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Abstract

This Master thesis is dedicated to the performasfc®lordic hedge funds. A lot of
international studies have been conducted on Amerdedge funds, but little on Nordic
funds. Common for most of these studies are thagéefunds perform very well
compared to other more traditional assets likekstand bonds, but that the risk in hedge
funds are somewhat different and usually not captry traditional financial theory.
Hedge funds often exhibit significant higher ordesments while traditional theory only
takes into account the first two moments of tharretistribution.

This thesis shows that Nordic hedge funds outperfooth American hedge funds and
the general stock and bond markets. They haverlgigibutional properties and risk-
adjusted performance measures. The correlatiomdostock and bond market is also
relatively low for Nordic hedge funds, even in beaarkets and during financial crises.
This offers good diversification benefits, and goimal portfolio of hedge funds should

consist of around 17-18 individual funds.

Some of this good risk-adjusted performance canelwewbe attributed to general stock
and bond market exposure. This is not consistettt the notion that hedge funds are on
average market neutral. The returns are also inflee by some fund specific factors like
for instance assets under management, age, feesngsiment universe. But the good
performance of Nordic hedge funds does not seelmetalue to pure luck, but rather
manager skills. This is backed up by the fact thate exists persistence in the hedge

fund returns, especially at shorter horizons (3ehths).
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1. Introduction

1.1. Problem definition

The main purpose of this thesis is to take a cldeek at the risk and return
characteristics of Nordic hedge funds. Is the as#l return in these hedge funds different
from other hedge funds around the world, or frolmeotasset classes? If so, how can this
be exploited in asset management? Is it possibigetatify sources of hedge fund return
and risk, and if so, can these sources be replicatesome way? Are there any
differences between the different styles? These smmie other questions will be
answered by conducting a number of empirical testsa sample of 107 individual

Nordic hedge funds as well as a sample of Ameriwaige fund indices.

After some preliminary theory, this thesis will staff with a brief summary of the
descriptive statistics of hedge fund returns. Ostadie$ have concluded that the risk-
return relationship looks particularly good ford@n hedge funds if one only considers
the two first moments of the return distributiorutBhis advantage is blurred if one also
takes into account higher order moments. Hedge fretdrns often exhibits low

skewness and high excess kurtosis, and this withieeked for in the Nordic sample.

Despite the fact that the risk-return relationsbiinedge funds is not as superior as first
thought, they have in the recent years become asgorgly more popular among
institutional investors. Why is that? One of thestionportant reasons for this is the way
hedge fund returns interrelate with the returnsnfrother major asset classes like the
equity and fixed income market. Resedrichs shown that the correlation between hedge
fund returns and stock and bond returns are quote. IThis leads to a major

diversification benefit from adding hedge funds aoportfolio. In this thesis these

! See for instance Kat and Lu (2002) and Brookskatd2002).
2 See for instance Fung and Hsieh (2001) and Agaama@iNaik (2004).
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coefficients will be calculated for different matlenvironments, and in addition a Monte
Carlo simulation will be used to find out how mamgdge funds are needed to achieve

the optimal portfolio of hedge funds.

Furthermore, this thesis will use different measerts to compare the performance
between hedge funds and the equity, bond and comynotdhrkets. Many of these
measures rely heavily on the assumption that then® are normally distributed. But
that is rarely the case, especially for hedge fufithss has lead to the development of
new measurements that also takes higher order mtenm@o account. The Spearman
rank coefficient will also be used to see if thgmeformance measurements produce

significantly different rankings.

The fact that hedge fund return characteristicssaréifferent from other asset classes,
have lead different asset pricing models to preiifieir returns poorly. In this thesis the

predictive power of five such models are tested.

Some studieshave been conducted on which factors that drites performance of
hedge funds. This thesis will run rigorous modelsorder to try to find significant
factors, both macro and micro, that explains hddgd return and risk. The analysis will

be applied to both individual funds and indices.

Historically, it seems that some factors have pllage important role in describing hedge
fund returns. This has recently lead to the creatiba new market for large investment
banks, namely hedge fund replication. By loadingwith the specific risk factors that
hedge funds are exposed to, they can replicate ridteirns pretty closely. This is called
Alternative Betaln addition, recent reseafchas started using option based replication
of hedge fund returns. Both these techniques wilslhortly reviewed towards the end of

this thesis.

% See for instance Ackermann et. al. (1999), Anjiteal. (2001) and De Souza and Gokcan (2003).
* See for instance Fung and Hsieh (2001) and Agaama@INaik (2004).
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The last subject that will be covered in this thes the consistency of hedge fund
performance. Is the good performance of hedge fontisdue to some extreme events or
luck, or is it consistent through time? In additionsome statistical tests, the approach of
Jegadeesh and Titman (1993, 2001) will be useceéoifsthere is any momentum in
individual hedge fund returns.

1.2. Structure of thesis

The rest of the thesis will be organized in thremmparts. The first part, consisting of
chapter 2-4, will present some preliminary theobowt hedge funds and traditional
portfolio management in addition to a short presgon of the data used in this thesis.
The second part, chapter 5-12, will cover the errgdipart of this thesis. And the final

part, which consists of chapter 13 and 14, willndwp this thesis by reviewing some
possible bias before concluding.

10
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2. A Short Introduction to Hedge Funds

2.1. What isa Hedge Fund?

According to Mark Anson, CEO of Hermes Pensions &gment, the answer to that
may be “Anything that charges 2 and 20.” (Lhabit2®06). This is an old joke, and the
“2 and 20" refers to the fee structure of hedged&uinThey often charge a 2%
management fee and a 20% incentive or performageeDue to their complexity, the
term “hedge fund” does not have a precise defimitidhere exist many types of

definitions, for instance this one by Lhabitant@2p

“Hedge funds are privately organized, loosely regatl and professionally managed

pools of capital not widely available to the public

Due to their private nature, hedge funds have femgstrictions than regular mutual
funds. They can use leverage, short-selling andvateres, and this allows them to
follow significantly different investment strategieThe main strategies, styles will be
discussed later in this chapter.

Hedge funds are not an asset class by itself, loue mn alternative investment vehicle
just like real estate and private equity. They seefgrovide the investors with absolute

return (or relative to cash), in contrast to mutiuadds who are measured relative to a

proper benchmark.

2.2. The history of Hedge Funds

It has long been believed that the first hedge fuwas established by the Australian
Alfred Winslow Jones in 1949. But according to Litabt (2006) resent research

11
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indicated that this is not entirely correct. In Betber 1930 the statistician Karl Karsten
created a small fund that looked much like a hefdge. In just under six months the

fund generated a 78% return.

The Melbourne born Australian Alfred Winslow Jore=t up the first more formally

hedge fund in 1949. He raised $100,000 (includi#@,@00 of his own money) to form a
general partnership named A.W. Jones & Co. (Lhahit2006). He discovered that he
could use short-selling and leverage to creatett@roesturn than regular mutual funds.
And an article by Carol J. Loomis (1966) confirntacs. The article showed that Jones’
fund had outperformed the most successful mutuadgun the period from 1955-1965.
Jones’ fund returned a staggering 670%, compar#tet858% of the Dreyfuss fund.

In the years following Jones’ start, many otheufatindustry leaders started their hedge
funds. One of them was probably the greatest iovesver, Warren Buffett. In 1956 he
established Buffett Partnership LP who later bec&edkshire Hathaway (in 1962). The
performance of Berkshire has for the last 40 ydmmsn absolutely stunning, with an

average annual return of around 21.5% (Lhabite0Q6

In the period from 1969 to 1974 many hedge fundstwankrupt. This was much due to
inexperienced short-selling (Lhabitant, 2006). Dgrithe bull markets of the 1960’s
many fund managers who was supposed to follow g/$tiort strategy started going long
only and levering up. When the bear market of 19880 kicked in, many hedge funds

collapsed. And even more funds collapsed durindl8#8-1974 recession.

The popularity of hedge funds was revived agaiht986 when an article describing the
tremendous performance of the Tiger Fund was phudisn Institutional Investot. But
then it all went very bad on 19 October 1987, &sown as “Black Monday”. The Dow
Jones was down 22.6% and many hedge funds alseretifhuge losses (Lhabitant,
2006). But luckily the market recovered quicklyddry 1989 the market had regained all
the lost ground.

® See J. Rohrer (1986).

12
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1997 and 1998 were some tough years for the hadgeihdustry. Global macro funds
were blamed for the 1997 Asian crisis, and fund agans were described as “wild-eyed
speculators operating outside government regukitiaithabitant, 2006). But the
landmark incidence in the evolution of the hedgedfindustry came in August 1998
when Long-Term Capital Management (LTCM) collapsEde funds board of directors
included two Nobel price winners, Myron Scholes &wabert C. Merton, and the fund
had been extremely successful in its first yeanseyTused advanced mathematical
models to perform fixed income arbitrage with gawveent bonds (Wikipedia, 2007). But
the models were not able to forecast what was gamirigappen on 17 August 1998. Then
the Russian government devalued the rouble andildedaon its domestic debt. LTCM
were long Russian government bonds and short U&stlirees bonds. This Russian
incident lead to aflight-to-liquidity® situation where everybody wanted to buy US
Treasuries. Then LTCM lost enormous amountbath their positions, and by the end of
August the fund had lost $1.85 billion of its capifwWikipedia, 2007). For the first time
in history, a hedge fund was deemed “too big ttj,fand a consortium of 14 banks and
security firms put together a $3.5 billion bailaftthe fund (Lhabitant, 2006). All this
was orchestrated by the New York Fed who was afsha global financial meltdown if
LTCM went bankrupt. The fund was finally closed dow early 2000 (Wikipedia,
2007). The reason for the collapse of LTCM was thet Russian default in itself, but
rather the excess use of leverage from LTCM’s sikdehe beginning of 1998 the fund
had $4.72 billion in equity and it had borrowed 0$&24.5 billion. But something good
came out of this crisis, and that was that hedgel fmangers agreed to lower leverage

and induce more transparency.

The crisis of 1997-1998 lead the US Fed to cutré&sterates, and this again fueled the US
economy in the years following. Because of thesedgoonditions for the financial
market and especially riskier assets (like the d€tsr), a bubble developed. And in
March 2000 it burst. Despite the fact that majaticges performed very bad, the hedge
fund industry performed very well. This lead manghhnet worth investors to get into

® Flight-to-liquidity means that "everybody” wants to buy highly ligsiturities, like for instance US
Treasuries bonds.

13
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hedge funds, and hedge funds were gaining popwulamong large institutional

investors.

The growth in the hedge fund industry has acceddrdtamatically the last 15-16 years
(figure 2.1). According to HFRthere are around 9,575 hedge funds world widefas o
March 2007, and their assets under management (Ad&iaround 1.57 trillion dolldts
But despite its rapid growth, the industry only @aats for 2-3% of the global financial
market (Lhabitant, 2006).

1400 10 000

12004 mmm Assets under management, Bilion US$ (left gxis) T 9000

—e— Numbers of Hedge Funds (right axis) T 8000

1000 - 7000

r 6 000
800 +
r 5000

600
r 4 000

400+ r 3000

r 2000

200
r 1000

0
1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 20 ZWIB 2004 2005

Figure 2.1: Estimated assets under management ambar of hedge funds in the period
1990-2005 (Lhabitant, 2006).

The major source of future growth in the hedge furdlistry is from large institutional
investors like pension funds, insurance comparmegorations and foundations. A sign
of this came in 2000 when Calpers (California Rulidimployees Retirement System)
decided to allocate $1 billion to hedge funds (liteatt, 2006).

" E-mail from Todd Hartman at HFR, 16.05.07.
8 According to Dagens Naeringsliv (2007b).
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2.3. Why Hedge Funds?

There are mainly two reasons why investors allocatmey to hedge funds. Firstly,
hedge funds have historically (with a few excepidike i.e. LTCM) shown a much
better risk/reward relationship than other asseit least in the mean/variance
framework). Secondly, they have historically hathwa correlation to the general stock
and bond markets. This offers the investors a difreation benefit. Later in this thesis

both these benefits will be explored for the Notukgcige fund market.

Furthermore, hedge fund managers have fewer restigcin their asset management
than regular active fund managers. This makes tgle to generate alpha in ways that
traditional active fund managers can not. Most ingd is the fact that hedge fund
managers can sell assets short. Active managemsntauninderweight assets according to
their benchmark. Figure 2.2 shows how this canaedhbe risk (standard deviation) for
the hedge fund manager, without decreasing thectagheeturn of the portfolio. As long
as one asset has a negative expected return, tlye fiend manager can go short this
asset and in the hypothetical example in figuretBe&2manager can then reduce its risk

by over one percentage point (from 5.52% to 4.45%).

Covariance matrix Expected
Asset 1 Asset 2 Asset 3 return, %

Asset 1 169 10.4 58.5 12.00 124 Hedge Fun
Asset 2 10.4 16 6 6.00 —ctve Fund
Asset 3 58.5 6 225 -7.00 101 [ ER8H

Optimal Optimal % ®1

HedgeFund  Active Fund 3 6

portfolio portfolio g
Asset 1 13.28 % 33.33% o 4
Asset 2 95.97 % 66.67 %
Asset 3 -9.25% 0.00 % 21
sum 100.00 % 100.00 % . ‘ ‘ \ ‘ ‘

2 4 6 8 710\12

Expected return, % 8.00 8.p0 2
Standard deviation, % 4.45 SEZ Standard Deviation, %

Figure 2.2: Shows how short-selling can improveoatfplios standard deviation without
reducing the expected return, if one asset hagative expected return.

