula (1) can

be rewritten as follows:

OðRminÞ ¼
CðRminÞ

PðRminÞ
ð2Þ

where C(Rmin) is the price of a European call

option on the investment and P(Rmin) is the

price of a European put option on the

investment. The maturity of both options is one

period (eg one month) and the strike price of

both is Rmin. Thus the denominator and

numerator of the omega measure can be written

as follows:

Zb
Rmin

1� F Rtð Þ½ �dRt

¼

Zb
Rmin

Rt � Rminð Þf ðRtÞdRt

¼ E max Rt � Rmin; 0ð Þ½ � ð3Þ

ZRmin

a

F Rtð ÞdRt

¼

ZRmin

a

Rmin � Rtð Þf ðRtÞdRt

¼ E max Rmin � Rt; 0ð Þ½ � ð4Þ

where f(Rt) is the density function of the one-

period return. Equations (3) and (4) represent

nondiscounted call and put prices. To calculate

net present value, we multiply both sides by

exp(�Rf), where Rf is the riskless interest rate of

the period. These results concur with C(Rmin)

and P(Rmin), as per formulas:

C Rminð Þ ¼ e�Rf E max Rt � Rmin; 0ð Þ½ � ð5Þ

P Rminð Þ ¼ e�Rf E max Rmin � Rt; 0ð Þ½ � ð6Þ

We can calculate the omega measure

empirically according to the partial moments
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method as follows:

OðRminÞ ¼
1=T

PT
t¼1 maxðRt � Rmin; 0Þ

1=T
PT

t¼1 maxðRmin � Rt; 0Þ

ð7Þ

where T is the number of observations, Rmin the

minimum return threshold, and Rt is the return

of the individual hedge fund in month t

(t¼ 1,y, T ).

Again, the investment with a higher omega is

chosen independently from the minimum return

threshold, because the reward for risk is higher.

To represent an actual lifecycle, we consider

the performance of the underlying hedge funds

independently from the actual month. Thus, we

first set the performance of all funds in the

database to starting month 1, which represents

the first month of all hedge funds in our

sample, independent of the effective month at

that time.37

In this investigation, we define a fixed profit

threshold Rmin, and assume the value of the

omega measure with respect to this threshold as

a rank.

Because we intend to rank the individual

hedge funds, we now consider the omega

measure with a specific profit threshold as

opposed to the omega function over the entire

bandwidth of returns.4 For empirical

investigations, Bertrand and Prigent recommend

choosing an Rmin of between 0 per cent and the

riskless interest rate. The arithmetic mean of the

riskless interest rate based on USD three-month

Libor for our sample period is 4.07 per cent.

Thus we choose Rmin¼ 2 per cent as the

simplified mean of these two values.

To model the hedge fund lifecycle, it is not

advisable to consider statistics for the entire

sample period. So we use the rolling calculation

method to determine the dynamic course of the

omega measure. In our first step, we calculate the

12-month rolling omega measure for all hedge

funds in the database at time i with Rmin¼ 2

per cent as follows:

OðRminÞi ¼
1=12

Pi
t¼i�11 maxðRt � 2%; 0Þ

1=12
Pi

t¼i�11 maxð2%� Rt; 0Þ

ð8Þ

To compare the hedge funds in the database

with their peer group, we need a benchmark

time series. We construct this time series by

calculating the median of the 12-month rolling

omega measure for all hedge funds in the

respective peer group for each month. Each

month’s benchmark omega measure represents

the median of the 12-month rolling omega

measure for the respective peer group in that

month as follows:

O Rminð Þ
BM
i ¼

~O Rminð Þ
BM
i ð9Þ

~O Rminð Þ
BM
i ¼

O Rminð Þi;ðnþ1Þ=2

1
2

O Rminð Þi;ðn=2ÞþO Rminð Þi;ðn=2Þþ1

� � n even

n odd

(

ð10Þ

where n is the number of observations of the

respective benchmark at time i, and i is the

respective time at which the omega measure is

calculated.

We interpret the omega benchmark as the

benchmark of the respective strategy group that

a hedge fund will need to outperform in order to

be ranked ‘above average’. In the following

equation, we calculate the difference between

the omega measure of an individual hedge fund

and its benchmark, O(Rmin)
BM, defined as excess

omega (eO):

eO Rminð Þi;n¼ O Rminð Þi;n�O Rminð Þ
BM
i ð11Þ
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DATA

Our empirical work is based on monthly time

series of 3,450 individual hedge funds from the

Absolute Return database of Hedge Fund

Intelligence (the ‘HFI database’). We chose this

database because it keeps defunct funds to

account for survivorship bias (for an overview of

the different biases of hedge fund databases

please see Fung and Hsieh38 or Füss and

Kaiser).39 It also maintains a complete fee

structure (management fee, performance fee,

high watermark, and hurdle rate), which is

especially relevant for analysing lifecycles.

To ensure our database is homogeneous and

not overly influenced by exogenous shocks, we

use January 1996 to May 2006 as our sample

period. This guarantees that the big hedge fund

crisis of 1998 will be included in our results.

