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Abstract

Investors and traditional investment professionals come to the field of hedge funds with
the conceptual framework of conventional finance. While many tenets of traditional asset
management have solidified into dogmas, there is an increasing body of evidence that the
basic premises of conventional portfolio theory have lost their original validity. This is
particularly true for hedge funds whose unusual statistical characteristics invalidate the
familiar concepts and evaluation tools. In this paper, we show how commonly used
statistics such as volatility, Sharpe ratio, etc are misperceived and hence inappropriately
applied to hedge funds. Whereas the unexpected statistical observations we make have
important implications for asset allocation to hedge funds, we propose a simple
methodology to alleviate the associated difficulties. We argue that constructing well-

diversified portfolios of hedge funds is a complex and challenging task.
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1 Introduction

Until recently, the overwhelming majority of traditional managers considered hedge funds
with disdain or simply ignored them. The community at large has come to question the
validity of traditional (passive, relative performance) asset management and seek
alternatives ways of investing (active, absolute performance). The unprecedented bull
markets of the 80s and 90s had crystallised the view that “buy and hold” strategies were the
universal panacea for long term investors. However, the steady performance of hedge
funds during the recent bear market has catapulted hedge funds to the centre of attention
of the retail as well as the institutional segments of the market. As a consequence, billions
of dollars have been flowing to hedge funds at an accelerated pace.

Traditional asset managers combine assets in portfolios and optimise (heuristically and/or
numerically) the latter on the basis of expected returns and expected volatilities
(correlations). The Markowitz portfolio paradigm as well as successes of long-only
managers during the last secular bull market helped to precipitate erroneous ideas about
portfolio construction into real dogmas. Even within the Markowitz paradigm, it can
readily be shown by using elementary arguments that active management dominates, on a
risk adjusted basis, passive investing when correlations are unstable or time dependent
[Bares: Stockholm September 2003]. However and most importantly, the unusual
characteristics of hedge funds (non-normality of return, illiquidity and associated serial
correlations, lock-up periods and other constraints, etc) make the task of constructing
portfolios a difficult and complex exercise, the formulation of which certainly lies beyond
Markowitz theory. The mean-variance (efficient frontier) argument used to build portfolios
of hedge funds is fundamentally flawed. In the recent past, a number of attempts to take
into account the tails of the return distributions when building portfolios have been made
[Gardiol, Bares et al, 2001].

The recent academic literature contains much legitimate discussion about the distortions
and biases (survivorship, back-fill, etc. see Appendix for Background Reading List eg H
Kat) that affect hedge fund indices or measures of risk adjusted performance in hedge
funds such as Sharpe Ratio (see Appendix for Background Reading List eg A Lo). A
proposal to incorporate the survivorship bias within the framework of utility theory while
building a portfolio of hedge funds has been made: this is akin to constructing a credit
porttfolio [Bares, Gibson & Gyger 2002].

Most surprisingly, there seems to be no discussion of a more fundamental nature: Are we
building portfolios within the appropriate conceptual framework? As practitioners, are we



using the appropriate valuation tools to measure risk or risk adjusted performance in hedge
funds? Whereas a few people in the community have pointed out the deficiencies of
traditional asset management paradigm and the dangers of applying inappropriate concepts
to hedge funds at recent conferences [Bares: Stockholm September 2003; Eurohedge 2004
— London September 2004; GAIM 2004 - Geneva November 2004], there is, we believe, a
need to clarify some of the common misperceptions in a more systematic manner.

The aim of this short paper is threefold:

1) to point out some of the deficiencies of the traditional asset management
paradigm when straightforwardly applied to hedge funds and clarify the
associated misperceptions

1i) to suggest a simple approach to portfolio construction that could be the base
for a more sophisticated asset allocation that would incorporate market
forecasts, judgement as well as clients’ requirements

1if) to stimulate debate among the alternative investment community.

The discussion, we hope, will help investors as well as managers in their endeavour to
invest in hedge funds. We approach the subject with an open mind and attempt to analyse
the empirical observations with no pre-conceived ideas. Every effort has been made to
spare the reader from mathematical formulations which though impressive do little to
advance the argument. We believe that visualising the ideas and demonstrating the results
with simple charts and scatter plots will allow the reader to capture intuitively the essence
of the arguments. Here we will merely reveal the “tip of the iceberg”. Some of the original
results given below have already been presented or discussed with colleagues at hedge fund
conferences in the last two years while some material is new [Bares: Stockholm September
2003; Eurohedge 2004 — London September 2004; GAIM 2004 - Geneva
November 2004].
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2 Myths & Facts

Diversification

Most investors consider hedge funds as investment vehicles that can help to diversify risk
away from traditional assets classes so as to preserve capital in bear markets (historical
performance supports this belief). Some investors include hedge funds in their portfolio to
enhance risk adjusted performance (historical measures of risk adjusted performance seem
to confirm this belief). Reality is however more complex than generally perceived in the
community.

Investors often ask the following question: how many hedge funds are required in a
portfolio to be fully diversified? There is no definitive answer to this question,
unfortunately no magic number. Even a “well diversified” traditional portfolio can become
concentrated as a consequence of a sudden and unexpected change in correlation patterns
(see Appendix for Background Reading List eg Zimmermann, Drobetz et al).

In hedge funds, the diversification issue is even more complex. Indeed, hedge fund
strategies cannot all be treated similarly in a portfolio, ie some strategies are heterogeneous,
eg Convertible Arbitrage (gamma trades, bond floor trades, synthetic puts, etc), while
others are rather homogeneous, eg Merger arbitragers tend to chase the same
opportunities.

Moreover, without insight into the return generating process, we cannot possibly know
what the real risk exposures are. Correlation patterns between hedge fund managers and
traditional markets can become unstable too and switch unexpectedly between different
regimes so that the originally intended portfolio diversification becomes elusive. We find
that the characteristics of the individual managers within each strategy or peer group have
more impact (say for portfolios of approximately 30 managers) on the portfolio than
generally believed.

There is also confusion as to what diversification really means: some funds of funds
managers simply diversify (mathematical diversification) by increasing the number of hedge
funds in the portfolio, say from 30 to 100 hedge funds, while ignoring the correlation
pattern switches, etc. Additional factors such as business, operational, legal, reputation,
liquidity risks etc add to the complexity of portfolio construction. It is our view that asset
allocation in hedge funds is a real challenge.