Other reasons why hedge funds might be attraasviae fact that many of the managers
put in a lot of their own money in the fund. Thésa signal of confidence, and it ensures

that the incentives of the investors and managerslggned. In addition, the hedge fund

15
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industry attracts many of the best fund managetsenworld due to their favorable fee
structure (often around 20-25% of the upside). leflgnd managers are also good at

only taking risk in fields where they are experts.

2.4. Hedge Fund styles

Hedge funds employ a lot of different investmemttsigies, and are therefore a very
heterogeneous group. It is common for consultamigstors and managers to try to split
these funds into more homogeneous group. The aolylgm is that there does not exist
a universal norm for this classification. Differerdata vendors use different
classifications. Alternative Investment Managema@ssociation launched a survey in
2003 that showed that the largest outside vendame Wwedge Fund Research and
CSFB/Tremont (Lhabitant, 2006). In this thesis ttda from Hedge Fund Research
(HFR) will be used, and therefore their classifmatwill also be used. They split the
hedge fund universe into 37 sub-indices, where themain indices/styles will be

described shortly beloly

o Convertible Arbitrageinvolves purchasing a portfolio of convertible setes,
generally convertible bonds, and hedging a portibthe equity risk by selling
short the underlying common stock.

o Distressed Securitiestrategies invest in, and may sell short, the régesi of
companies where the security's price has beers, expected to be, affected by a
distressed situation. This may involve reorganaredj bankruptcies, distressed
sales and other corporate restructurings.

o Emerging Market$unds invest in securities of companies or theeseign debt of
developing or "emerging" countries. Investmentspain@arily long.

o Equity Hedgenvesting consists of a core holding of long egsithedged at all

times with short sales of stocks and/or stock indgtions. Some managers

® The definitions are collected from the HFR Intémage (HFR, 2007).
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maintain a substantial portion of assets withinedded structure and commonly
employ leverage.

Equity Market Neutral investing seeks to profit by exploiting pricing
inefficiencies between related equity securitiestralizing exposure to market
risk by combining long and short positions.

Equity Non-Hedgdunds are predominately long equities althougly thave the
ability to hedge with short sales of stocks andtock index options. These funds
are commonly known as "stock-pickers." Some fundpley leverage to enhance
returns. When market conditions warrant, manageag implement a hedge in
the portfolio.

Event-Drivenis also known as "corporate life cycle" investirfihis involves
investing in opportunities created by significaminisactional events, such as spin-
offs, mergers and acquisitions, bankruptcy reogions, recapitalizations and
share buybacks.

Fixed Income Arbitragés a market neutral hedging strategy that seekwadbt
by exploiting pricing inefficiencies between reldtixed income securities while
neutralizing exposure to interest rate risk.

Macro involves investing by making leveraged bets onicgdted price
movements of stock markets, interest rates, foreagonhange and physical
commodities. Macro managers employ a "top-downbalapproach, and may
invest in any markets using any instruments toig@pdte in expected market
movements.

Market Timinginvolves allocating assets among investments hicking into
investments that appear to be beginning an uptramd, switching out of
investments that appear to be starting a downtréhds primarily consists of
switching between mutual funds and money markets.

Merger Arbitrage sometimes called Risk Arbitrage, involves investinin
event-driven situations such as leveraged buy-outsgers and hostile takeovers.
Regulation Dmanagers invest in Regulation D securities, sonmegireferred to
as structured discount convertibles. The securdies privately offered to the
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investment manager by companies in need of timapnting and the terms are
negotiated.

o Relative Value Arbitrageattempts to take advantage of relative pricing
discrepancies between instruments including eJitiebt, options and futures.
Managers may use mathematical, fundamental, onteghanalysis to determine
misvaluations.

o Short Sellingconsists of funds that primarily sell securitiesrs.

In addition to the main styles, they also have ad~of Hedge fund index, FoOHF, which

is an equal-weighted index of a sample of over BOEF in their database.

2.5. Hedge Fundsin Norway and the Nordic countries

As in the rest of the world, the hedge fund industas also grown enormously in the
Nordic countries in the last 6-7 years. Figure 2h®ws the number of Nordic hedge
funds that were reporting figures to HedgeNottly the end of the year from 1996 to
2006. Figure 2.4 breaks the total number of Noh#idge funds into country (where the
managers operate from) and style. As one can segjeh is the county where most of
the Nordic hedge funds operate from with just &@%o of all hedge funds. This may be
due to regulatory issues, and the fact that Swedenthe first Nordic country to allow
hedge funds. The most common hedge fund style igtiEg (market share of 47%)
which consists of all hedge funds that participatéhe equity market. After that comes
the Funds of Hedge Funds which has a 27% market.sha

Table 2.1 displays the assets under management,,AotMhe Nordic countries at the
end of 2006 and the percentage change in 2006 nAsan see, Sweden has the largest
proportion of AUM with 9.5 billion Euros. After Swlen follows Norway and Denmark

with around 1.7-1.8 billion Euros and Finland wjtist over one billion Euros of AUM.

19 see www.hedgenordic.com for further details. Titbase is not a complete list of all hedge fumds
the Nordic countries (there exists at least 6 nfionels according to an e-mail to HedgeNordic as of
January 2007), but it may serve as a proxy.
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The total AUM in the Nordic countries sum up to abd4 billion Euros. When it comes
to the change in AUM in 2006, the hedge funds imW&y and Finland are the big
winners. Their AUM has increased with 107% and 4##spectively. The more
established hedge fund countries, Sweden and Dénnrareased their AUM with
around 10-20%. The total increase in AUM in thegagvas just over 20%.

AUM % change
Sweden 9.50 8.8 %
Norway 1.80 107.1%
Denmank 1.65 17.9%
Finland 1.10 47.3%
Total 14.05 20.1 %

Table 2.1: Total assets under management (biliamo§ as of December 2006 and
percentage change from year end 2805
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Figure 2.3: Number of Nordic hedge funds in Hedgelindatabase as of year end 1996-
2006.

" The numbers are collected from the April 2007 ésstiThe Nordic Hedge Fund Journal (page 12).
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Figure 2.4: Breakdown of Nordic hedge funds intargoy and style (from HedgeNordic as of
January 2007).

The regulation of hedge funds is different among Kordic countries. Sweden was, as
mentioned, the first country to allow hedge fund$¢ registered and marketed publicly.
This happened on 1 April 2004 (Kredittiisynet, 2DO&inland has much the same
regulations as Sweden. Any hedge fund must regigtarthe Finnish FSA and must be
available to the publié. Denmark allows hedge funds to be registered amsarfrom 1
July 2005 (Aamo, 2006). The unions are open to phklic and supervised by

Finanstilsynet The minimum equity in the hedge-unions must be<[2% millions.

In Norway the case is much different. It is notoaled to register hedge funds as
security-funds (“verdipapirfond”), since hedge fenlill break many of the rules that are
specified for such funds (i.e. short-selling angelaging). But one can register them as
other company forms such as joint-stock companksfteselskap”) (Aamo, 2006). None
the less, it is more favorable to register fundsesurity-funds. Aamo (2006) mentions

some of the advantages to be:

o Security-funds are better regulated through laws.
o Companies that manage regular funds and depotutstis are supervised by the

government.

12 According to e-mail from HedgeNordic as of 9 Fetu2007.
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o In security-funds the investors are treated equally

o Security-funds have a better mechanism for subts@nignd redemption.

The Financial Supervisory Authority of Norway (“Kii¢tilsynet”), FSA, has on behalf of
the Ministry of Finance worked out a proposal fonew law concerning special funds
(i.e. hedge funds). This proposal suggests thatiapeinds should be allowed registered
in Norway, but only marketed to professional ineest. The divisional director at the
FSA, Eirik Bunaes, said to The Nordic Hedge Fundrdaftf in January 2007 that he
believes that the Ministry of Finance possibly dgajgting a “wait-and-see” attitude while
the EU considers its own hedge fund regulation. te 12 February 2007 Dagens
Neeringsliv (2007a) wrote that the G7 countries Rudsia had met to discuss the hedge
fund industry and regulation of it. They were cameel about the risk in the industry and
that a possible collapse could seriously hurt tleeldveconomy. The conclusion of the
meeting was that they were going to continue mainigothe industry and try to open a
dialog with it. This indicates that it may take sotime before Norway will allow hedge
funds to be registered, and it leaves Norway asottig Nordic country that does not
allow hedge funds to do so as of today (May 2081}.they can still be managed from
Norway as long as they do not market themselves.

13 professional investors are defined as investaits atileast NOK 5 millions in gross financial wéaénd
a minimum subscription amount of NOK 500,000.
14 Journal published by HedgeNordic.com.
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3. Traditional Portfolio Theory

In this chapter the traditional portfolio theorylwbe revisited. First the centralized
distributional moments and the mean-variance fraonkwvill be described before finally

a few traditional asset pricing models and perforoeameasurements will be presented.

3.1. The centralized distribution moments

The centralized distributional moments are the ritstional moments less the
distribution mean, p. The" centralized moment of the stochastic variabfe, can then
be defined asF_(()Z - )" . Often only the two first moments are used, buthis thesis

the four first moments will be used. The reasontlfas has to do with the risk in hedge
funds which will be thoroughly discussed later. deneral, under relatively weak
assumptions about the investor’s utility functiamyestors want high uneven moments
(mean and skewness) and low even moments (stani@aidtion and excess kurtosis)
(Scott and Horvath, 1980).

3.1.1. Expectation / mean

The first moment of a distribution is the expeaator mean,E()Z )

H=E(X)=3 X (3.1)

The centralized first moment is rarely used sitég always zero.
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3.1.2. Variance

The second centralized distributional moment is vheiance. This is a measure of
dispersion around the mean, and is often usecamée to describe the risk of an asset. It

is defined as:
o® = E((X - )*) = 2 p (X, ~ )’ (3.2)

A transformation of the variance that also is uasda measure of dispersion, is the

standard deviationg , which is the square root of the variance.

3.1.3. Skewness

The third centralized moment is the skewness, sagdmeasure of the lopsidedness of the
distribution. A symmetric distribution (i.e. the mmaal distribution) will have a centralized

third moment of zero. It is defined as:

py = E((X = 1)°) = 3 pu(X, ~ p)° (3:3)

3.1.4. Kurtosis

The forth centralized moment is the kurtosis whisha measure that tells us if the

distribution is fat and short or slim and tallidtdefined as:

Hy =E(X -1 =32 p(X -~ 1) (34)
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The normal distribution has a kurtosis of 3, and itherefore common to subtract this
from the estimated kurtosis. This yields #eessurtosis which is zero for the normal

distribution.

3.2. The mean-variance framework

When making investment decisions, investors areerésted in the risk-reward
relationship. This can be formalized through theameariance framework. The
framework assumes that the investors are risk av@isat means that they will not take
on additional risk if they are not compensatedtf@at with a larger expected return. How
large this compensation is depends on the levakkfaversion. A further assumption is
that the investor’s risk-reward preferences arernilesd by the quadratic utility function.
This means that only the two first moments of teim distribution are important to the
investor. The returns are therefore indirectly assti to be normally distributed. This

framework may therefore not be the optimal choit¢beeése assumptions are not satisfied.

In theory, the risk and reward in this frameworlogll be expressed as expectations
about the future. But it is common to estimate ¢hemlues based on historical data. This
leads to uncertainty or measurement error in thienates, but they are often thought to

be the best measurements we have.

The mean-variance framework was first introducedHarry Markowitz (1952). His

work with risky portfolio selection lead to tHefficient Frontier (sometimes called the
Markowitz Frontier). This set of portfolios was thest possible portfolios given the
individual assets standard deviation and expeottarr. The shape of the frontier is
convex, and the degree of convexity depends orcohelation between the individual

assets.

If the universe of risky assets is combined withrisk-free asset, then th€apital
Allocation Line CAL, can be drawn. This is a linear line that ggdem the risk-free
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asset through a portfolio of risky assets (assurthiag one can both borroand lend at
the risk-free rate). If this risky portfolio liesnahe efficient frontier, then the CAL is
referred to as th€apital Market Line CML (figure 3.1 shows this relationship). The
tangency portfolio is then referred to as the miapaetfolio, and it is the portfolio with
the highest possible Sharpe ratioThe expected return of a portfolipon the CML,

E(R,), is then described by equation (3.5).

E(RM)_ Ry (3.5)

M

E(R) =R, +0,

Where R; is the risk-free rate of returr&(R,,) is the expected return on the market
portfolio, and oy, and o, is the standard deviation of the market portfaioed the

portfolio p, respectively.

Figure 3.1: Graph that shows the CML, the efficieahtier and the market portfolio.