After clearing the database of extraneous data (eg

onshore/offshore versions of the same fund, or

different share classes of the same fund), the

remaining time series includes descriptive

variables for 1,433 hedge funds.

We note that the trading strategies of

today’s hedge funds are quite varied (for an

overview see Füss et al.40). Similar to the

correlation between fixed income and equity

indices, we can classify hedge fund strategies into

two categories: market directional and

nonmarket directional (see Agarwal and Naik5).

We classify and analyse eight different hedge

fund strategies. Table 1 gives the number of

target funds in each.

Table 2 shows our database after the clearing

and aggregation steps. The average fund in the

database has US$296.46 million assets under

management, a track record of five years, and a

minimum investment volume of US$862,670.

On the fee side, the average management fee is

1.56 per cent p.a., and the average performance

fee is 20 per cent p.a.

RESULTS

The result tables represent aggregated results

based on our calculations for each fund

in the database on the basis of monthly

performance. To verify Hypotheses 1–3, we

classify the hedge funds in each strategy group

into quartile groups according to their

excess omegas. We can subsequently calculate

the medians for each strategy (group) based on

the descriptive variables of individual hedge

funds.

Because the start time of each hedge fund may

influence its long-term excess omega, we use þ

(�) to distinguish between funds that start with a

positive (negative) excess omega. When

investigating the individual phases of a hedge

fund lifecycle, we define a phase as a period

of four months. This means that we include

rolling 12-month excess omegas in our phase

analysis, but we ultimately define a phase as a

time horizon in which the algebraic sign of

the variable does not change for more than

three consecutive months in a row. If the

algebraic sign changes for a time horizon of at

least four months, we have a new phase,

beginning with the month of the first

change. We define a positive phase as one

with an excess omega greater than zero, and vice

versa.

Based on our style of analysis, it is important

for accuracy that we consider the number of

funds in the sample period. Table 3 gives a

detailed analysis of the number of hedge funds in

the individual strategies. After almost four years

(about 45.5 months), there are time series data

for less than 50 per cent of the 1,433 individual
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hedge funds considered in the beginning. For

our entire sample period of January 1996 to May

2006 (109 months), only 55 funds, or 3.84 per

cent, have a complete time series. Hence the

representativity of our results decreases over

time, and especially after an observation period

of four years. Since our goal here is, however, to

describe the lifecycle pattern, our results are not

constrained by the decreasing number of funds

over time. We assume only a minor distortion of

our results due to inherent survivorship bias.

Influence of fund age

We find that Hypothesis 1, that risk-adjusted

returns of individual hedge funds decrease over

time, is confirmed when considering the

development of the omega measure. We can see

this development in Figures 1–3, and even more

clearly when the graphic representation of the

omega development is enhanced by a third-

degree polynomial trend line.41 Here, the

lifecycles are presented only as long as the sample

consists of at least 50 per cent of the target funds.

Table 1: Total number of hedge funds in each strategy group

Number of funds Percentage of databasea

Directional strategies (DI) 1,029 71.81

Distressed securities (DS) 36 2.51

Global macro (GM) 254 17.73

Long/short equity (LS) 653 45.57

Emerging markets (EM) 86 6.00

Nondirectional strategies (ND) 404 28.19

Convertible arbitrage (CA) 154 10.75

Event driven (ED) 101 7.05

Fixed income arbitrage (FI) 100 6.98

Equity market neutral (MN) 49 3.42

Total strategies (TS) 1.433 100,00

aCleared according to the requirements.

Table 2: Database description

Minimum Maximum Std. dev. Median Mean

Assets under management (USD millions) 0.21 12,700.00 736.01 83.50 296.46

Fund age (months) 12.00 464.00 46.80 49.00 63.20

Minimum investment (USD thousands) 0.13 64,000.00 2,239.19 500.00 862.67

Management fee (p.a.) 0.25% 6.00% 0.49% 1.50% 1.56%

Performance fee 2.00% 50.00% 2.61% 20.00% 20.00%
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Note from Figure 1 that, on an aggregated

level, hedge funds show above-average omega

measures, especially in their first two years. After

this, the omega measure may stay at a constant

level of about 1.90 for the rest of our sample

period.

As Figure 2 shows, we can detect no

distinct lifecycle for the directional strategies

on average. The 12-month rolling omegas

alternate between 2.25 in the beginning,

and a minimum of 1.90. As Figure 3 shows,

nondirectional strategies show a distinct

lifecycle. The omega measure decreases

over the first three years from 3.40 to 2.10.