To start the discussion, let us assume we know nothing about hedge funds and decide to
build portfolios by randomly selecting a number of funds from a universe of databases of



hedge funds. Some traditional managers or academics might argue that this is a legitimate
starting point for investing in hedge funds because markets are efficient and therefore any
tactical asset allocation is futile. However, we contend that the mere existence and success
of hedge funds contradicts this deeply entrenched view. Indeed, the recent emergence of
behavioural finance (see Appendix for Background Reading List eg Montier) is a testimony
to the gradual acceptance among academics of irrational investor’s behaviour.

Figure 1 illustrates the average result that would be obtained by selecting randomly from a
list of hedge funds to create a fund of hedge funds portfolio. The Figure 1 plots the
average annualised return and volatility (annualised standard deviation) obtained for 1000
simulations of random selections of one, two, three etc hedge funds in the portfolio.

Figure 1 — Random Portfolio
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A traditional interpretation of Figure 1 would be that about 15 hedge funds are sufficient to
diversify away the portfolio risk. However, more hindsight can be obtained by plotting the
average fall in the portfolio (sensitivity) when the MSCI World Index falls by 2.75 standard
deviations. This exercise reveals that the diversification is effective only in volatility space:
there is essentially no diversification of the tail risk (extreme adverse event) of the portfolio.
Most investors are primarily concerned about sudden and catastrophic losses.

Some mathematically inclined readers might argue that the inclusion of higher moments
such as Skewness, Kurtosis, etc, might solve the problem of the tails and systemic risk.
Unfortunately and contrary to widespread belief, this is not the case.

Technical note: Kurtosis or fourth moment is commonly assumed to characterise the tails of the return
distributions and widely used to optimise portfolios. While its use might improve a traditional mean-
variance optimisation, the statement about the tails of the distribution is inaccurate.

Therefore, at least on the basis of a random selection, volatility (Skewness, Kurtosis,
drawdown, etc) diversification does not guarantee the avoidance of a large loss in a
systemic event.
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Volatility

One of the central concepts of finance is that reward should correlate with risk. By far, the
most widespread measure of risk in the finance industry is volatility (annualised standard
deviation or square root of variance). The terminology carries an intuitive content that
refers to the “random fluctuations of a process”; indeed everybody knows the meaning of a

2 «C

“volatile market”, “volatile personality”, etc.

The question we want to address here is more fundamental however: Does volatility (as
defined mathematically) of individual hedge funds correlate well with return? What risk
content does volatility represent? In practice, investors monitor the volatility of hedge
funds on a rolling basis (12, 24 or 36 Months window), year to date and/or since inception.
The relevance of this finite sample volatility is provided more by its popularity than by its
mathematical significance.

Figure 2 illustrates the annualised volatility (snapshot in October 2003) computed over a
period of 12 months for 2400 funds (Among all the funds included in the chart 90% of
them were open funds as of October 2003, CISDM database). The data shows “cloud”
(wide) dispersion and no correlation (linear or non-linear) is apparent with annualised
return. If we now roll the window (at fixed length of 12 months) through time, a sequence
of snapshots or “movie” shows the evolution of the pattern of dispersion. While the
detailed shape of the cloud evolves, the wide dispersion of the data remains essentially

robust.
Figure 2 — Annual Compound Return vs V'olatility
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Technical note: The question of statistical significance of the estimator of volatility and return for such a
small sample can be raised legitimately. While the science and art of estimation are well developed for
identically and independently distributed variables, they are less so when these assumptions are violated as is
the case in bedge funds. For example, the serial correlations arising from illiquidity and other factors such as
non-stationarity might at times lead to hazardous estimates of estimators. Fence it is difficult to construct
confidence intervals (or other measures of the uncertainty of the point estimates) when dealing with bedge
Sfund data.

In this discussion, we confirm the main feature of Figure 2 by simply using more accurate
estimates obtained from a different database (T'ASS database) and longer time series of
returns. Figure 3 illustrates the annualised volatility for 100 funds with about 15 years of
data.

Figure 3 — Annual Compound Return vs 1 olatility
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The sample size is sufficient to avoid any concerns of statistical nature. The results
therefore show that even with this higher accuracy of estimates, the annualised volatility of
the individual hedge funds does not correlate well with return. In spite of a clear
survivorship bias towards positive returns due to the 15 years life requirement in the
selection of the funds, the large dispersion of the data confirms the naive annual pattern

observation made by managers and investors.

Some readers might point out that we have not corrected volatility for serial correlations
and other factors such as compounding, etc that our picture therefore might change once
these factors are accounted for. However, more complete computations and more accurate
estimates of volatility do not change the picture dramatically.
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An additional time dispersion of volatility as illustrated in the Figure 4 is observed, yet the
evolution of volatilities is more predictable than that of returns at the level of individual
hedge funds. Note, volatilities for some strategies/managers are more predictable (say
Credit Arbitrage) than for others (say CTA, Commodity Trading Advisers).

Figure 4 — Rolling volatilities - 36 months
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So our first conclusion is that despite a widespread and indiscriminate use of volatility as a
measure of risk, standard deviation does not correlate well with return and therefore is not
an appropriate and practical measure of risk in hedge funds. Not surprisingly, other
variations such as downside volatility do not improve the picture. Although the inclusion
of hedge funds into a portfolio of bonds and equities does improve the risk adjusted
performance of the portfolio, the widespread argument based on the efficient frontier
(mean-variance framework) is flawed and unreliable.

Should we then discard the conventional conceptual framework? How do we address this
unexpected situation? While there are many alternative ways to overcome this difficulty,
we propose a simple solution which is inspired from investors’ requirements.

Investors typically do not wish the volatility to cross a threshold, above which they would
feel uncomfortable, ie they effectively set up an upper limit for volatility or a “pain
threshold”. Interestingly enough, if we plot the average annual return obtained from all
individual hedge funds with volatility less than a specified threshold versus this same upper
bound, we find that the average annualised return correlates reasonably well with the upper
acceptable level of volatility (see Figure 5).
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Figure 5 — Average Componnd Return vs Volatility “less than’ (2400 funds)
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Admittedly, this correlation is far from perfect, yet it alleviates the problem of the wide
dispersion of volatilities of individual hedge funds. This simple property has important
implications when building portfolios of hedge funds with volatility constraints. Indeed, we
can expect that an increase in volatility of a properly constructed portfolio will in general
correlate with an increase in return of the portfolio. Though this statement might appear
uninteresting within traditional finance theory, it is not so within the context of hedge
funds and needs to be documented.