15 See chapter 3.4.1.2 for definition of the Shagi®r
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3.3. Asset pricing models

3.3.1. The Capital Asset Pricing Model

The CML uses standard deviation as a measutetaifrisk. The standard deviation can
be divided into systematic and specific risk. Tlystsmatic risk is general risk in the
market or economy, while the specific risk is ressociated with individual assets. A
well-diversified investor is only expected to gedig for holding systematic risk.

Accordingly one can not use the standard deviatgrice financial assets.

In the mid 1960’s three men independently develogedsset pricing model which is
called the Capital Asset Pricing Model, or CAPM.o$sk men were William Sharpe
(1964), John Litner (1965) and the Norwegian Jars$ito(1966). For this work William

Sharpe received the Nobel price in 1990. Their rhddeves the expected return of an
asset from the risk-free rate and the general maide Equation (3.6) use the CAPM to

derive the expected return for asseE(R ).
E(R)=R, +B|E(R,)-R,] (3.6)

B, is a measure of how sensitive assgstto the market, an&(R,, ) — R, is the expected

market premium which one can expect to get paidupétr of systematic risk. CAPM
should only be interpreted as aw-antepredictive model. Thex-postcounterpart to
CAPM is the empirical Market Model of equation (8.7he parameters are usually

estimated via an Ordinary Least Square, OLS, regresand the coefficients, and &,

should in an efficient market not be statisticalifferent from zero.

R=a +R +B(R, —R/) +¢ (3.7)
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The CAPM has received a lot of attention duringyggrs, mostly due to its simplicity
and its good theoretical foundation, but has lateben under attack from many

researchers worldwide. Even so, it is still uséot @among practitioners.

3.3.2. The Arbitrage Pricing Theory

Another much used pricing model is thgbitrage Pricing TheoryAPT. This model was
first introduced by Stephen Ross (1976), and itmedes the expected return of an asset
as a linear function of several factors, both mi@nal macro. An assets sensitivity to the
factor is measured by the beta coefficient for efactor. The APT is less restricted by
assumptions than CAPM, and it can be defined fanrdmown number of factors like in
equation (3.8).

E(R)=R, + Y AF, (3.8)

3.3.3. The Four Factor Model

One example of a much used APT model is the sea€&bur Factor Model of Fama and
French (1993) and Jegadeesh and Titman (1993, 20019 model is derived from
research and it consists of Fama and French’s ThRaetor Model and the momentum
effect of Jegadeesh and Titman. Equation (3.9)rde=scthe model.

E(R) =R, +B|E(R,) - R |+ B,SMB+ S,HML + 5,UMD (3.9)

The SMB (Small Minus Big) factor is supposed totoap the size effect which says that
small stocks (measured by their market capitabratwill do better than large stocks.
The HML (High Minus Low) factor captures the vakféect which says that value stocks
(high ratio of book to market value of common eguwill do better than growth stocks
(low book to market ratio). The last factor, UMD gWinus Down), captures the
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momentum effect. This effect tells us that pastngns will outperform past losers in the
short run (3-12 months) (Jegadeesh and Titman, 28832001). The beta coefficients

measure the sensitivity to each factor/effect.

3.4. Absolute performance measurements

In investment it is important to be able to measumanagers or a funds risk-adjusted
performance. There have been developed a lot ofsumes for this purpose. These
measures can roughly be divided into two large gsouw absolute and relative
performance measurements. The former measure<tfa@rpance relative to a risk-free
asset (i.e. cash) while the latter measures théorpesnce relative to a specified
benchmark. Since hedge funds usually do not hawenahmark to be compared to, this
thesis will concentrate on the absolute measuresnémtsection 3.4.1 three traditional
measurements will be presented. These depend oasthanption that the returns are
normally distributed. That is often not the casspéeially for hedge funds) and that has
lead to the development of more modern measuremeéints such measurements will be
presented in section 3.4.2. In the following r&presents the mean return for assater
the sample period, and Bnd R, are the mean return of the risk-free asset anchtr&et
portfolio, respectively. Finally, it is worth notinthat all these measures are estimated
based on a sample of historical data and will fioeeeonly reflectpastobserved risk and

not necessariljuture risk.

3.4.1. Traditional measurements

3.4.1.1. The Jensen Alpha

According to CAPM, it is impossible for an assehtve a different expected return than
what is predicted by the model. If one asset hasxaected return that lies below (above)

the CAPM predicted return, then investors wouldhngssell (buy) the asset which would
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lead the asset price to fall (rise) and the retormise (fall) until it is consistent with
CAPM. This is how itshouldwork, but in reality there may be short term dg&wuias.

These deviations can be expressed by the Jensba,Alp in equation (3.10).

a, =R -E(R) (3.10)

Equation (3.10) includes the expected return ptediby CAPM, but as mention before
this model is arex-antemodel. So in order to be able to estimate theeleAdphaex-

post the Market Model in equation (3.7) must be usteharranging (3.7) yields equation
(3.11) which can easily be estimated with an OL@geassion. The statistical significance
of the Jensen Alpha can then be tested with a atdn8tudent t-statistic (possibly

correcting for heteroscedasticity and autocorretain the error term).

R-R =a +L(R, —R)+¢ (3.11)

The Jensen Alpha is a straightforward way of meaguperformance, and it is named

after Michael Jensen (1968). It is the differeneeneen the realized return and the return
predicted by CAPM, and it may therefore be seem m&asure of superior performance if
it is positive. If the market had been efficieneththe Jensen Alpha should have been

Zero.

3.4.1.2. The Sharpe ratio

The most commonly used risk-adjusted performancasore is the Sharpe ratio. It is
named after William Sharpe (1966), and it measthesexcess return per unit of total
volatility. Since the ratio usestal volatility (the standard deviation) it is besttedi for

undiversified investors. Algebraically, it is defithas:
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3.4.1.3. The Treynor ratio

The Treynor ratio is very similar to the Sharpeaathe main difference is that it does
not focus on the total risk, but instead thestematicrisk represented by beta. It is
therefore a good measure for a well-diversifiecester. It is named after Jack L. Treynor

(1965), and it can be expressed like this:

R-R;
B,

TR = (3.13)

3.4.2. Modern measurements

3.4.2.1. Autocorrelation-adjusted Sharpe ratio

Lo (2002) documents that positive autocorrelatian overestimate the true Sharpe ratio.
He therefore recommends using an autocorrelatiqustetl Sharpe ratio which is defined

as follows:

“AR-adjusted SR = SR x d (3.14)

\/q+2q2(q—k)pk

k=1

Where SR is the regular monthly Sharpe ratio ang is the K autocorrelation

coefficient. The annualized autocorrelation-adjdss&arpe ratio is given fa=12. Note
that when the return distribution exhibits positaetocorrelation, the fraction in (3.14)

will be less tham/12 (which it would be if the return series was i).dnd the regular
Sharpe ratio will be overestimated compared tariine (autocorrelation-adjusted) Sharpe

ratio.
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3.4.2.2. Modified Sharpe ratio

The autocorrelation-adjusted Sharpe ratio of L@®nly adjusts for autocorrelation in
the return distribution. But hedge fund returnsenftexhibit non-neglectable higher
moments as well (skewness and excess kurtosispjoGoe and Gueyie (2003) try to

account for this through their modified Sharpeaathich can be defined as follows:

 —R
“Modified SR” = R-R, (3.15)
MVaR

Where the modified Value-at-risk, MVaRs defined as:
1 2 1 3 1 3 2
MVaR =y —-|z. +=\z--1S +—\(z2 -3z K. ——1\2z° -5z _|S° |x O, 3.16
R lul |:c 6(c )I 24(c c) i 36( C C)I:l i ( )

Where,u, = asset’s drift term (often set to iR
z, = the critical value for probability (1e) with a standard normal distribution (-1.96 fo856

S = the skewness of asset
K; = the excess kurtosis of asgednd

o, = asset’s standard deviation.

The replacement of the standard deviation in tigellee Sharpe ratio with thiglVaR in
the modified Sharpe ratio means that skewness andsge kurtosis are taken into

account.

3.4.2.3. The Sortino ratio

The Sortino ratio developed by Sortino and Pric#94) is a performance measurement
with focus on downside risk. It replaces the staddbeviation in the Sharpe ratio with a

downside deviation measurement. This makes thanBoratio more appropriate when
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the returns are left-skewed (which often is theedas hedge funds). Algebraically, it can

be defined as:

R -MAR
DD,

Sorting = (3.17)

WhereMAR (Minimum Acceptable Return) for hedge funds ofieiset to either zero or
equal to the risk-free rate. The downside deviatidD, is estimated as the standard
deviation only for those returns in the series tuat below theMAR Algebraically, it

T

means thaDD, = \/%Z(Rt -~ MAR)’ if Ry < MAR The Sortino ratio does not account

t=0

for excess kurtosis or autocorrelation.

3.4.2.4. Omega

The Omega measure was introduced by Keating anddvwdtia (2002), and it
incorporatesall the moments of the return distribution. It makesassumptions on the
return distribution or the utility function of thavestor. Omega is expressed as the ratio
between the gain and loss with respect to a thiéshdequivalent taMAR in the Sortino

ratio). In continuous time it is defined as:

[L-F(R))
Q (L)=1+ (3.18)

J F(R)dR

Wherea andb are the return intervals aiqR) is the cumulative distribution of returns
below the thresholdl. De Souza and Gokcan (2004) have rewritten thedameeasure
for the discrete case:
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> Maxo.R;)

Q,(L)=-2 (3.19)

gMaX(Q\R;D

WhereR! (R;) is the return above (below) the threshbldt timet.

3.4.2.5. Kappa

The Kappa measure was first introduced by Kaplath kknowles (2004), and it is a
generalized downside risk-adjusted performance urea3he term “generalized” means
that it can become any risk-adjusted return meauorigh a single parameter It is

defined as follows:

K, (7); ST e (3.20)

YLPM, (7)),

Wherer is the investor’s minimum acceptable or threshietdrn (equivalent tMARin
the Sortino ratio oL in the Omega measure) andPM (7 i9 the M lower partial
moment with respect to the threshald K,(r) equals the Sortino ratio, arid, (7) +1

equals the Omega measure. THelower partial moment can be defined in two ways

(continuous and discrete time, respectively):

T

LPM,(7), = [(r-R)"dF(R) (3.21)

—00

LPM, (1), =%i Max(r - R, ,0)" (3.22)
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4. Data Description

In this chapter the data that are used in the gshe&si be presented. In addition possible

bias in the data sources for hedge funds will beereed.

4.1. Data used in thisthesis

The main data sources in this thesis are Bloombmmnd HedgeNordf€. From
HedgeNordic the monthly net-of-fee returns for thdividual Nordic hedge funds are
collected. The access to Bloomberg is obtainedutiitddnB NOR Asset Management.
From this database, assets under management (Adtthe time-series for different
MSCI indices are collected. The fund specific datad in chapter 9.3 are collected from

both Bloomberg and HedgeNordic.

The time-series returns for the American hedge fodites are collected from the Hedge
Fund Research (HFR) database. These indices are also net-ofdiee,recorded on a
monthly basis. Datastredfhis used to collect all the other necessary dagadifferent
stock and commodity indices and exchange rates.fatters SMB, HML and UMD
used in the Four Factor Model are collected frommné@h R. French’s home pdgend

are denoted in US dollars.

In order to better compare the returns from théedeht Nordic hedge funds (which are
noted in local currencies), the time-series retuans transformed into one common
currency. The same applies to the broad stock and Imarket indices. The choice of
this currency has fallen on the US dollar. The oeafor this is that it is the most

commonly used currency in the financial world, dhat the Nordic hedge funds will be

18 http://www.hedgenordic.com

7 http:/lwww.hedgefundresearch.com

18 http://www.thomson.com

19 http://mba.tuck.dartmouth.edu/pages/faculty/keméh/
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compared with American ones (which of course arethel in USD). In addition, all the
other factors used are also denoted in USD. Comesgiguthe conclusions reached in this
thesis are most directly applicable for an investtiose base currency is USD. The
consequences of this will be discussed in chaferThe exchange rates used are the
MSCI exchange rates.

When a result in this thesis is referred tostistically significantit is significant at a

5% level if nothing else is specifi&d

4.2. Possible biasin the data sources

Joining a hedge fund database is a good way toehgdur hedge fund (especially in
Norway where public marketing of hedge funds areatiowed). But this is also done on

a voluntary basis, and this means that the datalzawk their derived hedge fund indices
are not necessarily representative for the entiféqult to observe) hedge fund universe.

It is therefore useful to be aware of possible dsas the databases as a consequence of
this.

4.2.1. Self-selection bias

While regular mutual funds are required to disclthesr performance data to the public,
privately organized hedge funds are not. In addjtihe hedge fund managers decide
themselves what information they choose to protadie public. This is likely to create
a bias, a self-selection bias, because the chaisitte and performance of the reporting
funds may differ from those who do not report. Egample, small funds with a good
track record have a strong incentive to reporth® database in order to attract new

investors. The sample of hedge funds in the datsbestherefore not a true random

% The analyses are run in Microsoft Excel and thésttcal software STATA.
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sample of the whole population of funds (which ésided in statistical analyses), so one

should account for this when drawing inferencemftbe sample.