Hence our second hypothesis, that risk-adjusted

returns of nondirectional hedge fund strategies

Table 3: Development of the number of funds in the database

Number of reporting funds in the database

Months Percentage in sample

12 24 36 48 60 72 84 96 108 75 50 25

TS 1,433 912 685 493 380 272 168 100 55 27.5 45.5 69.0

100.00%63.64% 47.80% 34.40% 26.52% 18.98% 11.72% 6.98% 3.84%

DI 1,029 636 479 342 270 192 121 78 42 26.5 44.0 68.5

100.00%61.81% 46.55% 33.24% 26.24% 18.66% 11.76% 7.58% 4.08%

ND 404 276 206 151 110 80 47 22 13 30.0 47.0 71.0

100.00%68.32% 50.99% 37.38% 27.23% 19.80% 11.63% 5.45% 3.22%

DS 36 27 19 11 5 5 2 1 0 34.0 48.0 61.5

100.00%75.00% 52.78% 30.56% 13.89% 13.89% 5.56% 2.78% 0.00%

EM 86 56 43 37 32 25 18 11 8 30.5 47.0 84.5

100.00%65.12% 50.00% 43.02% 37.21% 29.07% 20.93% 12.79% 9.30%

GM 254 158 115 87 79 56 33 26 15 28.5 43.5 73.5

100.00%62.20% 45.28% 34.25% 31.10% 22.05% 12.99% 10.24% 5.91%

LS 653 395 302 207 154 106 68 40 19 27.5 44.5 69.0

100.00%60.49% 46.25% 31.70% 23.58% 16.23% 10.41% 6.13% 2.91%

CA 154 107 79 64 47 34 19 8 3 30.5 47.5 75.5

100.00%69.48% 51.30% 41.56% 30.52% 22.08% 12.34% 5.19% 1.95%

ED 101 76 61 43 33 23 13 5 5 35.0 51.0 77.0

100.00%75.25% 60.40% 42.57% 32.67% 22.77% 12.87% 4.95% 4.95%

FI 100 65 48 33 23 17 12 8 5 30.0 45.5 64.0

100.00%65.00% 48.00% 33.00% 23.00% 17.00% 12.00% 8.00% 5.00%

MN 49 28 18 11 7 6 3 1 0 26.5 39.5 54.5

100.00%57.14% 36.73% 22.45% 14.29% 12.24% 6.12% 2.04% 0.00%
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erode more quickly than those of directional

strategies, is confirmed.

Influence of the phase

In the phase analysis, we investigate the

difference between the omega measure and the

benchmark omega based on the median of the

individual hedge fund omega. Again, note that

we consider a new phase has occurred if we note

a change in phase (eg from negative to positive,

or vice versa) for at least four consecutive

months.

Total Strategies
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Figure 1: Twelve-month rolling omegas for the entire database

Directional Strategies
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Figure 2: Twelve-month rolling omegas for directional strategies
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Within the directional strategies, we note a slight

difference in the median number of months (see

Table 4). For funds with a positive start, the

difference is 42; for those with a negative start, it

is 45.5. The median number of phases is,

however, smaller for funds with a positive start

(2) than for those with a negative start (3). Also,

the median excess omega for above-average-

starting directional hedge funds is 0.74, which is

distinctly higher than for funds with a negative

start (�0.31).

The percentage of positive excess omegas for

directional funds with a positive start (65 per

cent) is also above the percentage of funds with a

negative start (44.17 per cent). Further

discrepancies can be observed regarding

maximum values, average values for positive

excess omegas, and standard deviations.

We next consider individual quartiles. Along

with the median and maximum value, the

percentage of positive excess omegas of

directional hedge funds is highest in the first

quartile and lowest in the fourth quartile.

Furthermore, note that directional hedge funds

with a positive start phase in the first quartile in

their median go through only one phase. We can

interpret this as follows: The directional hedge

funds of the first quartile go through fewer

phases compared with less successful funds over

the long run. Hence, they generate excess

omegas more reliably.

In addition to the global context of all

strategies, the minimum and maximum number

of phases for directional strategies are one and 10

(see Table 5). As we have noted already for all

funds, the number of funds with directional

strategies in the first phase with a positive start is

higher than for those with a negative start. This

ratio, however, changes during the second, third,

and second to last phase, in which more negative

than positive funds report to the database

provider.

In fact, the number of reporting funds with a

positive start phase is more than halved until the

third phase. For those with a negative start,

it lasts until the fourth phase. More than

Non-Directional Strategies

y= -6E-06x3 + 0,0013x2 - 0.079x + 3.4747 
R2 = 0.3127
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Figure 3: Twelve-month rolling omegas for nondirectional strategies
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68 per cent of the funds with a positive start in

the first quartile cease reporting after phase 1;

the number of below-average-starting funds in

the last quartile decreases by almost 54 per cent

after phase 1.

For nondirectional strategies, we observe a

difference in the median number of months (see

Table 6). For funds with a positive start, the

number is 49.0; for those with a negative start, it

is 42.5. The median number of phases for funds

with a positive start (3) also decreases more

quickly than it does for those with a below-

average start (2). Furthermore, the median

excess omegas for above-average-starting

nondirectional hedge funds is 1.69, distinctly

higher than for those with a negative start

(�0.50). Hence more nondirectional hedge

funds yield above-average results than those

yielding below-average excess omegas. The

percentage of positive excess omegas for

nondirectional funds with a positive start (69.50

per cent) is higher than for those with a negative

start (40.0 per cent).