Alternatively, the investor may require a minimal level of annual return for his investment.
What level of volatility should he then expect on average? Figure 6 shows that on average
the volatility increases monotonously and is extremely well correlated with the lower bound
on return between 5% and 30%.

Figure 6 - Average VVolatility for Return in excess of (2400 finds)
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However below 5% or above 30%, the average volatility is totally insensitive to the lower
bound return.

Technical note. These numbers are only indicative for the sake of the discussion as they are dependent on
survivorship bias, etc different databases will provide different numbers. The reader should not focus on the
exact figures but rather on the generic features of the graph. This property constrains the joint probability
distributions of returns and volatilities, and has implications for portfolio construction.

As it should be clear by now, average volatility carries useful information, yet interpreting
that information from the statistics is less straightforward than in traditional asset classes.
Undoubtedly, there are other types of cross sectional analysis that can be undertaken to
extract useful information encapsulated in the volatility or other quantitative measures
(Skewness, Kurtosis, etc) of hedge funds.

Figure 7 illustrates the fact that on average the volatility of hedge funds increases linearly
with time up to ten years and then saturates.

Figure 7 — Average V'olatility vs Lifespan
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In the first few years of existence, hedge fund managers tend to focus on managing
volatility (and drawdown) as these measures are relied upon by investors for the selection
of hedge funds. Furthermore, as time passes, the likelihood for the managers to be exposed
to unfamiliar and difficult environments increases until up to ten years. On average, a
period of 10 years appears necessary for the fund (and its volatility) to be exposed to all
sorts of shocks.

As a matter of fact, “managing volatility” is a tricky exercise and the line that separates
ethical from unethical (or even legal from illegal) behaviour is not always clear cut. Even a
competent and honest manager may lead unintentionally investors to a false sense of
security. Consider a hedge fund manager, say a CTA (Commodity Trading Advisor), who
trades daily in currencies or commodities. Assume the investors require price positions
once a month. Obviously, the volatility computed from monthly data will ignore large daily
fluctuations and may conceal a much higher daily volatility. Therefore, the monthly
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volatility may not encapsulate the information the investor is looking for. Presumably, the
correct frequency for measuring volatility risk should be commensurate to the trading
frequency.

Consider now an Event Driven manager that invests in very illiquid distressed securities.
As it happens, the manager might not be able to properly mark to market his position on a
monthly basis, hence his price estimates may be off the mark by substantial amounts or
even meaningless, hence the volatility of the position may appear low while the risk due to
lliquidity is in reality high. Investors might be fooled by the false idea of a secure
investment.

Finally, some investors target a return for their portfolio lying in a range between two
values, say between 5% and 10%, while also attempting to minimise the volatility of the
portfolio. What level of volatility should they expect? Figure 8 shows that the average
volatility between two returns is not a monotonously increasing function of return bounds
(lower and upper values), ie high average volatility can lead to both high returns and
negative returns.

Figure 8§ — Average V'olatility for return between two values
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Thus such policy requirements and mandates from investors may not be meaningful. A
competent hedge fund or funds of funds manager will discuss with potential investors their
expectations and targets thoroughly, including the risk of potentially adverse market events.

Sharpe’s ratio

The next myth we want to tackle is that of Sharpe ratio which measures the amount of
(excess) return per unit of volatility provided by a hedge fund manager (similar argument
applies to the information ratio, Sortino ratio, etc). Sharpe ratio has no doubt an intuitive
justification. It is the most commonly employed measure of risk-adjusted performance.
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The widespread and indiscriminate use of Sharpe ratio as an evaluation tool may lead to
severe distortions as managers can be tempted to manipulate the data to maximise its value.
Naturally, the dispersion and distortions of volatility discussed above have a direct impact
on the Sharpe ratio. Figure 9 shows the annualised Sharpe ratio snapshot as often provided
by hedge fund managers and as monitored by investors (over 12 Months period) in
October 2003 for 2400 funds.

Figure 9 — Return vs Sharpe Ratio
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Again we can roll the window snapshot over different periods and observe an essentially
robust “flying butterfly” (time fluctuations of the butterfly shape). By computing the
Sharpe ratios over a 15 years period for hundred funds the picture of “butterfly dispersion”
is confirmed as illustrated in Figure 10 (the lower left wing disappears due to the
survivorship bias).

Figure 10 — Return vs Sharpe Ratio
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In the graph, a Sharpe ratio of 1 can lead to annual returns between 6.5% and 65% (Note:
exact numbers vary between periods, between databases, etc so the reader should not focus
on the numbers). The “Butterfly” pattern survives across strategies and in the funds of

hedge funds as illustrated in Figure 11 a, b, c, d.

Figure 11a — Sharpe Ratio vs Return for CI'A | Managed Futures
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Figure 11b — Sharpe Ratio for Funds of Hedge Funds
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Sharpe Ratio

Sharpe Ratio
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Figure 11d— Sharpe Ratio for Event Driven
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The butterfly dispersion is robust and indicates the following facts:

i)

50%

50%

17

Upper wing boundary: carry trades allow managers to increasing the Sharpe
ratio at an almost constant return, say between 6%-8%, by managing the
volatility. Therefore the Sharpe ratio can significantly be improved with a
marginal increase in return hence a very steep slope

Right lower boundary of the right wing: return can be improved with a marginal
improvement in Sharpe ratio, ie this characteristic may appear intuitive to
investors as return and volatility are increasing proportionately
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iii)

The dispersion of the data narrows towards a point (here at about 0.22 Sharpe
ratio and 5.5% return) and then widens again. A consistent Sharpe ratio should
narrow and vanish at a single point in the chart, the risk free rate on the return
axis. This assumes all managers use the same risk free rate and definition.
However managers are active in different geographical areas with different
interest rate environments and use different definitions of the Sharpe ratio, etc.
If we compute from the data directly the Sharpe ratio as return over volatility
(zero risk free rate), Sharpe Ratio’s butterfly does indeed narrow at zero return
(see Figure 10).