4.2.2. Survivorship bias

The survivorship bias is a frequently discussed mgprevious literature. A cause of the
bias is the fact that some funds are excluded fitmendatabases because they no longer
exist. This bias may lead the analyses to overdfae historical performance and
understate the historical risk. Because of funds the of poor performance are deleted

from the database.

Many databases have started to keep records of fdedd as well. This has made it
possible to estimate the survivorship bias. Mamgdiss have been conducted on this
topic, and the annual estimated biases (on averagen) range from 0.16% in
Ackermann, McEnally and Ravenscraft (1999) to 3.4#0dFung and Hsieh (1997b)

depending on the databases and sample period.

The database for Nordic hedge funds at HedgeNandlades dead funds, and they are
also included in this thesis. This reduces (if ebminates) the survivorship bias for

Nordic hedge funds.

4.2.3. Backfill bias

This bias occurs when funds that are joining a ltkeda are allowed to backfill their
performance data. The funds therefore get an instiatory even though they were not
part of the database in previous years. Some ds#apbke HFR, do not allow firms to

backfill their performance history. This eliminatie bias.

Some studies have also tried to estimate this ¢ydmas (Fung and Hsieh (2000, 2001)

and Barry (2003)). The annual estimated biasesyenage return) range from 1.2-1.4%.
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4.2.4. Database/sample selection bias

The selection of a database and/or sample of hieslgks for analysis may also create a
performance bias. The databases are different &ach other. Funds usually only report
to one or two databases, but rarely to all. Theshbapplies mostly to the American

databases (like HFR). For Nordic hedge funds thees not exist many databases, and
this thesis include all funds in the HedgeNordi¢abase (i.e. not a sample from the

database). This bias may therefore not be tharedoethis thesis.

4.2.5. Infrequent pricing and illiquidity bias

One final bias that may influence the results esftct that hedge fund managers have the
ability and tendency to “manage” their monthly asset value in order to smooth their
returns. This is according to Lhabitant (2006) ijsatarly a problem for hedge funds that
hold illiquid or difficult to price over-the-countesecurities (i.e. small cap stocks,
emerging market bonds or distressed assets), andSoonshore limited partnerships
since many of them value their own portfolio. Tihigy create autocorrelation in the
hedge fund returns. Analyses of the autocorrelatitinbe conducted in chapter 5 and in
chapter 8.2 the CAPM will be adjusted for this polesbias.
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5. Descriptive Statistics for Hedge Funds

In this first empirical chapter the descriptivetistigcs of individual Nordic hedge fund
returns will be briefly presented and discussedaddition, they will be compared to a
sample of American hedge fund indices as well asesgeneral stock and bond indices.

5.1. Previous studies

There have been conducted numerous internationdlest on the descriptive statistics
and performance of hedge funds. Most of them facué&merican hedge funds. Few, if

any, have focused on Nordic hedge funds.

Brooks and Kat (2002) use a sample of 48 diffefemerican hedge fund indices (from
different databases) over the period from Janu&351to April 2001 to examine the
statistical properties. They find that most of theices have relatively high mean return
and relatively low standard deviation compared ttlss and bonds. This would be a
clear violation of the market efficiency hypothesig had not been for the fact that their
hedge fund indices also exhibit a relatively lovewkess (i.e. negative) and high excess
kurtosis compared to stocks and bonds. That meaisfar hedge fund indices, large
negative returns are relatively more likely to acthan for stocks or bonds. Their sample
also shows a significant positive autocorrelatiorine hedge fund indices. This was not
the case for the stock and bond indices which higtke autocorrelation. Finally, they
found that fund of hedge funds, FOHF’s, had a lomean return than the average hedge
fund. This suggests that FoHF's does not add enwalyle to make up for the fees they
charge.

Kat and Lu (2002) examine the statistical propsrbé 376 individual American hedge

funds and 103 FoHF’'s in the period from June 19864 May 2001 (from the
CSFB/Tremont database). They look at fund propeft@n two different angles. Firstly,
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they calculate the cross-sectional average stalspiroperties for all individual funds
within a style. Doing this they get pretty much gaame results as Brooks and Kat (2002),
with low skewness (i.e. negative), high excess dgdist and high positive first-order
autocorrelation. Secondly, they calculate the progee for equally-weighted style-
portfolios. Then they get a substantial reductiothie standard deviations, which signal
low correlations and diversification benefits withfunds of the same style. The
skewness, on the other hand, is not diversifiedyamigen portfolios are formed. In fact it
becomes more negative. It appears that when oree does poorly, other funds in the
same sector does poorly as well. For most of thi#gdio the excess kurtosis decreases
and the positive first-order autocorrelation incesa Like Brooks and Kat (2002) they

also find that FOHF’s produces a lower mean retam the aggregate hedge fund index.

Frydenberg et. al. (2006) look at the 13 CSFB/Tneinasset-weighted indices over the
period from January 1994 to June 2005. Their resutire very much in line with the
previous studies. The indices often exhibit lowvshkess and high excess kurtosis in

addition to high autocorrelation.

5.2. Nordic Hedge Funds

Like Kat and Lu (2002), the statistical propertegsNordic hedge funds are analyzed in
two different ways. The first approach (panel Atalble 5.1) estimates the properties as
the cross-sectional average of all the individuahds’' properties, while the second
approach (panel B of table 5.1) estimates the ptiggeof an equally-weighted style

index.
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MONTHLY RETURNS

A: Individual funds Mean St.dev. Skewness EXx. kurtosis AR(1), % AR(1-3)Nrmality, %
Equities 1.47 3.61 0.21 -2.73 10.20 % 8.16 % 20.41 %
Fixed Income 0.98 3.11 0.03 -3.34 10.00 % 10.00 % 20.00 %
Multi Strategy 111 2.90 0.18 -2.97 15.38 % 7.69 % 15.38 %
Managed Futures 1.19 5.36 0.47 -2.70 33.33% 0.00 % 6.67
Fund of Funds 0.79 2.72 0.39 -2.55 0.00 % 10.34 % 13.79 %
Total 1.18 3.33 0.25 -2.76 9.35 % 8.41 % 17.76 %
B: Indices Mean St.dev. Skewness EXx. kurtosis AR(1) Q(3) Jarque-Bera
Equities 2.02 4.21 0.40 -1.74 0.28 11.82 19.16
Fixed Income 1.19 3.35 0.07 -3.48 -0.03 3.13 34.90

Multi Strategy 112 2.94 0.07 -3.15 0.01 3.43 44.78
Managed Futures 1.62 471 0.60 -2.99 0.25 7.89 34.49
Fund of Funds 1.03 2.90 0.91 1.84 0.09 3.06 35.14
Composite 1.45 2.72 0.32 -3.52 0.10 1.59 67.39

Table 5.1: Statistical properties of the returriesefor Nordic hedge funds in the period from
July 1996 to December 2006. AR(1) in panel A shales percentage of individual funds
which has a significant AR(1) coefficient, AR(1-8hows the percentage of funds with
significant Q(3)-statistic, and the last column whahe percentage of funds with normally
distributed returns. The three last columns in p&8nshow the AR(1), Q(3) and Jarque-Bera
coefficients for the style indices. Bold numberdigate significance.

Overall, one can see that all the means are pesifive means in both approaches should
have been the same if all the funds had been fivilne entire sample period. But this is
not the case, and that's the reason for the dewistin the means (within the styles).
Equities have the highest mean, while FoHF's hdneelowest. That is also what one
would expect considering the investment naturdnefstyles. The standard deviations are

all relatively low, perhaps with exception of Egest and Managed Futures.

It is interesting to notice the risk/return-relaship between FoHF's and the composite
index in panel B of table 5.1. FOHF’'s have a muaWdr mean return and a higher
standard deviation than the composite index. Thaualized Sharpe-ratid's(0.87 for
FoHF's and 1.45 for the composite index) show thdiversified portfolio of all hedge
funds have performed better than the average FdHIS. may indicate that the FoHF
managers do not add enough value to justify the feat they charge. This interesting

fact is also true for panel A.

% See appendix 1.
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When it comes to skewness and excess kurtosigithere is different from previous
studies. The average individual skewness’ are adlitire, which is not in line with
previous studies. All the individual excess kurtosed most of the index kurtoses are

negative. Again, this is not in line with previcstsidies.

Previous studies have also found significant autetation in hedge fund returns. That is
also the case for some of the Nordic funds. Multategy and Managed Futures are the
two styles with the most significant individual eabrrelation with about 15% and 33%,
respectively, of all individual funds. In additidboth the Equities and Managed Futures
indices (panel B) have significant first-order awtoelations of 0.28 and 0.25,

respectively. The composite index does not havgrafisant first-order autocorrelation.

A Ljung-Box (1978) test for the null hypothesis tladl of the first three autocorrelation
coefficients are jointly zero is also presentedainle 5.1. This Q-statistic shows that two
indices have to reject this null. For both Equiteesd Managed Futures only the first
autocorrelation coefficient out of the first thraee significantly different from zero, but

that is enough to reject the Ljung-Box null.

Finally, a Jarque-Bera (1987) test for normalitythie returns is presented in table 5.1.
This statistic rejects all the null hypotheses thatreturn distributions for the indices are
normally distributed. The range of individual fundgh normally distributed returns is
14-20%. These results do not come as a surprishadt more or less become an
established fact in academia that stock returnallysare not normally distributed, and

this especially holds for hedge fund returns witlugual third and fourth moments.

Table 5.2 presents the same statistics as in fab)éut now for a selection of stock and
bond indices. The means and standard deviationa@weoximately what one would
expect, perhaps with the exception that the meawl beturns seem a bit low. Almost all
indices exhibit negative skewness which is lowantfor hedge funds. This favors hedge
funds. Also all the excess kurtoses are negative tlaey are much the same as for hedge

funds (except for the FOHF index which has a pesitexcess kurtosis). Only the
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Handelsbanken Nordic index exhibits a significargtforder autocorrelation coefficient,
while none of the indices can reject the null hiyesis that all the first three
autocorrelation coefficients are zero. This is sehe different from hedge funds where
there is slightly more indications of autocorredat{especially for American funds). Like
the hedge funds, all of the stock and bond indaaesreject the null that the returns are

normally distributed. Again, this is not surprising

MONTHLY RETURNS
Mean  St.dev. Skewness Ex. kurtosis AR(1) Q(3) Jarque-Bera

Bonds:

Lehman Global -0.01 0.85 -0.54 -2.80 0.09 3.52 47.48
Lehman US Government -0.01 1.25 -0.69 -1.85 0.00 4.64 27.88
Handelsbanken Nordic -0.02 2.58 0.46 -2.23 0.16 3.93 30.65
Equities:

MSCI World 0.51 4.15 -0.78 -2.03 0.04 0.92 34.39
MSCI US 0.59 4.47 -0.61 -2.39 -0.01 0.85 37.80
MSCI Nordic 1.02 6.98 -0.40 -2.31 0.12 3.38 31.31

Table 5.2: Statistical properties of the returriesefor a selection of stock and bond indices in
the period from July 1996 to December 2006. Boldhbers indicate significance.

5.3. American Hedge Funds

In table 5.3 the same statistical properties dbBemrevious two tables are presented for a

sample of American hedge fund indices from the HeRbase.

The means and standard deviations are somewhat lbnae for Nordic hedge funds,
with one exception when it comes to the standawhtiens. The Short Selling index has
a larger standard deviation than all the other befignd indices (both Nordic and

American). This index also has the lowest mean.
The skewness of the indices varies a lot, but atdatf of them are in the order of -1 and

below. This is substantially lower than for Nordiedge funds. Those indices with

positive skewness are almost in the same ordesrdbd Nordic hedge funds. Half of the
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excess kurtoses are above zero and a few of thenalao very high. This is again

different from the Nordic hedge funds, but in lingh the other international studies.

All of the indices exhibit positive first-order aaorrelation and the majority of them are
significantly different from zero as well. Just abohalf of them also have a significant
Q-statistic, meaning that at least one of the fingee autocorrelation coefficients are
different form zero. Like Brooks and Kat (2002)ettwo indices with the highest first-

order autocorrelation coefficients are ConvertiBldbitrage and Distressed Securities.
Their explanation for this lies in the “difficultypr hedge fund managers to obtain up-to-
date valuations for their positions in illiquid amdmplex over-the-counter securities”
(Brooks and Kat, 2002). It looks like the Americhadge fund indices exhibit more

autocorrelation than their Nordic counterparts.

As for the Nordic hedge funds, almost all of the &iwan indices do not have normally
distributed returns according to the Jarque-Beadissics. Some of them are even far

from being so, and that is mostly due to a verynlagcess kurtosis.