We also note differences in the standard

deviations and in the average values of

positive excess omegas between nondirectional

hedge funds with positive and negative starts.

No further discrepancies are observed regarding

the minimum and maximum or the average

values for negative excess omegas.

When considering individual quartiles, we find

that the percentage of positive excess omegas for

nondirectional hedge funds is highest in the first

quartile and lowest in the fourth quartile. Note

Table 4: Excess omegas of directional strategies

Number of

funds

Number of

months

(Med)

Number of

phases

(Med)

eO

Med Fraction

positive

(%)

Ø

positive

Ø

negative

Min Max Std.

dev.

+ Total 529 42.0 2 0.74 65.00 6.18 �0.86 �1.96 50.00 8.31

Q1 132 32.5 1 6.27 90.69 18.08 �0.91 �1.94 50.00 17.22

Q2 133 35.0 2 1.33 73.91 4.72 �0.83 �2.00 47.58 6.82

Q3 132 47.5 3 0.33 58.34 3.81 �0.76 �1.91 19.55 4.51

Q4 132 53.5 4 �0.33 39.84 3.78 �0.97 �2.00 17.31 3.99

� Total 500 45.5 3 �0.31 44.17 3.56 �0.95 �2.02 16.74 3.49

Q1 125 52.0 2 0.97 68.66 6.61 �0.83 �1.94 50.00 10.49

Q2 125 50.0 3 �0.02 51.28 2.95 �0.81 �1.92 16.70 3.45

Q3 125 46.0 3 �0.53 35.14 2.14 �0.88 �1.97 6.74 1.81

Q4 125 33.0 1 �1.12 15.91 2.45 �1.28 �2.08 6.09 1.62

Total 1.029 44.0 3 0.18 54.55 4.91 �0.90 �1.98 31.52 6.01

Min=Minimum, Max=Maximum, Std. dev.=Standard deviation, Med=Median.
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Table 5: Phase analysis of directional strategies

P Number of funds Length (in months) eO Number of funds Length (in months) eO

abs kum (%) Med Min Max Std. dev. Med Min Max abs kum (%) Med Min Max Std. dev Med Min Max

1 2

+ To 529 100 16 4 89 3.71 2.35 �0.17 14.14 383 72 12 1 62 0.51 �0.90 �1.59 �0.06

Q1 132 100 25 4 89 17.17 8.39 �0.18 50.00 41 31 8 0 45 0.73 �0.92 �1.79 �0.03

Q2 133 100 19 4 63 3.83 1.88 �0.33 15.23 90 68 7 0 33 0.50 �1.01 �1.69 �0.15

Q3 132 100 13 4 53 2.19 1.16 �0.31 6.81 120 91 12 4 39 0.43 �0.69 �1.35 �0.03

Q4 132 100 9 4 37 1.78 1.48 0.03 5.36 132 100 19 4 62 0.54 �0.97 �1.75 �0.03

� To 500 100 15 4 82 0.61 �1.01 �1.78 0.14 408 82 13 0 61 2.51 1.50 0.01 8.78

Q1 125 100 9 4 30 0.53 �1.04 �1.62 �0.08 125 100 21 4 61 8.47 1.93 �0.24 30.64

Q2 125 100 12 4 44 0.64 �0.76 �1.58 0.20 122 98 14 4 56 2.15 1.32 0.00 8.06

Q3 125 100 17 4 73 0.60 �0.84 �1.78 0.21 103 82 11 0 34 1.53 1.28 0.05 4.98

Q4 125 100 24 5 82 0.65 �1.28 �2.02 0.50 58 46 10 4 34 2.10 1.47 0.13 6.72

To 1029 100 15 4 89 1.09 0.20 �1.25 2.84 791 77 13 0 62 0.85 0.28 �0.96 1.69

3 4

+ To 256 48 14 4 71 6.33 2.11 0.00 21.10 164 31 12 4 49 0.48 �0.83 �1.62 �0.08

Q1 27 20 21 4 57 16.97 42.36 1.30 50.00 7 5 7 4 14 0.91 �1.23 �2.63 �0.22

Q2 51 38 17 8 71 18.23 7.90 0.44 50.00 30 23 10 4 29 0.41 �0.69 �1.41 �0.17

Q3 96 73 16 4 45 11.65 2.74 0.04 50.00 60 45 11 4 31 0.48 �0.85 �1.71 �0.07

Q4 82 62 12 4 40 4.07 1.54 �0.09 13.55 67 51 15 4 49 0.50 �0.88 �1.58 �0.03

� To 272 54 12 0 67 0.59 �0.69 �1.37 0.03 144 29 13 4 73 2.04 1.30 0.01 6.42

Q1 59 47 7 0 67 1.61 1.13 0.00 5.21 37 30 22 5 73 4.33 1.99 0.01 16.71

Q2 88 70 12 4 48 0.48 �0.77 �1.39 �0.05 59 47 13 4 39 1.48 1.18 0.00 4.63

Q3 84 67 13 0 67 0.51 �0.83 �1.53 �0.04 40 32 11 4 30 1.58 0.79 0.09 4.48

Q4 41 33 16 4 55 0.66 �1.38 �1.97 �0.01 8 6 12 4 15 4.10 1.61 �0.01 12.22

To 528 51 13 0 71 0.83 �0.14 �1.05 1.65 308 30 12 4 73 0.71 �0.30 �1.17 0.97
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Table 5: Continued