The return being more unpredictable than the volatility in the time direction, the Sharpe

ratio itself may fluctuate widely over time. Figure 12 illustrates the time dispersion of the

Sharpe ratio for some individual hedge fund managers and across strategies.

10

Figure 12 — Rolling Sharpe Ratio for 36 months
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Hence optimising Sharpe ratio in the construction of a portfolio of hedge funds is as

dangerous as futile an exercise. Some practitioners know that the dangers of using Sharpe

ratio is not a theoretical concern but is mirrored in decision-taking processes within the

investment community.

Maximum Drawdown

The next misperception we wish to discuss relates to Maximum Drawdown which
measures the decline in Net Asset Value (NAV) of a fund from its historical high or worst

peak to valley drawdown. Two definitions of Maximum Drawdown are actually used in the
hedge fund industry: i) the Consecutive Maximum Drawdown (CMDD), ie the largest

percentage fall of NAV associated with consecutive negative returns; ii) the total Maximum
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Drawdown (MDD) or the maximum peak to trough, ie the maximum percentage of assets
that could be lost by investing at the most inappropriate time with the manager. While
these two statistics are different conceptually, for brevity’s sake we will limit our discussion
to the MDD.

The MDD statistics is used as a risk management tool in the hedge fund industry together
with underwater time, etc. As Figures 13 and 14 illustrate, the MDD over a period of 12
months for 2400 hedge funds (snapshot in October 2003) and the MDD of 100 hedge
funds over a period of 15 years do not show any correlation with return and equally
important the dispersion of the data is substantial.

Figure 13 — Annnal Compound Return vs Maxinum Drawdown
Snapshot 2003 (2400 funds)
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Notice that MDD in fact correlates somewhat with volatility as intuition would dictate (see
Figure 15). Rolling the window of 12 months over different periods again does not change
the picture while for long time series (15 years of monthly data) the cloud dispersion

shrinks somewhat to lower drawdowns (due to survivorship bias).

Figure 15 — Standard Deviation vs Maxcimum Drawdown
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Further important finding shows that underwater time ratio (the ratio of underwater time
relative to the total life span of the fund) does not correlate at all with return, ie the latter is

very insensitive to the former, even across strategies, contrary to a common belief.

Investors often require that the MDD should not exceed a given upper value (“pain
threshold”), say of 5% monthly or 15% annually. In Figure 16 we plot the upper bound of
MDD versus the average expected return over all funds with a MDD smaller than the

upper threshold measured in October 2003 for a period of 12 months.

Figure 16 — Average Return vs Mascimum Drawdown
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Surprisingly, the average return, above 2.5% MDD, is totally insensitive to the upper
bound. Remarkably, this observation remains true across strategies (see Figure 17).

Figure 17 — Sensitivity of Average Return to Maxcimum Drawdown per strategy
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Notice that there seems to be a premium for hedge funds with MDD lower than 2.5%
MDD. This observation would suggest that it is worth investing in hedge funds with very
low maximum drawdown. There is a survivorship bias which complicates the interpretation
of the figure: at short life spans for example managers have a higher probability of closing
their boutique if they do not manage to raise sufficient assets, sometimes in spite of good
performance. There are other business-risks (operational, legal, etc) not reflected in the
data that are lessened by the level of experience of the manager.

Figure 18 illustrates the important fact that the likelihood of occurrence of a larger
maximum drawdown increases with the life span of the fund and saturates beyond six
years.

Figure 18 — Lifespan vs Maxcimum Drawdown
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When the manager starts its fund much effort is put into keeping the drawdowns of the
fund as low as possible. The manager is still raising assets and large drawdowns may
negatively affect his short term goals. Most investors, before committing assets to hedge
fund managers, rely on the historical performance of the first three years and the MDD is
an important criterion of selection. On average, after six years, the managers (conditional
on their survival) will have experienced various types of difficult environments, hence
drawdowns.

The data brings into evidence the professional competence and personality strength of
certain managers who are able to overcome large drawdown and, indeed, survive through
rough waters. Note that MDD and volatility are not managed in the same manner and
show different time scales to shocks before levelling off.

Alternatively, investors might require a minimum level of return while at the same time
minimising MDD. We can plot the average MDD as a function of the lower return target
(see Figure 19).

Figure 19 — Average Maxcimum Drawdown vs Return lower bound
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The figure shows that a given average MDD can lead to very different levels of minimal
return, ie on average MDD is not a monotonously increasing function of the lower bound
in return. Hence, investor’s mandate appears inappropriate. Furthermore, at small levels of
MDD, there is a large dispersion in Sharpe ratios (see Figure 20).
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Figure 20 — Mascimum Drawdown vs Sharpe Ratio
N » LN e "
. . 0
(6.00) @0l o . (;.000‘)?? 2 ! 6.00

VS 4

Max Drawdown

<
1008 ¢

Sharpe Ratio

In summary, MDD is a dynamic object which does not provide the information and
indicative guidance that most people believe it conveys — similar to the case of volatility.

Assets under management

We wish to discuss Assets Under Management, a criteria, widely used by institutional
investors (assets under management) to select hedge funds or funds of hedge funds. In
Figure 21, the annual data over 2400 hedge funds in October 2003 (snapshot) shows some
correlation between annualised returns (or MDD) and assets under management with an
extremely large dispersion.

Figure 21 — Annual Compound Return vs Assets Under Management
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There are some trends above USD 1 billion of assets under management, the annual
performance seems to cluster towards lower values (October 2003) of returns while the
highest returns can be obtained for assets between USD 10 and 100 millions. Obviously,
when considering the return scatter plot one should adjust for risk (not volatility). For
example funds with assets below USD 50 millions under management might have a higher
likelihood of closing office.

Notice also that the scatter plot confirms the general belief that as assets under
management increase, the return that the hedge fund managers can extract shrinks
considerably on average, though there are managers with more than USD 1 billion of assets
under management that could provide returns between 10% and 20% in October 2003.
Therefore, conscious managers, aware of the limitations inherent to the strategy employed,
set an upper target in assets under management and limit capacity to new investors.