Compared to the stock and bond indices in table &2 risk/return-relationship

(measured by the annualized Sharpe-ratio) is mattlerbfor most of the American hedge
fund indices if one only takes the mean and stahdawiation into account. The only
exception is the Short Selling index which doesyvaorly. The American hedge fund
indices also exhibit more dispersion in the skewrssd excess kurtosis numbers with
many being positive as well. In addition they arerenexposed to autocorrelation in the

returns in contrast to the stock and bond indices.
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MONTHLY RETURNS

Mean St.dev. Skewness EXx. kurtosis  AR(1) Q@3) Jarque-Bera
HFRI Convertible Arbitrage Index 0.75 0.98 -0.90 -0.67 0.49 36.73 19.35
HFRI Distressed Securities Index 0.96 1.58 -1.71 6.66 0.42 24.01 293.85
HFRI Emerging Markets (Total) 1.05 4.24 -1.09 249 030 12.92 57.44
HFRI Equity Hedge Index 1.07 2.65 0.37 -0.97 0.16 4.09 7.77
HFRI Equity Market Neutral Index 0.60 0.88 0.44 -1.87 0.00 .810 22.37
HFRI Equity Non-Hedge Index 1.02 4.19 -0.44 -2.54 0.13 3.96 37.79
HFRI Event-Driven Index 1.00 1.87 -1.36 2.60 0.26 9.03 74.35
HFRI Fixed Income (Total) 0.63 0.90 -1.26 1.81 0.29 14.45 50.45
HFRI Macro Index 0.81 1.88 0.47 -2.15 0.05 0.86 28.80
HFRI Market Timing Index 1.01 2.16 0.07 -3.61 0.01 1.23 68.43
HFRI Merger Arbitrage Index 0.74 1.09 -2.00 6.01 0.23 11.67 273.88
HFRI Regulation D Index 1.12 2.04 0.73 -0.74 0.33 21.74 14.07
HFRI Relative Value Arbitrage Index 0.76 0.91 -2.84 17.05 0.29 15.94 1694.94
HFRI Short Selling Index 0.31 6.06 0.27 -0.33 0.07 2.29 2.13
HFRI Fund of Funds Composite Index 0.66 1.71 -0.27 157 0.32 15.05 14.53
HFRI Fund Weighted Composite Index 0.88 2.09 -0.46 0.13 0.18 4.82 4.45

Table 5.3: Statistical properties of the returniesefor a sample of American hedge fund
indices in the period from July 1996 to Decembe&d®®Bold numbers indicate significance.
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6. Diversification Benefits from Hedge Funds

In the previous chapter it was established thatgleflinds had a relatively good
risk/return relationship compared to stocks anddsoithis is one of the advantages with
hedge funds. Another advantage is the diversiboalienefits which will be examined in
this chapter. The correlation coefficients betwdsedge funds (both Nordic and
American) and stock and bond indices will be cated for different market
environments. In addition the optimal number of geedunds in a portfolio will be

estimated based on the correlation between indiviNordic hedge funds.

6.1. Previous studies

Denver and Hutson (2006) uses 332 FoHF's over #mog from 1990 to 2003 to

examine their correlation to stock and bond indidéy find that hedge funds in general
exhibit relatively low correlation to stock indiceand that FoHF's have a lower
correlation than the hedge fund indices. For bomtces both FOHF's and hedge fund
indices have a relatively low correlation. Theyoafs\d some evidence of asymmetric
correlation. Hedge funds have a relatively larggedation with stocks in bear markets,

in contrast to bull markets.

Kat and Lu (2002) find that individual hedge furggmerally have a low correlation with
stock indices, but that this varies a lot betweam styles. The correlation with bond
indices tends to be closer to zero and vary inhenath the correlation with stocks.
When they combine the individual hedge funds indgmadly-weighted portfolios, the
correlation with both bonds and stocks increadeloks like portfolios tend to follow
the general stock and bond market more closely itndimidual funds. Finally, they find
that the correlations between individual hedge $uaict quite low. This may indicate that

there are major diversification benefits from conibg individual funds into portfolios.
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Brooks and Kat (2002) find that most of the hedgsdfindices exhibit low and typically
negative correlation with bonds, and a surprisinglyh correlation with stocks. These
results are supported by Fung and Hsieh (2002)clwhn addition find that the
correlation is in general lower for individual fundThis lead them to believe that by
increasing the number of hedge funds in a portfahe idiosyncratic, fund specific risk

was replaced by systematic market risk.

Caglayan and Edwards (2001a) study the asymmaeirielation for hedge funds in the
period from 1990 to 1998. Like Denver and HutsodO@) they find that the correlation
between hedge funds and the stock market incréa®esr markets and decreases in bull

markets.

Like Kat and Lu (2002), Anjilvel et. al. (2001) @irthat the average correlation between
individual hedge funds is quite low. They also msimulation to find out how many
hedge funds that are needed to capture the magiritye diversification benefits. If one

combines funds from all styles, 15-20 hedge fundsaeded.

6.2. Correlations with the stock and bond market

6.2.1. In general

Table 6.1 shows the correlation coefficients betwderdic hedge funds and 6 different
stock and bond indices for the whole sample pefiadly 1996 — December 2006). The
stock market is represented by three MSCI indit®sr{d, US and Nordic), while the

bond market is represented by Lehman Global Aggeefi@oad-based measure of the
global investment grade debt market), Lehman US réggie Government (non-

securitized component of the Lehman US Aggregatiex))y and the Handelsbanken
Nordic (equally-weighted portfolio of country spicibond indices). As in chapter 5 the

table is divided into two panels. Panel A meastinescorrelation to the stock and bond
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market for equally-weighted style indices, whilenpbB measures the individual cross-

sectional average correlation to the stock and lmoarket.

The correlation between Nordic hedge funds andtbek and bond market in table 6.1 is
generally low (with a few exceptions). This is vggod for diversification benefits. The
total average individual correlation to the stock marsearound 0.22-0.39 while the
correlation to the bond market is closer to zetwe Average individual correlations with
stocks are mostly higher than for the indices, eslg for Fixed Income and Managed
Futures. For bonds this is not the case. Themithexi correlations are mostly higher than
the average individual correlations, especially Fored Income and Managed Futures.
This indicates that creating portfolios of indivalinedge funds decreases the exposure to
stocks but increases the exposure to bonds. Oag fiery interesting observation in
table 6.1 is the relatively high correlation fof stiyles to the two Nordic indices — MSCI
Nordic and Handelsbanken Nordic. This may indidaeg the Nordic hedge funds are
more exposed to the Nordic stock and bond markets to other markets around the

world. This exposure will be further examined irapter 9.2.

. Lehman Lehman Handelsbanken
A: Indices MSClWorld - MSCIUS — MSCI Nordic 5, US Gov. Nordic
Equities 0.24 0.15 0.38 0.08 0.08 0.36
Fixed Income 0.10 -0.01 0.19 0.39 0.37 0.80
Multi Strategy 0.30 0.21 0.37 0.22 0.21 0.71
Managed Futures 0.01 -0.11 0.08 0.43 0.42 0.78
FoHF 0.42 0.37 0.46 0.15 0.13 0.18
Composite 0.32 0.24 0.44 0.24 0.23 0.55

. Lehman Lehman Handelsbanken
B: Individual funds MSCIWorld - MSCIUS — MSCI Nordic ) US Gov. Nordic
Equities 0.35 0.23 0.39 0.06 0.07 0.27
Fixed Income 0.24 0.12 0.26 0.26 0.25 0.48
Multi Strategy 0.34 0.22 0.39 0.08 0.07 0.37
Managed Futures 0.31 0.19 0.32 0.12 0.10 0.37
FoHF 0.42 0.25 0.45 0.06 0.05 0.23
Total 0.35 0.22 0.39 0.08 0.08 0.29

Table 6.1: Correlation coefficients between thefedént Nordic hedge fund styles and 6
different stock and bond indices for the whole skenperiod.

Table 6.2 shows the same correlation coefficieatsganel A of table 6.1, but now for
American hedge fund indices. Overall the indicehbilgix higher correlations with the
stock market than the Nordic hedge funds do. THg thmee styles with relatively low
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correlation to stocks are Convertible ArbitrageuigMarket Neutral and Short Selling

(negative). The correlation to the bond marketvisrall relatively low.

. Lehman Lehman Handelsbanken

MSCI World MSCIUS MSCI Nordic Global US Gov. Nordic
HFRI Convertible Arbitrage Index 0.25 0.24 0.22 0.01 0. -0.07
HFRI Distressed Securities Index 0.52 0.45 0.43 -0.09 130 -0.02
HFRI Emerging Markets (Total) 0.68 0.61 0.61 -0.16 -0.20 -0.11
HFRI Equity Hedge Index 0.74 0.69 0.72 -0.10 -0.12 -0.03
HFRI Equity Market Neutral Index 0.15 0.12 0.16 0.04 0.1 -0.02
HFRI Equity Non-Hedge Index 0.83 0.79 0.75 -0.12 -0.17 .010
HFRI Event-Driven Index 0.72 0.66 0.64 -0.12 -0.18 -0.05
HFRI Fixed Income (Total) 0.44 0.39 0.41 0.09 0.02 0.03
HFRI Macro Index 0.44 0.38 0.45 0.18 0.16 0.14
HFRI Market Timing Index 0.72 0.67 0.71 -0.03 -0.05 0.00
HFRI Merger Arbitrage Index 0.53 0.49 0.49 -0.09 -0.11 .070
HFRI Regulation D Index 0.33 0.32 0.39 -0.12 -0.11 -0.11
HFRI Relative Value Arbitrage Index 0.47 0.46 0.39 0.0 -0.04 -0.10
HFRI Short Selling Index -0.73 -0.70 -0.68 0.15 0.16 0.00
HFRI Fund of Funds Composite Index 0.61 0.55 0.62 -0.05 -0.08 -0.09
HFRI Fund Weighted Composite Index 0.77 0.72 0.73 -0.10 -0.13 -0.04

Table 6.2: Correlation coefficients between Amaritedge fund styles and 6 different stock
and bond indices for the whole sample period.

6.2.2. In bull market

Table 6.3 shows the same correlations as tableb@tinow only when the Nordic stock
market is bull. The definition used for a bull mefrks when the MSCI Nordic index has a

positive monthly return, which consists of arou@46of all months in the sample.

Overall the correlations with the stock market mu@stly lower in a bull market than for
the whole sample period. The correlation with tbadmarket is slightly higher in a bull
market with the exception for the Handelsbankendiomdex. The correlations to the
stock market are generally higher for the averaghvidual fund than for the indices,
while the opposite is true for the correlationshaihe bond market. Portfolios of hedge
funds in bull markets decrease the exposure tkstslightly and increase the exposure

significantly to bonds.
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. Lehman Lehman Handelsbanken
A: Indices MSCIWorld - MSCIUS — MSCI Nordic 5, ) US Gov. Nordic
Equities 0.12 0.06 0.25 0.09 0.11 0.27
Fixed Income 0.11 -0.06 0.08 0.46 0.46 0.78
Multi Strategy 0.06 -0.04 0.11 0.22 0.22 0.65
Managed Futures 0.07 -0.14 -0.02 0.53 0.54 0.81
FoHF 0.20 0.14 0.38 0.26 0.24 0.13
Composite 0.17 0.10 0.27 0.29 0.28 0.47

. Lehman Lehman Handelsbanken
B: Individual funds MSCIWorld — MSCIUS — MSCI Nordic 5,y US Gov. Nordic
Equities 0.29 0.06 0.33 0.07 0.09 0.24
Fixed Income 0.25 0.00 0.20 0.32 0.30 0.48
Multi Strategy 0.25 0.02 0.29 0.03 0.02 0.31
Managed Futures 0.30 0.07 0.28 0.16 0.14 0.37
FoHF 0.31 -0.01 0.33 0.05 0.07 0.18
Total 0.29 0.03 0.31 0.09 0.10 0.26

Table 6.3: Correlation coefficients between thefed#gnt Nordic hedge fund styles and 6
different stock and bond indices during bull stockrkets.

Table 6.4 shows the correlations for American hedge indices in a bull market. Now
the definition of a bull market is when the MSCI W8ex has a positive monthly return.
Most of the correlations between the hedge funecesdand the stock indices decrease in

bull markets, while there is little change in tlogrelations to the bond market.

. Lehman Lehman Handelsbanken

MSCI World MSCIUS MSCI Nordic Global US Gov. Nordic
HFRI Convertible Arbitrage Index 0.32 0.29 0.20 0.14 00.1 -0.07
HFRI Distressed Securities Index 0.18 -0.04 0.23 -0.04 0.09 -0.07
HFRI Emerging Markets (Total) 0.34 0.15 0.40 -0.19 -0.24 -0.22
HFRI Equity Hedge Index 0.48 0.38 0.47 -0.11 -0.09 -0.05
HFRI Equity Market Neutral Index 0.08 0.11 0.10 -0.02 13. -0.13
HFRI Equity Non-Hedge Index 0.59 0.45 0.51 -0.14 -0.15 000.
HFRI Event-Driven Index 0.38 0.20 0.38 -0.06 -0.10 0.00
HFRI Fixed Income (Total) 0.00 -0.08 0.18 0.17 0.11 -0.04
HFRI Macro Index 0.21 0.13 0.28 0.11 0.09 -0.04
HFRI Market Timing Index 0.59 0.42 0.50 -0.17 -0.15 -0.04
HFRI Merger Arbitrage Index 0.22 0.14 0.12 0.10 0.12 0.05
HFRI Regulation D Index 0.22 0.22 0.21 -0.04 0.02 -0.12
HFRI Relative Value Arbitrage Index 0.19 0.15 0.09 0.11 0.14 -0.10
HFRI Short Selling Index -0.53 -0.45 -0.46 0.18 0.19 0.03
HFRI Fund of Funds Composite Index 0.25 0.14 0.41 -0.04 -0.05 -0.21
HFRI Fund Weighted Composite Index 0.49 0.35 0.50 -0.10 -0.10 -0.09

Table 6.4: Correlation coefficients between Amaritedge fund styles and 6 different stock
and bond indices during bull stock markets.
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6.2.3. In bear market

Table 6.5 shows the correlations between Nordigéddnds and stock and bond indices
during a Nordic bear stock market. The definitidnacbear market is when the MSCI

Nordic index has a negative monthly return.