P Number of funds Length (in months) eO Number of funds Length (in months) eO

abs kum (%) Med Min Max Std. dev. Med Min Max abs kum (%) Med Min Max Std. dev Med Min Max

5 6

+ To 96 18 14 4 52 2.06 1.59 0.04 7.61 58 11 12 4 34 0.60 �0.90 �1.90 �0.02

Q1 2 2 35 23 46 10.64 20.05 7.23 50.00 0 0 — — — — — — —

Q2 21 16 18 5 47 7.08 2.00 0.11 44.60 10 8 6 4 18 0.71 �0.74 �1.64 �0.04

Q3 33 25 14 4 52 1.95 1.24 0.03 7.57 20 15 13 4 28 0.49 �0.86 �1.90 0.00

Q4 40 30 12 5 38 1.30 1.48 0.04 3.80 28 21 13 4 34 0.63 �1.00 �1.95 �0.03

� To 84 17 12 4 39 0.55 �0.92 �1.65 �0.04 44 9 14 4 35 1.84 1.53 �0.24 5.87

Q1 13 10 6 4 31 0.45 �0.53 �1.11 �0.06 9 7 14 9 35 4.33 2.05 �0.45 13.95

Q2 41 33 11 4 36 0.53 �0.92 �1.64 �0.06 22 18 16 5 27 1.43 1.24 �0.24 4.30

Q3 23 18 12 4 39 0.60 �0.88 �1.64 0.08 12 10 10 4 21 4.32 1.48 �0.02 11.36

Q4 7 6 19 6 37 0.56 �1.14 �2.22 0.00 1 1 8 8 8 1.03 0.22 �1.49 0.98

To 180 17 13 4 52 0.92 0.39 �0.93 2.57 102 10 13 4 35 0.82 �0.49 �1.52 0.75

7 8

+ To 26 5 12 4 22 1.29 1.29 0.03 3.70 12 2 9 4 33 0.52 �0.86 �1.76 �0.07

Q1 0 0 — — — — — — — 0 0 — — — — — — —

Q2 4 3 15 4 19 1.86 1.73 �0.57 4.68 0 0 — — — — — — —

Q3 10 8 13 4 22 1.25 1.13 0.02 3.85 6 5 5 4 20 0.52 �1.16 �1.76 �0.40

Q4 12 9 9 4 20 1.16 0.68 0.03 2.95 6 5 14 8 33 0.44 �0.73 �1.76 0.17

� To 19 4 6 4 33 0.57 �1.07 �1.64 �0.15 5 1 12 4 18 1.17 0.30 �0.19 3.38

Q1 3 2 8 4 12 0.71 �1.07 �1.54 �0.09 1 1 12 12 12 3.69 0.65 �0.03 12.78

Q2 14 11 6 4 33 0.54 �0.75 �1.62 �0.14 4 3 12 4 18 0.92 0.27 �0.27 2.64

Q3 2 2 4 4 4 0.63 �1.54 �2.16 �0.77 0 0 — — — — — — —

Q4 0 0 — — — — — — — 0 0 — — — — — — —

To 45 4 10 4 33 0.78 0.23 �0.98 1.31 17 2 10 4 33 0.54 �0.70 �1.45 0.11
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Table 5: Continued

P Number of funds Length (in months) eO Number of funds Length (in months) eO

abs kum (%) Med Min Max Std. dev. Med Min Max abs kum (%) Med Min Max Std. dev Med Min Max

9 10

+ To 2 0 6 5 6 0.31 0.45 0.13 0.96 1 0 6 6 6 0.47 �0.86 �1.82 �0.46

Q1 0 0 — — — — — — — 0 0 — — — — — — —

Q2 0 0 — — — — — — — 0 0 — — — — — — —

Q3 1 1 5 5 5 0.08 0.12 0.11 0.30 1 1 6 6 6 0.47 �0.86 �1.82 �0.46

Q4 1 1 6 6 6 0.53 0.78 0.14 1.61 0 0 — — — — — — —

� To 3 1 5 5 6 0.69 �1.27 �1.75 0.00 0 0 — — — — — — —

Q1 1 1 6 6 6 0.85 �1.27 �2.35 0.00 0 0 — — — — — — —

Q2 2 2 5 5 5 0.50 �1.22 �1.67 �0.44 0 0 — — — — — — —

Q3 0 0 — — — — — — — 0 0 — — — — — — —

Q4 0 0 — — — — — — — 0 0 — — — — — — —

To 5 0 5 5 6 0.53 �0.97 �1.60 0.00 1 0 6 6 6 0.47 �0.86 �1.82 �0.46

P=Phase, Min=Minimum, Max=Maximum, Std. dev.=Standard deviation, Med=Median, abs=absolute, kum=cumulative.
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further that nondirectional hedge funds with a

positive start phase in the first quartile in their

median go through only one phase.