Rolling the snapshot over different periods again confirms the robustness of the patterns
observed, though the precise numbers change. Do large assets under management
guarantee small maximum drawdown? Figure 22 shows no correlation, ie the dispersion is
extremely large, though the scatter plot indicates that managers with the lower assets under
management tend to have the largest maximum drawdowns.

Figure 22 — Assets Under Management vs Maximum Drawdown
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This result is not surprising despite the fact that some of the most successful and large
businesses at times have suddenly collapsed (Long Term Capital Management). The
survivorship bias however may distort the data somewhat. The increase in AUM leads
often to a change in investment attitude on the side of the manager who will take less risk:
indeed, at large AUM, management fees become an important incentive. If we plot the
AUM as a function of the life span of the fund (since inception), we observe a weak trend:
assets tend to increase with life span, though again the dispersion is wide (Figure 23).
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Figure 23 — Assets Under Management (USD millions) vs Life Span
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Successful managers succeeded in raising sufficient assets and growth the business over
time while those who did not succeed in raising assets tend to disappear from the hedge
fund scene.

Management and Incentive Fees

Are hedge funds and funds of hedge funds providing added value at the appropriate cost?
A very lucid and enlightening discussion on cost of capital (in general and more specifically
for hedge funds) has been provided recently by A. Perold from Harvard Business School
[Perold: GAIM 2004 - Geneva November 2004]. While A. Perold’s discussion is
stimulating, we want to take a different perspective that might help clarify questions
frequently asked by investors.

What does the market think about fees? To traditional investors and newcomers to the
field of hedge funds, fees appear high at first. It is important to remember that traditional
(long only) managers report performances gross of fees as do traditional index providers
while hedge fund managers (and hedge fund indices) refer to net returns. Therefore one
should be cautious when comparing traditional with alternative manager performances.
Figures 24 and 25 illustrate a snapshot in October 2003 of the management and incentive

fees charged over a period of 12 months versus the annual return as monitored by many
funds of funds.
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Figure 24 — Management Fee vs Return
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Figure 25 — Incentive Fee vs Return
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Technical note: We should emphasise that when information on fees is not available, we include data in the
fgures as a zero management/ incentive fee. We hope that this representation will not mislead the reader.

Furthermore, it is important to realise that management and incentive fees may depend on
lock-up periods as well as particular agreements between the counterparties, so that fees are
not homogeneous across the customers of the same hedge fund. Indeed some investors
might benefit from a “favoured nation status”. Other complications may arise for example
with CTA managers who will charge different levels of fees depending on the size of the
clients account, ie a greater proportion of management fees than performance fees at lower
margins and the reverse at higher margins. Ignoring these complications, from Figure 24,
we see that the dispersion of returns is the greatest for management fees of 1%, 1.5%
and 2%.
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It is interesting to note that:

1) As management fees increase above 1%, the downside historical returns shrink
suggesting that the market was able to price-in the downside dispersion of the
returns. Notice that below 1% the downside returns are practically non-
existent. However, simultaneously the potential upside dispersion is limited

1i) Above the 1.5% management fees, the return dispersion on the positive side
decreases with increasing fees. So our belief is that the market has somehow

incorporated some but not all of these statistical features in the price of hedge
funds.

Technical note: As fees increase, the data becomes scarcer and so the meaning of the return dispersion is
more questionable. Furthermore, incentive fees have a different bebaviour: the 1%/20% most common
management/ incentive fee structure charged by hedge fund managers shows in the incentive fee chart the
largest downside as well as up side return potential. Evidently, for other incentive fees the data is sparser
and one might question the significance of the data. However, the pattern is essentially robust as it is
observed by rolling the window over different periods.

Below the 20% mark, the upper dispersion of the incentive fees increases providing a
higher potential positive return. So an increase in incentive fee seems legitimate, being
perceived by the market as the price to pay for a higher potential return. However it
appears that the downside dispersion at 20% is disproportionately ignored by the market.
Above the 25% incentive fee level, the upper side dispersion decreases yet (with the
proviso of limited data availability) with little downside potential. The 20% incentive fee is
the most commonly charged incentive fee and probably suffers from bias of
“standardisation”.

Some investors and investment professionals wonder if the recent compression of risk
premia in the markets will pressure hedge funds to lower their incentive and management
fees considerably. While it appears plausible that on a long term basis the commoditisation
of hedge funds and some crowding of the space of market opportunities may imply (on
average) a sustained compression of returns, we cannot exclude the idea that some very
successful managers will raise their fees. Indeed it has been observed that some very
successful hedge funds, in an attempt to secure new capacity for institutional investors,
have suddenly raised their fees. Against all expectations, the existing investors have kept
their assets with the hedge fund manager. Hence we might expect an increasing gap in fees
between high profile hedge funds and the rest of the hedge fund world. Higher
management fees need not always indicate higher potential returns though.
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Funds of Funds

Recently, an increasing number of institutional investors have started investing in fund of
funds as a way of getting a first (diversified) exposure to hedge funds. This institutional
activity has translated into a substantial growth in assets under management and in the
number funds of funds over the last few years. Along with this interest there has been a de
facto recognition of the added value that funds of hedge funds provide. Not surprisingly,
the skills and experience of the fund of funds managers are very diverse, as are fees charged
to investors.

As funds of hedge funds have come to realise, hedge funds have many risks that are not
apparent in the return market data or quoted Net Asset Values available to investors. There
are real difficulties associated with capturing the risk in the tails (extreme events) of the
distributions of returns ie systemic events are usually dormant until a market micro- or
macro-dislocation triggers them. There are open issues as to the proper modelling of
illiquidity, lock-up periods and constraints, etc.

Most statistical screens such as Sharpe ratio, Jensen’s Alpha, Sortino ratio, Omega, etc
suffer from similar caveats (dispersion, unstable in time, no predictive power, error-prone,
etc) and therefore when inappropriately used, are effectively poor statistical tools. As the
following example shows, specialist knowledge in hedge funds is required to combine
propetly quantitative and qualitative measures.

The failures and limitations of purely quantitative screens are illustrated simply in Figure 26
where the impact of a systemic event on two Mortgage Backed Securities funds is shown.