In bear markets the correlations (both for indirgdtunds and the indices) to the stock
market decrease substantially compared to the wéanieple period, and even become
slightly negative for some styles. This is very da®ws for the Nordic hedge funds, as it
is a good thing to be little correlated to a bearkwat. This is not in line with previous
studies for American hedge funds. When it comesbadads the correlations with

individual funds mostly increase.

The correlations with stocks are roughly in the sedrallpark, or perhaps slightly higher,
for hedge fund indices than for the average indialchedge funds. The correlations with
bonds are on average higher for indices. In beaketgthe creation of portfolios will

increase the exposure to stocks slightly and saamifly to bonds.

. Lehman Lehman Handelsbanken
A: Indices MSCIWorld ~ MSCIUS  MSCI Nordic 5, ) US Gov. Nordic
Equities -0.20 -0.28 0.00 0.18 0.26 0.50
Fixed Income -0.22 -0.36 0.17 0.35 0.33 0.84
Multi Strategy 0.14 0.09 0.27 0.38 0.40 0.81
Managed Futures -0.28 -0.39 -0.07 0.37 0.35 0.74
FoHF 0.35 0.32 0.24 0.10 0.15 0.18
Composite -0.01 -0.07 0.10 0.35 0.41 0.72

. Lehman Lehman Handelsbanken
B: Individual funds MSCIWorld — MSCIUS — MSCI Nordic ) US Gov. Nordic
Equities -0.08 -0.13 -0.03 0.10 0.13 0.30
Fixed Income -0.12 -0.13 -0.04 0.00 0.08 0.31
Multi Strategy 0.02 -0.10 0.14 0.28 0.30 0.39
Managed Futures 0.26 0.24 0.24 0.16 0.18 0.36
FoHF 0.01 -0.05 0.01 0.13 0.13 0.24
Total -0.03 -0.08 0.02 0.12 0.15 0.30

Table 6.5: Correlation coefficients between thefed#gnt Nordic hedge fund styles and 6
different stock and bond indices during bear stoekkets.

Table 6.6 shows the correlations for American hefdgel indices in a bear market. The

definition of a bear market is when the MSCI USerdhas a negative monthly return. As
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for the correlations in a bull market (table 6.H¢ tcorrelations between the hedge fund
indices and the stock indices in a bear marketedses mostly. But the decrease is not as
large as in a bull market. This means that the éddgd indices tend to follow the stock
market more in a bear market than in a bull markeg that is not good news for

American hedge fund indices. A slight majority bétcorrelations with the bond market

also decrease in a bear market.

. Lehman Lehman Handelsbanken

MSCI World MSCIUS MSCI Nordic Global US Gov. Nordic
HFRI Convertible Arbitrage Index 0.16 0.15 0.15 -0.14 10 -0.05
HFRI Distressed Securities Index 0.51 0.51 0.30 -0.14 100 0.09
HFRI Emerging Markets (Total) 0.66 0.58 0.45 -0.14 -0.08 0.07
HFRI Equity Hedge Index 0.61 0.51 0.63 -0.09 -0.02 0.11
HFRI Equity Market Neutral Index 0.16 0.06 0.18 0.14 7.1 0.12
HFRI Equity Non-Hedge Index 0.69 0.62 0.62 -0.15 -0.10 130.
HFRI Event-Driven Index 0.64 0.59 0.48 -0.20 -0.19 0.01
HFRI Fixed Income (Total) 0.61 0.52 0.37 0.01 -0.02 0.23
HFRI Macro Index 0.33 0.19 0.34 0.36 0.43 0.49
HFRI Market Timing Index 0.35 0.22 0.52 0.21 0.29 0.22
HFRI Merger Arbitrage Index 0.51 0.47 0.51 -0.24 -0.23 .10
HFRI Regulation D Index 0.17 0.14 0.35 -0.22 -0.18 -0.06
HFRI Relative Value Arbitrage Index 0.40 0.42 0.33 D.1 -0.13 -0.06
HFRI Short Selling Index -0.53 -0.48 -0.52 0.16 0.04 40.1
HFRI Fund of Funds Composite Index 0.59 0.48 0.53 -0.05 0.01 0.12
HFRI Fund Weighted Composite Index 0.68 0.59 0.61 -0.11  -0.05 0.11

Table 6.6: Correlation coefficients between Amaritedge fund styles and 6 different stock
and bond indices during bear stock markets.

6.2.4. During financial crises

Hedge funds are said to be supposed to protedt ptwtfolios against downside risk due
to their low correlation with stocks. This seemsaork reasonable well in regular bear
markets, but what happens when the overall finhmegakets are suffering from a major
financial crisis? Table 6.7 estimates the correfeticoefficients between Nordic hedge
funds and the stock and bond market during 4 majernational financial crises. These

crises are (months used in the estimation are ptedén parenthesis):
- The Asian crisis in 1997 (May — December).

- The Russian crisis in 1998 (May — December).
- The burst of the Dot Com bubble in 2000 (March €&mber).
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- The September fMterror attack in 2001 (September — November).

This sample is relatively small, consisting of o9 months and 17 individual hedge

funds. This may lead to somewhat spurious reswitsch must be interpreted with

caution.

During financial crises the correlations betweedividual hedge funds and the stock
market are mostly negative except for Multi Strgteqd FoHF. The latter has a very
high positive correlation which is not good, bustlstimate is only based on three hedge
funds so the result may be subject to some unogytdtor indices, on the other hand, the
correlation to the stock market is mostly positexeept for Fixed Income and Managed
Futures. Again FoHF's have a relatively high pesiticorrelation. The correlation
between Nordic hedge funds (both individual anddesl) and the bond market is mostly
positive during financial crises, perhaps with éxeeption of FOHF’'s and Equities. It is
also very high (and positive) for Fixed Income aidnaged Futures. All in all, it may
seem like it is an advantage to keep (the average)idual hedge funds in stead of well
diversified portfolios of hedge funds during a fucaal crisis (since individual
correlations are mostly negative and FoHF does amrly). These results should be
viewed with some caution due to a small samplaunfi$ and observations per fund. The

correlation coefficient between the Fixed Incoméeix and the Lehman US Government

index is onlyapproximatelyequal to 1, not exactly 1 (rounding error).

. Lehman Lehman Handelsbanken
A: Indices MSCIWorld -~ MSCIUS  MSCI Nordic Global US Gov. Nordic
Equities 0.12 -0.01 0.26 -0.11 -0.08 0.33
Fixed Income -0.67 -0.77 -0.41 0.96 1.00 0.99
Multi Strategy 0.15 0.10 0.24 0.31 0.34 0.73
Managed Futures -0.21 -0.37 0.13 0.54 0.56 0.96
FoHF 0.60 0.61 0.51 0.10 0.08 -0.07
Composite 0.27 0.20 0.36 0.27 0.27 0.55

. Lehman Lehman Handelsbanken
B: Individual funds MSCIWorld -~ MSCIUS  MSCI Nordic Global US Gov. Nordic
Equities -0.26 -0.32 -0.25 0.29 0.41 0.56
Fixed Income -0.58 -0.69 -0.33 0.92 0.95 0.94
Multi Strategy 0.23 0.15 0.36 0.27 0.33 0.73
Managed Futures -0.29 -0.43 0.01 0.78 0.77 0.93
FoHF 0.70 0.71 0.52 -0.08 -0.07 -0.14
Total -0.11 -0.18 -0.04 0.37 0.44 0.59

Table 6.7: Correlation coefficients between thefedént Nordic hedge fund styles and 6
different stock and bond indices during major ficiahcrises.
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Table 6.8 shows the same correlations as tableb&t7only for American hedge fund
indices. The correlations with the stock market@reaverage very high which indicates
that if a major financial crisis occurs, many hedgeds will also do poorly. The only
exception is the Short Selling index, which of gairs highly negatively correlated as it
makes money when the stock market drops. The ediwelwith the bond market also

increases a bit for most of the hedge fund indibasthey are still close to zero.

. Lehman Lehman Handelsbanken

MSCI World MSCIUS MSCI Nordic Global US Gov. Nordic
HFRI Convertible Arbitrage Index 0.46 0.46 0.43 -0.20 .20 -0.30
HFRI Distressed Securities Index 0.65 0.62 0.67 -0.22 .200 -0.18
HFRI Emerging Markets (Total) 0.80 0.75 0.75 -0.13 -0.17 -0.06
HFRI Equity Hedge Index 0.82 0.80 0.70 0.00 0.04 0.14
HFRI Equity Market Neutral Index 0.29 0.31 0.29 0.05 0.1 -0.04
HFRI Equity Non-Hedge Index 0.87 0.85 0.75 -0.08 -0.04 070.
HFRI Event-Driven Index 0.81 0.76 0.77 -0.11 -0.15 -0.01
HFRI Fixed Income (Total) 0.41 0.37 0.53 0.06 0.04 -0.13
HFRI Macro Index 0.50 0.44 0.58 0.32 0.32 0.15
HFRI Market Timing Index 0.75 0.68 0.68 -0.04 -0.04 0.06
HFRI Merger Arbitrage Index 0.65 0.64 0.57 -0.14 -0.20 .080
HFRI Regulation D Index 0.53 0.55 0.44 0.04 0.05 -0.01
HFRI Relative Value Arbitrage Index 0.57 0.58 0.51 0.1 -0.09 -0.12
HFRI Short Selling Index -0.78 -0.77 -0.63 0.16 0.04 0.1
HFRI Fund of Funds Composite Index 0.70 0.66 0.68 0.06 .06 0 -0.05
HFRI Fund Weighted Composite Index 0.85 0.82 0.77 -0.06 -0.04 0.03

Table 6.8: Correlation coefficients between Amaritedge fund styles and 6 different stock
and bond indices during major financial crises.

6.3. Optimal number of Hedge Fundsin a portfolio

One of the things discovered in section 6.2 wasdha could reduce the correlation with
the stock market if one invested in portfolios adrtlic hedge funds instead of individual
funds. This leads to the question of how many iitdial hedge funds that are needed to
create an optimal risk-adjusted portfolio. This elegls on the correlation between the
individual Nordic hedge funds. Table 6.9 shows ¢hess-sectional average correlations
between and within the different styles. As one e, the correlations vary a lot from as
low as 0.11 to as high as 0.65. These relativadh laorrelations may suggest that many
of the hedge funds are exposed to the same maskst This topic will be examined

later in this thesis. But there may still be sonmeexbification benefits of combining
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individual hedge funds into portfolios. To find dadbw many is needed, a Monte Carlo

simulation will be conducted.

Equities Fixed Income Multi Strategy  Managed Futures FoHF
Equities 0.57 0.57 0.57 0.52 0.61
Fixed Income 0.64 0.58 0.54 0.57
Multi Strategy 0.55 0.11 0.27
Managed Futures 0.44 0.20
FoHF 0.65

Table 6.9: Cross-sectional average correlationsdsst individual Nordic hedge funds.

The Monte Carlo simulation is run as follows. Farcle number of hedge funds in a
portfolio a thousand simulations are performed. Trddvidual hedge funds are drawn
randomly from the entire sample of Nordic hedgedfuwith exception of FoHF's. Figure
6.1 shows the range of returns for portfolios cetnsg of from one through to 30
individual hedge funds. As one can see, the rarigeetarns is getting tighter as the
number of funds in the portfolio increases. Fromuad 17-18 funds in the portfolio the
range of returns is quite stable. Table 6.10 shdved the annualized Sharpe ratio
increase as the number of funds in the portfolavease, but also this becomes somewhat
stable from around 15 funds and outwards. Thesdtsesan therefore be interpreted in
the way that 17-18 hedge funds are needed to casatgtimal risk-adjusted portfolio.
This is consistent with Anjilvel et. al. (2001) whHound that 15-20 hedge funds are
needed.

There are two more observations in figure 6.1 ikatvorth mentioning. Firstly, the
interquartile range is very stable and close tontieelian. Secondly, there are indications
of positive skewness in all ranges, especially ther lower numbers of funds. These
observations may be interpreted in the way thatrisle in hedge fund portfolios are

relatively low and stable, and that most of th& aee at the upper side.

Number of hedge funds in the portfolio
1 5 10 15 20 30
Annualized Sharpe 0.95 1.05 1.09 1.12 1.15 1.22

Table 6.10: Annualized Sharpe ratios for portfolammnsisting of from 1 to 30 individual
hedge funds.
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Monthly mean return of portfolio
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Figure 6.1: The range of returns from the Montel@simulations for different number of
individual Nordic hedge funds in the portfolio.
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7. Performance Measurement

Chapter 5 showed that the descriptive statistiesbfith Nordic and American hedge
funds were pretty good. Figure 7.1 illustrates tbisirn and risk relationship. As one can
see, the hedge fund indices have clearly outpeddriieir respective stock indices
(MSCI World and MSCI Nordic). In addition the heddend indices have had a
relatively stable development through time, indiggtlow risk (somewhere between

stock and bond risk).
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Figure 7.1: Graph showing the performance of hefdgds and the stock and bond market.
(July 1996 =100)

To further investigate this risk-return relationshthis chapter will focus on thesk-
adjusted performance of Nordic and American hedge fundsis ™ill be done by
estimating the different absolute performance messeants presented in chapter 3.4, and

comparing these to different stock, bond and comiyautlices.