We can thus hypothesise as follows:

Nondirectional hedge funds in the first quartile

go through fewer phases compared with less

successful funds over the long run. Hence they

generate excess omegas more reliably. Funds in

the fourth quartile with a negative start, however,

also have a median number of phases of just

one. We conclude that, over the long run,

less successful hedge funds go through fewer

phases.

In contrast to directional strategies, the

minimum and maximum number of phases for

nondirectional strategies are lower, at one and

eight, respectively (see Table 7). Funds with

these strategies, however, show huge differences

in phase length, ranging from 4 to 109 months.

The number of funds with a positive start in the

first phase is higher than the number with a

negative start.

This ratio begins to change in phase 4,

however. The number of reporting funds with a

positive start phase is more than halved until the

fourth phase, while the number of those with a

negative start is halved until the third phase.

Also, for nondirectional strategies, the number

of reporting funds decreases in the first and last

quartiles. More than 78 per cent of funds with a

positive start in the first quartile cease reporting

after phase 1; the number of below-average

starting funds in the last quartile decreases by

almost 60 per cent after phase 1.

Table 6: Excess omegas for nondirectional strategies

Number

of funds

Number of

months

(Med)

Number of

phases

(Med)

eO

Med Fraction

positive (%)

Ø

positive

Ø

negative

Min Max Std. dev.

+ Total 222 49.0 3 1.69 69.50 15.42 �1.12 �2.06 50.00 13.86

Q1 55 45.0 1 50.00 100.00 36.81 �0.96 2.10 50.00 17.28

Q2 56 47.0 3 3.65 76.17 15.42 �1.00 �2.01 50.00 17.91

Q3 56 54.0 3 0.75 61.39 7.63 �1.09 �2.22 50.00 10.92

Q4 55 53.0 3 �0.52 39.34 10.35 �1.21 �2.49 50.00 11.49

� Total 182 42.5 2 �0.50 40.00 8.36 �1.41 �2.78 50.00 8.68

Q1 45 53.0 2 1.98 68.97 15.66 �1.30 �2.78 50.00 16.96

Q2 46 53.0 3 �0.17 46.79 5.61 �1.27 �2.62 50.00 7.66

Q3 46 44.0 3 �0.84 26.64 3.16 �1.20 �2.73 13.63 3.08

Q4 45 26.0 1 �1.72 14.29 7.18 �1.84 �3.08 7.58 2.31

Total 404 46.5 3 0.32 55.50 12.02 �1.26 �2.42 50.00 11.89

Min=Minimum, Max=Maximum, Std. dev.=Standard deviation, Med=Median.
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Table 7: Phase analysis of nondirectional strategies

P Number of funds Length (in months) eO Number of funds Length (in months) eO

abs kum (%) Med Min Max Std. dev. Med Min Max abs kum (%) Med Min Max Std. dev. Med Min Max