Figure 26 — Systemic Event (Mortgage Backed Fund #1 — Sept 1998) &

Reputational Charges (Mortgage Backed Fund #2 — Sept 2002)
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The Asian and Russian crisis combined with the much publicised difficulties at LTCM in
September 1998 led to a drying up of liquidity for strategies which employed non-exchange
traded instruments. Hence, Mortgage Backed Fund #1 and Mortgage Backed Fund #2
both experienced major drawdowns simultaneously. If we exclude the period when the
systemic event took place, the volatilities of the funds appear very low and provide a sense
of security to investors. By properly understanding the hedge fund strategies the
experienced fund of hedge funds would have been aware of the risks associated with this
area.

A further illustration of the risk characteristics of hedge funds can be devised as follows:
assume that a manager started in the 90s selling puts say on various equity market indices.
The pay-off return/volatility profile looks reassuring as the manager provides consistently
steady returns with very low volatility over a long period of time. Provided the investor is
unaware of the strategy, there is no way to suspect (from the data alone which is available
to him) a real contingency risk. With the sudden bear market of 2000 the manager would
have incurred sudden losses. The discussion is particularly relevant as it illustrates and
flluminates the option-like pay-off of hedge funds’ strategies: investing safely in hedge
funds requires a thorough understanding of the underlying strategies.

Most importantly, investment in hedge funds is primarily based on due diligence that relies
on subjective judgment of the manager’s teams and their skills (integrity, experience, stable
personality, etc), the investment process (business model, edge of the manager, etc), the
risk management (monitoring, compliance, operational issues, etc), the intelligence
gathering (research, storage and interpretation of information, etc) and the management of
relationships (loyalty, trust, etc). Quantitative analysis is commonly used to complement,
support or question the qualitative insights achieved by judgmental means and based on
experience.

Recently, capacity with the successful hedge fund managers has become an important issue
when investing in hedge funds. Capacity is not a commodity that can be paid for easily: it is
essentially secured through a long term relationship based on loyalty and trust. For
outsiders and newcomers, the amount of work and time (due diligence, building
relationships, etc) that are required to properly invest in hedge funds is often
underestimated. These competitive advantages are the intangible assets of Funds of funds:
they are difficult to value but undoubtedly provide added value.

Finally we would like to emphasise that constructing well diversified, performing portfolios
of hedge funds is more difficult than in traditional (long only) asset management. The next
chapter discusses in simple terms some of the central issues of asset allocation in hedge
funds.
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3 Simple Tactical &
Strategic Asset allocation

We wish now to turn attention to the problem of strategy allocation. For the sake of
illustration, we shall demonstrate the quantitative ideas of constructing hedge fund
portfolios by applying the methodology to the CSFB/Tremont indices. We emphasise that
the methodology described below is used in practice to complement and question more
qualitative insights.

Technical note: the reader should be aware of the controversy surrounding hedge fund indices. Here we briefly
summarise their weaknesses. Extensive discussions on biases (survivorship, back-fill etc) that plague hedge
fund indices have been provided previously in academic papers (see Appendix for Background Reading 1ist
eg H Kat) as well as at conferences [Bares: Stockholm September 2003] and in numerous subsequent
papers. Hedge fund index returns tend to be overstated while index volatilities tend to be understated.
Hedge fund indices appear more correlated on average to traditional assets than individual hedge funds. As
Hedge fund index providers compete, they apply different criteria, style attributions, weighting schemes, re-
balancing policies, etc to build indices.

An aggregated index of hedge fund indices does not really improve the problem of distortions in hedge fund
indices, though it may tmprove representativity. Investors however care abont returns more than whether or
not the index is representative of the universe. Most importantly, the proliferation of hedge fund indices
seenns to be driven primarily by:

7) Psychological factors rather than by rationality on the side of investors;

7) Commercial factors on the side of index providers.

A legitimate question is then: what is the added value of hedge fund index providers?

Simple Asset Allocation Tactics

With these cautionary comments in mind, let us attempt to devise a simple asset allocation
procedure which can improve our portfolio returns. As seen from Figure 27 (returns
should be corrected for 2-4% biases) , during the last 10 years the highest and lowest
returns occurred mainly in Dedicated short bias, CTA/Managed futures, Emerging markets
and Global Macro Strategies.
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Figure 27 — Annnal Componnd Return of CSFB/ Tremont Indices by Strategy (not corrected for biases of 2-4%)
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Though historical returns do not provide a reliable guide to future returns, the fluctuations

(such as volatility) in returns are more predictable. Furthermore, historical patterns might

suggest simple tactics which can be tested out of sample.

Let us imagine for a moment that we have the prerogative to access, once a year, perfect

divine foresight for the following year. Assuming that we could re-balance annually our

assets into a single CSFB/Tremont strategy index, our compound return over the last 10

years would amount to about 32% p.a. (see Figure 28), ie our assets would have been

multiplied by 15. After correcting for biases and inflation, we would have grown assets 10

fold.
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Figure 28 — Average Compound Return 31.55%
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By contrast, had we bet erroneously every year we would be left with 1/6 of our assets or

after correcting for biases, 1/10 (see Figure 29). Of course, the reality for most of human

kind lies between these two extreme scenatios.
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Figure 29 — Average Componnd Return -16.26%
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Let us now assume a more secular position in which we would have rebalanced our
portfolio annually for the last 10 years, equally weighting each strategy or effectively
expressing no views on the markets. This strategic asset allocation would have yielded a
compound return of about 11% p.a. After correcting for biases and inflation, this would
correspond to an annual compound real return of about 6-7% p.a. For comparison’s sake,
an equal weighted portfolio with no re-balancing over the decade would have generated a
compound return of 10% p.a., ie in real terms of about 5-6%, which is in line with the long
term compound historical (100 years) real returns of UK/US equities (see Appendix for
Background Reading List eg Dimson et al).

Next, consider a manager who had a bear or bull view over the last 10 years. We define the
bull market portfolio as an equal weighted strategy portfolio excluding dedicated short bias
managers and CTAs. The bear market portfolio would correspond to an equal weighted
strategy portfolio excluding Long/short and Emerging markets.