Previous studies like Kaplan and Knowles (2004)crBann and Scholz (2003),
Gregoriou and Gueyie (2003) and Liang (2003) alligate that the traditional Sharpe
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ratio is not a good measure for risk-adjusted parémce when the return distribution

exhibits negative skewness, positive excess kugrimsd/or positive autocorrelation. The

need for a more robust measurement is apparente $brmese have been presented in
chapter 3.4.2. But according to Gehin (2004) theudtentation of these measurements
are still a bit weak, and this should be kept imagnivhen they are used.

7.1. Hedge Funds vs. Stocks

In this first subchapter the performance of Nordi@d American hedge funds will be
commented and compared with some stock indiceseigig 1, panel A through C,
contains the estimated performance measures faditNand American hedge funds. In
panel A the measures are the cross-sectional av@fagll the individual Nordic hedge
funds, while in panel B and C the measures aredbaseNordic and American style
indices, respectively.

The annualized Sharpe ratio for the Nordic hedgelsuange from around 0.62 to 1.45.
The composite index has an annualized Sharpe o&tlb45. The range for American
hedge funds is from 0 to around 1.7, and with an@FWeighted) composite index Sharpe
ratio of 0.94 which is substantially lower than therdic composite index. The Nordic
hedge funds seem to outperform the American onigbtisl. The best Nordic style

according to the Sharpe ratios is the Equitieestyl

The annualized Treynor ratios for Nordic and Amanidedge funds are very large in
absolute terms. This is due to the fact that mb#tehedge funds have a beta coefficient
close to zero. The range for Nordic hedge fund®ughly from -10 to 1,090, while for
American hedge funds the range is a lot smallenfesound O to 110. The high Treynor
ratio of the Managed Futures index is due to tetfaat the beta coefficient of this index
is only 0.014. The ratios for the composite Normcl American indices are about 65 and
18, respectively. The Treynor ratio indicates tinat Nordic hedge funds outperform the

American ones.
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The last traditional performance measurement, #rseh’s Alpha, reports annualized
estimates of around 5.3 to 19.9 percent for Noldidge funds and around 2.5 to 8.0
percent for American funds. The MSCI Wdfldndex (denoted in USD) is used as a
proxy for the market model in the CAPM and theraation of alpha (and beta for the
Treynor ratio). The Nordic composite index produ@es annualized alpha of 13.2
percent, while the American counterpart “only” puods 5.9 percent. Yet again the

Nordic funds outperform the American funds.

The autocorrelation-adjusted Sharpe ratios for ¢hess-sectional average individual
Nordic hedge funds are all higher than their reg@aarpe ratios (except for Fixed
Income). This should, according to Lo (2002), iadéc that there is relatively little
significant positive autocorrelation for the averagaedividual hedge fund (positive
autocorrelation can lead to overestimation of the Sharpe, i.e. the regular Sharpe ratio
would be higher than the autocorrelation-adjustédrfe if positive autocorrelation
exists). That is consistent with the relatively Inaction of individual autocorrelations
documented in panel A of table 5.1. At tinelex level of Nordic hedge funds, only the
Equities index has a lower autocorrelation-adjusédrpe ratio than its regular Sharpe
ratio. This indicates that there might exist sig@iht positive autocorrelation in this
index. Again this is backed up by the autocorretagstimate of table 5.1 (panel B). For
the American hedge fund indices most of them exHdwer autocorrelation-adjusted
Sharpe ratios, which indicate that relatively mangices have significant positive
autocorrelation. This is also consistent with tegneates of table 5.3 where 11 out of 16

indices exhibits significant autocorrelation.

The modified Sharpe ratios of both Nordic and Areani hedge funds are all lower than
the regular Sharpe ratios. This is not surprisirgghce the estimates in table 5.1 and 5.3
indicate that most of the hedge funds exhibit neglectable skewness and excess
kurtosis. According to Gregoriou and Gueyie (20083 leads to overestimation of the

true Sharpe ratio.

2 The reason why this index is used as a proxyaastd i.e. MSCI Nordic or MSCI US, is that this &d
covers both the Nordic and American markets. Shhaelic and American hedge funds will be compared,
the use of the same index is preferable.
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The range of the annualized autocorrelation-adjusd@arpe ratios for Nordic and
American hedge funds is 0.5-1.5 and 0-1.4, respalgti For the modified Sharpe ratio
the ranges are 0.3-0.7 and 0-0.7, respectively.eBlimates for the composite indices are

also better for the Nordic hedge funds for bothgfarmations of the Sharpe ratio.

The three last performance measurements, the 8adtio, the Omega and the Kappa,
are all somewhat related. The Sortino ratio haveenfocus on downside risk (or
negative skewness), the Omega can be interpretadaa® between upside potential and
downside risk, while the Kappa (with n=3) is moreeahnical measure with no easy
interpretation. Common for them all is that thegy aery much alike for Nordic and

American hedge funds.

In panel D of appendix 1, the same performance ureagents for 8 different stock
indices are presented (all denoted in USD). Fogioral indices (World, US, Europe and

Nordic), and the same four expressed for smallstagks only.

The first point worth noticing in panel D is thaetannualized Sharpe ratios for the stock
indices are significantly lower that for the hedgeds (both Nordic and American). The
highest Sharpe ratio for the stock indices is tf&VINordic Small Cap with 0.61. There
are only three estimates of the Sharpe ratiosddgé funds that are lower than that. The
Treynor ratios for the stock indices range from2149, which also is substantially lower
than for hedge funds. The estimates for Jensenphalfor the stock indices are

somewhat lower than those of the hedge funds wittmge of 0-8.9.

By only looking at the traditional performance maasnents, the Nordic and American
hedge funds seem to outperform general stock iadiBet the interesting question is
whether this is due to the fact that hedge fundrnst exhibit positive autocorrelation and
non-neglectable skewness and excess kurtosis.arbycthis it is useful to look at the
more modern measurements (from chapter 3.4.2) wadgist for this. But unfortunately
for the stock indices this does not help. Theystittoutperformed by hedge funds. The

highest estimates of the modern measures for tiek shdices are only strictly higher
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than a few hedge fund estimates — mainly for th&H&hort Selling and HFRI Emerging
Markets indices.

In appendix 2 the Spearman’s rank correlation cdeffts between all the performance
measures are presented. These coefficients showothelation between the rankings of
the indices/averages within a panel based on tfferelt performance measures. A
coefficient of 1.0 indicates that the two perforrm@ameasurements in question rank the

indices/averages in the same way.

Mean Std.error t-statistic P-value
Panel A: Average individual hedge fund (Nordic) 0.53 0.09 -4.90 0.0000
Panel B: Hedge fund indices (Nordic) 0.59 0.07 -5.13 0.0000
Panel C: Hedge fund indices (American) 0.55 0.06 -6.70 0.0000
Panel D: Stock indices 0.95 0.01

Table 7.1: Results of a two-sample t-test for tiiekence between the average Spearman’s
rank correlation coefficients for hedge funds atuttlss in appendix 2.

Table 7.1 shows the average correlation coeffisiaitpanel A-D of appendix 2. The
average coefficients for hedge funds range betweB8 and 0.59 and for stocks the
average is 0.95. All the averages are statistidaggifferent from 1.0 which indicates that
there exists some difference in the rankings betwéee different performance
measurements. The relatively low averages for hddgds indicate that the rankings
based on the different performance measurementsare inconsistent. For stocks on
the other hand, the rankings are more consistaedic@ted by a relatively high average
correlation coefficient). This can be interpretadhe way that the choice of performance
measure is more important for hedge funds sincg theduce relatively different
rankings. This is also consistent with the factttheedge funds exhibit more
autocorrelation, skewness and excess kurtosis dtwaks (chapter 5) and has therefore
more use for more alternative and modern measunsimBme t-statistics and the p-values
for the hedge fund averages indicate that theyadlrstatistically different from the
average for stocks.

60



Behind the Hedge

7.2. Hedge Funds vs. Bonds

Panel E of appendix 1 show the performance measmsnfor four different bond
indices — one global, two US and one Nordic. Thedidoindex is an equal-weighted
average of the indices Handelsbanken Norway, SweBertand and Denmark (all
denoted in USD).

The first point to notice is that all the Sharpgas (both regular and adjusted/modified)
and Jensen’s Alpha are negative. This is due tdabethat the four indices all have
lower average periodic return than the risk free.r&his is somewhat unusual, but is

probably a result of the selection of sample tiragqul.

The autocorrelation-adjusted Sharpe ratios of bawdsall close to the regular Sharpe,
which indicates that autocorrelation is not a peablfor bond returns. This is more or
less confirmed by table 5.2 where only the Handelkbn Nordic index exhibit
significant autocorrelation. When it comes to thedified Sharpe ratios they are all
higher than their regular counterpart, which shosiugjgest that bond returns are not
normally distributed. Again this is confirmed bypla5.2.

All the Omega measures are close to 1.0 which eamterpreted in the way that the

upside potential and downside risk in the bonddesliare pretty much the same.

When the performance measures for bonds are cothfrathose of hedge funds, a pretty
clear picture arises. All the measures are by farses for bonds than for hedge funds.
The only small exception may be the Treynor rafimsbonds which sometimes are
slightly better than those of American hedge funds.

Mean Std.error t-statistic P-value
Panel A: Average individual hedge fund (Nordic) 0.53 0.09 0.35 0.7286
Panel B: Hedge fund indices (Nordic) 0.59 0.07 0.86 0.3947
Panel C: Hedge fund indices (American) 0.55 0.06 0.57 0.5755
Panel E: Bond indicies 0.48 0.11

Table 7.2: Results of a two-sample t-test for tiffeence between the average Spearman’s
rank correlation coefficients for hedge funds andds in appendix 2.
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Table 7.2 show the same statistics as table 7.i,nbw the average hedge fund
correlations are compared with the average rankeladions for the bond market. The
average Spearman’s rank correlation coefficientfonds is 0.48 and is statistically
different from both stocks and the value 1.0. Thlatively low average indicates that the
choice of performance measure may make a differéocehe ranking of the bond
indices. The t-statistics and p-values in tablesh@w that none of the three average rank

correlations for hedge funds are statisticallyatiéit from the bond average.

7.3. Hedge Funds vs. Commodities

Panel F of appendix 1 show the performance of fér@iit commodity indices. There are
one overall commodity index and 6 specific indioggresenting crude oil, gold, energy,

aluminum, copper and natural gas.

The annualized Sharpe ratios range from 0.0 toMtld crude oil and energy being the
best performers. But every index performs worsen thth hedge funds except for the
American HFRI Short Selling index. The Treynoiligatand the Jensen’s Alphas are also
worse for commodities, but only slightly.

The autocorrelation-adjusted Sharpe ratios forcdramodity indices are very similar to
those of the regular Sharpe. This indicates Igitgificant autocorrelation in the returns.
As for the regular Sharpe ratios these adjustedsratre all lower for commodities than
for hedge funds with exception of a few indices. &Nt comes to the modified Sharpe
ratio, these estimates are all lower than theiulagcounterparts. Some skewness and
excess kurtosis can therefore be expected in thunralistribution for commodities.
Compared to hedge funds these ratios are mostlgridav commodities. The three last

measures are also all mostly lower for commoditias for hedge funds.
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Mean Std.error t-statistic P-value
Panel A: Average individual hedge fund (Nordic) 0.53 0.09 -1.31 0.2019
Panel B: Hedge fund indices (Nordic) 0.59 0.07 -0.81 0.4262
Panel C: Hedge fund indices (American) 0.55 0.06 -1.33 0.1946
Panel F: Commodities 0.67 0.07

Table 7.3: Results of a two-sample t-test for tiieence between the average Spearman’s
rank correlation coefficients for hedge funds aathmodities in appendix 2.

Table 7.3 shows the same statistics as table ‘H17&) but now the hedge funds are
compared with commodities. The average Spearmaarsk rcorrelation coefficient
between different performance measurements for cmgiittes is 0.67, which lies in
between the averages for stocks and bonds. Thmagstis significantly different than
1.0 which indicates that the different measuresndiact rank differently. The relatively
low average coefficient for commodities means thatchoice of performance measure is
important. Again, none of the average Spearmam’k carrelation coefficients for hedge

funds is statistically different from the average éommodities.
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8. Can Hedge Fund Returns be Explained by Asset Ring

Models ?

The focus of this chapter will be to test if sonsset pricing models can explain the
return of Nordic hedge funds. The asset pricing @edthat will be used is the CAPM,
the adjusted CAPM, the Four Factor Model, an Expincacro-factor model and an

Implicit factor model.