1 2

+ To 222 100 19 4 109 10.7 6.22 0.07 50.00 157 71 14 4 64 0.62 �1.06 �1.96 �0.04

Q1 55 100 32 6 109 14.5 50.00 2.45 50.00 12 22 13 7 39 0.62 �0.91 �1.85 �0.13

Q2 56 100 24 4 70 17.4 6.12 0.07 50.00 41 73 12 4 27 0.55 �0.86 �1.80 �0.11

Q3 56 100 13 4 62 2.41 1.67 �0.35 7.61 49 88 13 4 54 0.55 �0.89 �1.73 �0.04

Q4 55 100 10 4 34 8.76 3.61 0.05 26.97 55 100 26 4 64 0.64 �1.24 �2.38 0.05

� To 182 100 15 4 57 0.80 �1.49 �2.70 �0.01 139 76 15 4 92 8.88 2.76 0.11 27.46

Q1 45 100 8 4 33 0.83 �1.39 �2.33 �0.06 45 100 25 5 92 16.8 4.12 0.18 50.00

Q2 46 100 14 4 40 0.81 �1.34 �2.46 �0.03 44 96 16 4 47 5.92 2.31 0.11 19.08

Q3 46 100 19 4 51 0.91 �1.13 �2.71 0.43 32 70 11 4 36 1.47 1.39 0.14 4.91

Q4 45 100 22 6 57 0.73 �1.91 �3.00 �0.09 18 40 7 4 32 18.2 4.56 0.08 50.00

To 404 100 17 4 109 1.64 0.63 �1.28 5.64 296 73 15 4 92 0.92 �0.30 �1.26 1.93

3 4

+ To 119 54 14 4 82 13.2 3.21 0.06 50.00 50 23 13 4 44 0.65 �1.24 �2.31 �0.15

Q1 9 16 24 11 82 19.5 31.69 0.50 50.00 1 2 5 5 5 0.94 �2.05 �2.67 �0.28

Q2 33 59 16 4 54 14.1 3.82 0.01 50.00 8 14 19 4 22 0.60 �1.11 �2.06 �0.15

Q3 40 71 15 4 46 8.97 2.74 �0.04 40.35 21 38 10 4 31 0.67 �1.10 �2.38 �0.25

Q4 37 67 10 4 39 4.88 2.25 0.07 50.00 20 36 15 6 44 0.65 �1.35 �2.51 �0.03

� To 85 47 18 4 63 0.64 �1.01 �2.14 0.00 54 30 13 4 39 7.70 2.66 0.00 28.29

Q1 18 40 13 4 35 0.66 �1.00 �1.96 �0.12 15 33 13 7 39 15.4 5.03 0.00 50.00

Q2 32 70 17 4 48 0.65 �0.94 �2.09 0.21 21 46 14 4 39 9.76 2.56 0.00 37.23

Q3 29 63 21 4 63 0.60 �1.05 �2.19 0.00 16 35 12 4 22 4.36 1.49 �0.05 13.37

Q4 6 13 24 12 41 0.72 �1.59 �2.49 0.05 2 4 5 4 6 11.4 5.45 0.17 26.04

To 204 50 15 4 82 1.89 1.11 �0.98 6.50 104 26 13 4 44 1.57 0.32 �1.36 2.33
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Table 7: Continued

P Number of funds Length (in months) eO Number of funds Length (in months) eO

abs kum (%) Med Min Max Std. dev. Med Min Max abs kum (%) Med Min Max Std. dev. Med Min Max

5 6

+ To 28 13 14 4 44 17.1 4.92 0.10 50.00 11 5 15 6 33 0.49 �1.05 �2.26 0.00

Q1 0 0 — — — — — — — 0 0 — — — — — — —

Q2 7 13 14 8 44 20.1 9.70 0.00 50.00 1 2 6 6 6 0.32 �1.05 �1.21 �0.33

Q3 12 21 15 4 34 17.1 7.75 0.24 50.00 3 5 12 12 26 0.48 �1.14 �1.99 �0.34

Q4 9 16 10 5 20 6.39 2.00 0.10 20.58 7 13 18 8 33 0.79 �0.92 �2.48 0.10

� To 22 12 11 4 44 0.55 �1.14 �1.92 �0.03 14 8 11 5 29 3.70 2.71 0.11 13.31

Q1 5 11 9 4 11 0.46 �0.61 �1.22 0.00 5 11 22 6 29 16.6 2.96 0.20 50.00

Q2 10 22 8 4 19 0.66 �1.14 �1.99 �0.08 4 9 10 5 22 6.59 2.24 �0.79 21.54

Q3 6 13 13 5 25 0.55 �1.56 �2.23 �0.19 5 11 7 6 15 2.81 2.41 0.12 8.16

Q4 1 2 44 44 44 0.79 �1.78 �3.80 �0.69 0 0 — — — — — — —

To 50 12 13 4 44 2.08 0.64 �1.01 7.91 25 6 14 5 33 2.66 1.06 �1.42 6.43

7 8

+ To 5 2 20 8 28 16.5 2.35 �0.24 50.00 0 0 — — — — — — —

Q1 0 0 — — — — — — — 0 0 — — — — — — —

Q2 1 2 28 28 28 22.9 2.35 �0.35 50.00 0 0 — — — — — — —

Q3 2 4 16 12 20 9.61 12.56 2.94 28.14 0 0 — — — — — — —

Q4 2 4 15 8 22 12.5 2.69 �0.18 28.46 0 0 — — — — — — —

� To 5 3 17 5 26 0.83 �1.26 �3.14 �0.16 1 1 13 13 13 19.3 4.99 �3.93 50.00

Q1 1 2 12 12 12 1.18 �1.11 �3.90 �0.09 1 2 13 13 13 19.3 4.99 �3.93 50.00

Q2 1 2 17 17 17 0.83 �2.11 �3.14 �0.16 0 0 — — — — — — —

Q3 3 7 19 5 26 0.74 �1.26 �2.44 �0.67 0 0 — — — — — — —

Q4 0 0 — — — — — — — 0 0 — — — — — — —

To 10 2 18 5 28 2.45 0.19 �2.03 6.60 1 0 13 13 13 19.3 4.99 �3.93 50.00

P=Phase, Min=Minimum, Max=Maximum, Std. dev.=Standard deviation, Med=Median, abs=absolute, kum=cumulative.
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We use Student’s t-test to check whether two

samples are taken from the same database. The

t-test is used to determine whether the

difference between two normally distributed

groups is statistically significant. We calculate the

t-test as follows:

t ¼
X1 � X2

s
ð12Þ

where X̄1 is the mean of sample 1, X̄2 the mean

of sample 2, and s is the standard deviation of

the database.