Rebalancing his assets every year with a consistent bull view, an over-optimistic manager
would have earned a compound return of about 13% p.a. while the perseverant pessimist
would be left with a compound return of about 11% p.a. In other words, the over-optimist
would have improved his portfolio performance by about 200 basis points compared to the
no-view portfolio (equal weighting) whereas the over-pessimist would have produced a
similar performance, a result that is consistent with 7 years of bull market and three of bear
market (Figure 30).
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Figure 30 — Portfolio Returns for Bear/ Bull Index Strategies with/ without rebalancing
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A rarer class of manager is the Homo Habilis whose prerogative is to time bear and bull
markets. If such a manager had timed the bear and bull markets properly over the last
decade, he would be left (after annual re-balancing into bear and bull strategies as defined
above) with a return of 14% p.a., or correcting for biases and inflation, a real compound
return of about 9%-10% p.a.. For the sake of comparison, over the same period, the
CSFB/Tremont hedge funds index portfolio generated a compound return of 12% p.a., ie
in real terms about 6-7% p.a. The situation is summarised in Figures 30 and 31.

Figure 31 — Simple Portfolios (1994 — 2004, yearly rebalancing)
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Incorporating Views in Asset Allocation

So, is there a more sophisticated approach to asset allocation that would allow us to
improve our portfolio performance? Further, more than a decade ago, Black-Litterman
proposed to incorporate views into the traditional Markowitz framework) in a very simple
manner (with quadratic utility function, maximising return and penalising volatility,
reference Black-Litterman see Appendix for Background Reading List eg Black et al).

Because of the misperceptions on hedge fund risk-adjusted performance measures
discussed in the previous paragraph, we make no use of quadratic utility functions yet we
extend the ideas of Black-Litterman. Indeed, we maximise returns by incorporating views
while constraining the volatility below a certain value or alternatively we require the return
above a given value while minimising volatility. The Figures 33 and 34 illustrate a typical
result obtained by applying IAM’s proprietary stochastic optimiser.

In contrast to our prior discussion we need to test our tactical asset allocation out of
sample to avoid any erroneous extrapolations. Figures 32and 33 show typical results
obtained from optimising over the period 1995-2000 while incorporating views that are
bull (bear) over the subsequent period 2000-2004.

Figure 32 — Optimal Portfolio with bull view (period 2000-2004)
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Figure 33 — Optimal Portfolio with bear view (period 2000-2004)
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The out of sample results indicate that a portfolio with no constraints would have
performed best with a bear view. This is consistent with the three years of bear and one
year of bull markets we have witnessed in the period 2000-2004. Notice that the bull
portfolio would also have performed relatively well, despite a mistaken view!
Experimenting with numerous market conditions and views, constraining volatility or
returns to appropriate levels tends to have a positive impact on the portfolio returns and
volatility.

Alternative optimisations such as requiring an upper bound to maximum drawdown etc
lead to inconclusive results (as is consistent with the statistical findings of the previous
section). Constraining the volatility below (the return above) a threshold while maximising
(minimising) the return (the volatility) in hedge funds portfolio construction is therefore an
appropriate and effective way of formulating the strategy allocation problem. Notice also
that at comparative levels of volatility our asset allocation engine performs typically better
(higher say by between 100 to 200 basis points) than the Homo Habilis tactical asset
allocation discussed previously (out of sample, for the same period). Furthermore note that
the returns of the portfolios correlate reasonably well with the portfolio volatilities (also as
expected from the findings of section 2).

It is important to note that most funds of hedge funds and financial institutions active in
the area of hedge funds have developed proprietary asset allocation platforms (qualitative
and quantitative). While some of the allocation platforms exploit advanced quantitative
engines to question or support decisions based on experience and judgment, others are
significantly unsophisticated.

We now apply IAM’s advanced asset allocation engine to the CSFB/Tremont indices. Our
stochastic optimiser allows us to impose soft constraints on return, volatility or other
measures with some confidence conditional on our views. The latter are incorporated in a
non-linear manner (here we have generalised the Black-Litterman approach substantially



36

see Appendix for Background Reading List eg Black et al). We optimise the portfolio out
of sample based on the 03/1994-08/2003 for the petriod 10/2003-09/2004. This is an acid
test for our asset allocation engine. In Figure 34, we illustrate the results for various
constraints and views (for the sake of comparison we include the performance and
volatility of the CSFB/Tremont hedge fund index during the last year): if we require our
portfolio to have an annualised volatility below 5% with no views it generates a return
comparable to that of the CSFB/Tremont hedge fund aggregated index but with lower
volatility. Notice that requiring the return to be in excess of 10% p.a. and minimising the
volatility leads to a lower return than the index but with substantially lower volatility.

Figure 34 — Portfolio Returns (09/2003 — 09/ 2004) based on out of sample optimisation of
CSFB/ Tremont Indices (03/1994-08/2003)
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When we express views that are essentially correct in one case constraining volatility to
below 5% p.a. while maximising return or alternatively constraining return above 10% p.a.
while minimising volatility generates in both cases returns that are 300 basis point higher
than the CSFB/Tremont hedge fund index but with lower volatility. However if the views
are mistaken, portfolio returns can drop 350 basis points below the CSFB/Tremont hedge
fund index with higher volatility relative to the index in the case when we constrain
volatility below 5% p.a..

Figures 35 a, b, ¢ & d illustrate the portfolio return and volatility distributions from
simulation, conditional on our views. The figures include the out of sample realised return
and realised volatility in the cases where we have no views constraining volatility below 5%
p-a. with 99% confidence and the case where we have views and expect return in excess of
10% p.a. (with 99% confidence). Evidently our asset allocation engine is only as good as
our forecasting skills and ability to express propetly our views about the future within the
advanced framework. Also of crucial importance is the quality and consistency of the
selected hedge funds within the peer groups and strategies used in the allocation.

l1am

international asset management



37

Figure 35a — Portfolio Return Distribution from simulations with no view (1'0/<5%, Average Return=11.45%)
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Figure 350 — 1V olatility Distribution from Stmulations with no view (V'0/<5%, Average 1'0/=3.01%, 99% confidence)
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Figure 35 ¢ — Return Distribution from Simulations with view (Return>10%, Average return=17.7%, confidence 99%)
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Figure 35d — 1 olatility Distribution from simulations with view (R>10%, Average 1 0/=2.65%)
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Forecasting

Strategic (long term) and tactical (short term) asset allocation depend critically on the ability
to predict the economy and the financial markets. However foresight is an extremely rare
skill. Human kind has probably nourished the dream of forecasting and prophesying the
future since about 5 millions years ago when the first australopithecine erected on two legs.
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To come back to more secular times, we may wonder how far we have come after so long a
history of forecasting. Though there is a lot of literature on the subject of forecasting which
we do not intend to review here, we would like to point out some basic deficiencies in the
simplest forecasting methodologies that are publicly available and much used in this field.
Forecasting is about anticipating behavioural patterns occurring in the economy and the
financial markets. Formulating and incorporating quantitatively collective psychological
patterns (mania, fear, panic, herd behaviour, over-enthusiasms, over-self-confidence, etc) in
asset allocation is a complex task. In practice, the most successful and experienced
managers consciously or sub-consciously refer to behavioural patterns in a heuristic
manner when taking investment decisions.