We consider directional and nondirectional

hedge funds in the database. The number of

phases and fund age are included for both classes,

and we examine for statistically significant

differences in Table 8. For the entire database,

we observe more growth and contraction phases

for directional than for nondirectional phases,

thus confirming Hypothesis 3. The difference

between both strategies is statistically significant.

Fund age for nondirectional strategies is,

however, slightly higher than it is for directional

strategies, but it is not statistically significant.

CONCLUSIONS

Hedge funds using strategies that take advantage

of market inefficiencies are in danger of

delivering only short-term excess returns in

competitive markets. We postulate that the

lifecycle of hedge funds is such that initial excess

returns are likely to fade over time. Funds may

subsequently produce nonattractive returns, or

even cease to operate without the influx of new

investment ideas.

Our goal here is to verify the lifecycle

hypothesis for hedge funds. The database we use

for this purpose encompasses performance data

for 1,433 hedge funds.

We first rigorously adjusted our database,

and contrary to many other empirical analyses of

hedge fund time series, we chose an

approach where every hedge fund is analysed

independently from fixed points in time to verify

a lifecycle.42

The first hypothesis of our hedge fund

lifecycle model stated that risk-adjusted returns

of individual hedge funds decrease over time.

This can be verified with a high degree of

significance by means of the omega measure, as

well as by the directional and nondirectional

strategy groups.

For the total and directional strategy groups,

the lifecycle is as follows: During the first three

years, the median of the realised omega measures

gradually decreases, and then remains at that

level. For nondirectional strategies, the lifecycle

is especially evident: During the first three years,

Table 8: t-Test results for number of phases and fund age variables

Database Mean

Number of phases Fund age (months)

Directional strategies 2.96 49.67

Nondirectional strategies 2.71 51.62

Difference 0.26*** �1.95

***denotes significance at the 0.1 level.
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we observe considerably higher omegas than for

directional strategies. The omegas, however,

decrease here over time as well.

The lifecycle of an average hedge fund can be

separated into (1) a phase of high initial success

(excess returns) and (2) a contraction phase. This

further development is not uniform: Many

hedge funds cease operation; others continue to

operate on a lower success level; a minority

manages to develop new ideas and again collect

excess returns. Hypothesis 2, stating that risk-

adjusted returns of nondirectional hedge fund

strategies erode more quickly than those of

directional ones, is also confirmed.

Hypothesis 3, stating that hedge funds

following directional strategies go through more

growth and contraction phases than

nondirectional ones, is confirmed as well. The

number of phases for nondirectional strategies

lies between one and eight for a ten-year time

period (the median is three for funds with a

positive start, and two for funds with a negative

start). For directional strategies, the number of

phases lies between one and ten (the median is

two for funds with a positive start, and three for

funds with a negative start).

With directional as well as nondirectional

strategies, the number of hedge funds with a

positive start is higher than the number of funds

with a negative start. Fifty per cent of directional

and nondirectional hedge funds pass through

only three phases. The number of reporting

funds decreases in the first and last quartile for

both directional and nondirectional strategies.

Over 68 (78) per cent of nondirectional

(directional) hedge funds with a positive start

phase in the first quartile remain at the end of the

sample period, which we interpret as

performance persistence. At the same time,

however, the number of nondirectional

(directional) hedge funds with a negative start in

the last quartile decreases by more than 60 (54)

per cent in the first phase. Thus we conclude

that nondirectional hedge funds with a negative

start cease operations relatively quickly. The

results of Hypothesis 3 are statistically significant

according to the t-test.

The implications of this paper are extensive, as

we list below. Hedge funds undergo different

phases depending on their individual fund age.

This conclusion is not obvious when simply

considering hedge fund indices.

(1) Our results imply that a classic ‘buy-and-

hold’ strategy leads to distinctly diverging

results when the lifecycle of a hedge fund is

not considered. In this context, the goal of

a future study could be to identify optimal

investment strategies for hedge fund

portfolio management that include the

hedge fund lifecycle.

(2) Furthermore, if we consider that the life of

a hedge fund is determined by its phases,

we may need to reconsider the overall

quality of the established benchmarks in the

hedge fund industry. Depending on the

exit assumptions in the index concept, the

return on investment for a single hedge

fund can differ dramatically from the return

on investment in index products. Hence

we must consider previous results based

solely on index data with special caution. In

this context, a future study could investigate

whether it would be wise to establish

lifecycle-dependent hedge fund indices

based, for example, on fund age.

(3) We find that the investment success of

hedge fund managers decreases over time,

for varying reasons. For example, hedge

fund returns are path-dependent. In the
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context of hedge fund lifecycles, a hedge

fund should thus be considered an

enterprise. While traditional investment

funds of large corporations may be able to

change fund managers easily over time, this

is not true for hedge funds, where the roles

of manager and owner are usually closely

intertwined. We thus suggest that

qualitative diligence of hedge fund

managers within the scope of allocation

decisions is especially critical. In this

context, a future study could verify to what

extent our results for the hedge fund

lifecycle can be transferred to other asset

classes (eg equity or private equity funds).
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