Technical note: Academics tend to like extremely simplified models. The most common forecasting
methodology is (multi-)linear and non-linear regression. Conceptually, it is the simplest approach to
Jorecasting: assume a set of factors that drive the economy and the financial markets, and attempt to
anticipate their movements.

Figure 36 summarises the results of the academic studies as to the significance of the
various investigated factors in the context of hedge funds (see Appendix for Background
Reading List eg Agarwal and Naik, Amenc, El Bied and Martinelli, Fung and Hsieh,
Schneeweis and Spurgin etc).

Figure 36

Strategy Convertible | FixedInc Event- Global Market
Factors Arbitrage | Arbitrage Driven Macro Neutral
Stock Mkt Indices 0 0 + + +
Bond Mkt Indices 0 0 0 0 0
Small - Large Stock + 0 + + +
High - Low Stocks 0 0 + 0 +
Momentum 0 0 0 0 0
Default Spread 0 0 0 0 0
Commodities 0 0 0 0 0
Currencies 0 0 0 0 0

Despite intensive investigations, the general result is that most factors are not statistically
significant in spite of an a priori intuitive justification for their inclusions in the regression
models. However, even when the factors are statistically significant, their R-square or
correlation is so low that the practical usefulness of the approach is questionable at best.

Consider a best case scenario for linear regression and attempt to forecast the long-short
hedge fund strategy returns. It has been recognised for some time that long-short managers
are biased towards small and mid capitalisation companies. The latter are not monitored
closely by large financial institutions analyst teams. So hedge fund managers attempt to
arbitrage the mis-pricing due to the lack of interest in and/or information on these small
and medium capitalisation companies. The Figures 37 a & b illustrate the point: regressing
the CSFB/Tremont long-short index against the MID cap S&P index (or Small cap- Large
cap S&P index), we should expect a strong correlation.



40

-20%

MID cap Index

-20%

Small-Large

Unfortunately, the dispersion is so wide that it is difficult, solely on the basis of the scatter
plot, to make any reliable forecast. This does not mean that a trading strategy could not be
devised to profit on the long term of the weak correlation. Looking at other strategies and
drivers the situation is even more perplexing. Beyond the dispersion problem, there is
another difficulty with the time dimension which is best illustrated as follows: An
alternative tool used to anticipate patterns is the (linear or non-linear) lagged correlation
looking forward. Figures 38 a & b illustrate the fact that despite the expected
(instantaneous) natural positive correlation, the CSFB/Tremont long-short index may
become anti-correlated (counterintuitive) when lagged forward with the MID cap (Small

Figure 37a — CSEFB/ Tremont Index Long — Short | MID Cap
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Figure 376 — CSFB / Tremont Index Long-Short | Small — Large Cap
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cap) S&P index, even within confidence intervals.
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Figure 38a — Rolling Correlation over 24 months for CSFB/ Tremont Index Long-Short | MID Cap
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Figure 38b — Rolling Correlation over 24 months for CSEB/ Tremont Index Long-Short | SML Cap
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Monitoring these forward looking correlations over time does not improve the situation,
though. Within this simple forecasting framework, it is the instability in rolling correlations
that makes predicting strategy performance a hard job. In particular, systemic events lead

often to dramatic and unexpected changes in correlation patterns which no model seems to
be able to incorporate.

Finally, we find that academics have addressed some of the issues on forecasting returns of
hedge funds, yet the main practical issues of forecasting in hedge funds are still open: the
large dispersion of the data and low significance of regressions (multi/linear and non-
linear), the improper treatment of hidden variables, the instability of (linear and non-linear)
correlation patterns, the sometimes obscure financial meaning of factors included in the
models, the modelling of spurious relationships, the biases (psychological, data)
incorporated into the forecasting models etc. The recent developments in finance
(behavioural finance) within the academic community indicate that more realistic routes are

being explored to help practitioners (see Appendix for Background Reading List eg
Montier, Shefrin, etc).
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Conclusion

We have shown that the common conceptual framework of finance and its valuation tools
do not apply to hedge funds. The unusual statistical characteristics of hedge funds lead us
to consider hedge funds as an asset class of their own. An indiscriminate use of volatility,
Sharpe ratio, Jensen alpha, Maximum Drawdown, etc commonly lead to erroneous
conclusions when assessing hedge funds risks and risk-adjusted performance. There are no
magic numbers or holy quantitative measures that can replace proper and thorough due
diligence. Quantitative methodologies are used to question or support judgmental
propositions but remain blind to innovations and unexpected events. The relatively short
history of hedge funds shows that, the asset class is not riskier than other asset classes
when properly assessed, yet understanding this asset class requires an open mind and an
adequate conceptual framework.

The paradigms of traditional asset management and portfolio diversification have to be
reviewed radically. We propose a simple yet effective way to alleviate some of the peculiar
statistical characteristics of hedge funds. Our approach to asset allocation becomes
powerful only when properly combined with more qualitative insights into hedge fund
managers and solid views on the economic and financial future developments. Judgment,
experience and relationships, more than in any other field of the financial industry, play a
vital role in the allocation process. Funds of hedge funds provide added value to investors
if they screen properly the manager’s risk factors that lead occasionally to large losses,
secure capacity with capable and promising hedge fund managers through loyal
relationships, gather solid intelligence on hedge funds etc. Because of the relevance of the
human factor at all levels of analysis, the construction of a portfolio of hedge funds is a
serious and fascinating challenge to the investment community.
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