8.1. The CAPM

First out is the traditional CAPM. It has long be@ought that this model describes the
return of traditional assets relatively well. Batthe recent decade or so, much research
has been published that questions the model. Ittmengfore be interesting to see if this

also applies to Nordic hedge funds.

To test the CAPM, the Market Model in equation J3i¥ used. The parameters are
estimated via an OLS regression, and the errorsera assumed to be i.i.d. The most
important issue when testing the CAPM, is the ohat proxy for the market portfolio.
In theory it should be an asset-weighted portfobasisting of every asset in the market.
Such a portfolio is very difficult to obtain (if hanpossible) and therefore a broad index
is used as a proxy. But there exist many “broadlides, and it also depends on the
investment universe of the funds in question. Is thesis the MSCI Nordic (denoted in
USD) will be used as a proxy. The reason for thithat the funds in question are Nordic
even though many of them invest in markets outideNordic region. But the choice of
either MSCI World or MSCI Europe would not have maduch difference. Appendix 3
shows the distribution of alphas under the threexips. Although they produce
somewhat different distributions and means, thel &l have significant alphas on

average.
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Table 8.1 shows the different model statistics stsrated by the CAPM. The alphas
should be zero if CAPM is a good model for desagftihe return of Nordic hedge funds.
For the equally-weighted composite index (of heflgels), the monthly alpha is just
over 1%. The p-value shows that this alpha is (fjgstatistically different from zero.
The cross-sectional average alpha of all indivicheadge funds is 0.39%, and also this is
statistically different from zero. Table 8.1 aldwws that 27.1% of the individual hedge
funds have significantlypositive alpha, while only 0.9% have a significamégative
alpha. All these statistics indicate that the CARM poor model in describing the return
of theaverageNordic hedge fund. To test the rejection of CARMe would have to test
if all the alphas were zero at tkemetime. One way to do this is to calculate the GRS-
statistic of Gibbons, Ross and Shanken (1989),thistrequires all the funds to have

equally long return history. That is not the caséhis study of Nordic hedge funds.

Composite Index  Average individual fund

Alpha (monthly), % 1.02 0.39
Std. Error Alpha (monthly), % (0.22) (0.06)
P-value (for Alpha not 0) 0.0000 0.0000
Beta 0.17

Std. Error Beta (0.03)

R-squared 0.1965

Percent of funds with Alpha significant > 0 27.1%

Percent of funds with Alpha significant < 0 0.9 %

Table 8.1: Model statistics as measured by the CA@Mndard errors are reported in

parentheses).

Figure 8.1 shows the distribution of monthly alphasier the CAPM. There is a wide
spread of alpha estimates, and this strengthenbelef that the CAPM describes the
returns poorly for Nordic hedge funds. These resultable 8.1 and figure 8.1 are in line
with those of Amenc and Martellini (2003). They uge same approach on 581
individual American hedge funds.
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Figure 8.1: Distribution of monthly alphas as meadiby CAPM.

Appendix 6 shows the results from a test of CAPMerghthe proxy for the market
portfolio is estimated with a so-called principahtponent analysis, PGA This method
extracts an orthogonal market portfolio from a sabsf 7 different broad MSCI stock
indices (World, US, Europe, Norway, Sweden, Dennardl Finland) in excess of the
risk-free rate. This more or less eliminates thebjf@m of which proxy to use for the
market portfolio. The result of the analysis isywsimilar to those in table and figure 8.1.
The only small differences are that the monthlyhatpin appendix 6 are a bit higher
(1.14% and 0.51%).

8.2. The adjusted CAPM

Asness, Krail and Liew (2001) argue that the tésEAPM conducted under chapter 8.1
can be misleading due to stale or managed pricesyMhedge funds hold illiquid

exchange-traded securities or difficult to tradesrethe-counter securities which are
difficult to mark (can not use mark-to-market), attiese securities lead to non-
synchronous movements in the returns. Such norhsgnous return data can lead to

understated estimates of actual market exposumeegss Krail and Liew, 2001).

% pCA will be described later in this chapter.
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One simple solution to this problem is to use longerizon returns, i.e. quarterly
(Asness, Krail and Liew, 2001). A more “complex’lgoon is to include lagged values
of the explanatory variable (the excess returnhenmarket portfolio). This concept was
first introduced by Dimson (1979) and Scholes andlidths (1977), and is estimated
with equation (8.1).

K
R~ R =a; +zlgik (RM t—k Rf,t—k)+£i,t (8.1)
k=0

This approach will be used in this thesis, with Ki#Baccordance with Asness, Krail and
Liew (2001) and Amenc and Martellini (2003)). Agdime question arises on which
proxy to use as a market portfolio. In order tacbasistent with the previous subchapter,
the MSCI Nordic will be used. Appendix 4 show thia¢ distribution of alphas under
different proxies for the market portfolio. Using9@! Nordic and MSCI World yields
pretty much the same results, while MSCI Europguige different with a negative cross-
sectional average alpha (due to some extreme negatitliers).

Table 8.2 shows the model statistics as measuredebgdjusted CAPM. The results are
very much the same as in table 8.1 for the compasidex, while the cross-sectional
average individual alpha is more than halved. ¥ h&so become insignificant. The
percentage of funds that have a significant pasiéilpha have also decreased to 22.4%,
while the amount of funds with negative alpha mesaased to 2.8%.

Composite Index  Average individual fund

Alpha (monthly), % 0.98 0.14
Std. Error Alpha (monthly), % (0.22) (0.08)
P-value (for Alpha not 0) 0.0000 0.1061
Beta(k=0) 0.17

Std. Error Beta(k=0) (0.03)

Beta(k=1) 0.03

Std. Error Beta(k=1) (0.03)

Beta(k=2) 0.02

Std. Error Beta(k=2) (0.03)

Beta(k=3) 0.01

Std. Error Beta(k=3) (0.03)

R-squared 0.2072

Percent of funds with Alpha significant > 0 224 %

Percent of funds with Alpha significant < 0 2.8%

Table 8.2: Model statistics as measured by thestefjuCAPM where K=3 (standard errors
are reported in parentheses).
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The distribution of alphas under the adjusted CABMhown in figure 8.2. There are a
few more alphas that are negative in this figuentim figure 8.1, but the majority is still
positive. Both table and figure 8.2 indicate thHa tise of the adjusted CAPM describes
the returns a bit better than the regular CAPMeesly for individual funds. These
results are somewhat in line with those of Asnksail and Liew (2001) and Amenc and
Martellini (2003). They find that both indices amudividual hedge funds does not

produce significant alpha when this correctiondiale or managed prices is made.
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Figure 8.2: Distribution of monthly alphas as meadwby the adjusted CAPM.

8.3. The Four Factor Model

In 1993 Fama and French published an article tlet the birth of their Three factor
model. After that, the model has been a popularr@dtive to the traditional CAPM.
Many researchers have tested the model, with differesults. In general the model does
better than the CAPM. Some argue that it is mudktehewhile other is of the opinion
that the gain of including 2 more factors is totildi compared to the extra effort
(Bartholdy and Peare, 2005).
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That same year, and later in 2001, Jegadeesh anthipublished two articles that
document the momentum effect. They argued thaeterists some momentum effect on

shorter horizons (3-12 months).

In recent years these two models have been lindgether into the so-called Four factor
model. This model will now be used to see if it chscribe the return of Nordic hedge
funds. As for the two last subchapters, the praxythe market portfolio will be the
MSCI Nordic index. Appendix 5 shows that the chaaéeroxy is not that sensitive for
the Four factor model as for the previous modelspoxies yield more or less the same
cross-sectional averages, perhaps with the excemfioMSCI World. But all three
proxies conclude in the same way. The factors SMBIL and UMD are based on
American data, and should strictly speaking onlybed for American hedge funds. But
in this thesis they are also used on Nordic hedgdd. The reason for this is that if these
factors should have been computed from scrateiguid have demanded a lot of Nordic
accounting data which is relatively difficult anine-consuming to collect. This may
have some impact on the estimated alphas, butfigulli to say without actually
performing the analysis on Nordic accounting déxa.the other hand, the consequences
may not be that severe since many of the fundsstrglebally.

Composite Index  Average individual fund

Alpha (monthly), % 0.88 0.04
Std. Error Alpha (monthly), % (0.22) (0.09)
P-value (for Alpha not 0) 0.0001 0.6608
Beta(Market portfolio) 0.20

Std. Error Beta(Market Portfolio) (0.04)

Beta(SMB) 0.02

Std. Error Beta(SMB) (0.06)

Beta(HML) 0.07

Std. Error Beta(HML) (0.07)

Beta(UMD) 0.10

Std. Error Beta(UMD) (0.04)

R-squared 0.2460

Percent of funds with Alpha significant > 0 18.7 %

Percent of funds with Alpha significant <0 2.8%

Table 8.3: Model statistics as measured by the Femtor model (standard errors are reported
in parentheses).
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The estimated monthly alphas of table 8.3 are #lidbwer than for the adjusted CAPM,
but the conclusion is the same. Only the compasdex has a significant alpha. 18.7%
of the individual funds have significant positiviptea, while only 2.8% have significant

negative alpha. These numbers are roughly the sarfa the previous model.
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Figure 8.3: Distribution of monthly alphas as meadilby the Four factor model.

Figure 8.3 shows the distribution of alphas untier Four factor model. Now the alphas
are more evenly distributed above and below zehe donclusion for this model is the
same as for the adjusted CAPM. It does not desthibeeturns of the composite index,

but it works relatively fine for the average indiual fund.

8.4. Explicit macro-factor model

According to Gehin (2004) the three most importadtifactor models for hedge funds
are; (1) the Explicit micro-factor model, (2) thegdtcit macro-factor model, and (3) the
Implicit factor model. The first model tries to dam hedge fund returns with fund-
specific factors. In the past this has been prdeebe difficult (De Souza and Gockan,
2003). The sample used in this thesis is somewinatel when it comes to the
completeness of the panel dataset of fund-spdeifirs. This has lead to the exclusion

of this model in this chapter, but instead somtheffund-specific factors will be covered
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individually later in this thesis (chapter 9.3). ellsecond model will be used in this

subchapter, while the third model will be covenedhie next subchapter.

The explicit macro-factor model tries to explainrtlic hedge fund returns through the
inclusion of different observable market risk fastoThe choice of factors may lead to
non-negligible mis-specification risk. In this tiethe factors are selected using the same

logic as in Ammann and Moerth (2005) and Agarwal Biaik (2000a), and they are:

o MSCI World

o MSCI Nordic

o MSCI Emerging Market

o MSCI World Small Cap

o MSCI Nordic Small Cap

o Lehman US Government

o Lehman US High Yield

o Handelsbanken Nordic

o Bloomberg European Commodity Index
o IPE Brent Crude Oill

o Englehard Gold Bullion Spot
o CBOE SPX Volatility Index

All the asset class factors and hedge fund retaresn excess of the risk-free rate, with
exception of the CBOE SPX Volatility Index sincesths not an asset class in the

traditional sense (Ammann and Moerth, 2005).

The analysis for the explicit macro-factor modetamducted in two different ways. First
a regular multiple OLS regression with all the ipeledent factors is run. This is done for
all individual Nordic hedge funds and for the comip® index. Due to collinearity
between some of the independent variables, thadigidual hedge funds with the fewest
observations are excluded from the regressionss iBhdone automatically in STATA.

The results from these regressions are presentetlie 8.4. The second analysis uses a

71



Behind the Hedge

stepwise regressi6hto estimate the alphas for all individual fundsli(®xcluding 16
funds due to collinearity) and the composite indhis second approach is the most used
approach in previous studies. The reason is thate to account for the collinearity
between the independent variables in the analybishastill may be a problem even
though 16 funds have been removed for this reastwe. results of these stepwise
regressions are presented in table 8.5. The avermagpdver of factors in the stepwise
regressions for individual funds is 2.1, while tfegression for the composite index
includes 4 factors (MSCI Nordic, MSCI Nordic Sm@lap, Handelsbanken Nordic and
CBOE SPX Volatility Index).

The results from the explicit macro-factor modetable 8.4 and 8.5 are quite similar to
the previous two models. The conclusions for bbth ¢composite index and the cross-
sectional average are more or less identical, lmuhaps with slightly lower alpha
estimates. The fraction of funds with significanggsitive alpha is somewhat lower in
the multiple regressions, while the proportionwids with negative alphas has increased

a bit (especially for the stepwise regression).

The estimates in table 8.5 are slightly better thia®m same estimates in table 8.4,
indicating that collinearity may be non-neglectabliée average monthly alpha for the
individual funds in table 8.5 is -0.01% which isnswhat better than in table 8.4
(-0.05%). The percentage of funds with significpasitive alphas is also higher in table
8.5 (20.9% vs. 14.3% in table 8.4).

Composite Index  Average individual fund

Alpha (monthly), % 0.81 -0.05
Std. Error Alpha (monthly), % (0.19) (0.09)
P-value (for Alpha not 0) 0.0000 0.6351
R-squared 0.6125

Percent of funds with Alpha significant > 0 143 %

Percent of funds with Alpha significant <0 5.5 %

Table 8.4: Model statistics as measured by a meltipgression on the explicit macro-factor
model (standard errors are reported in parentheBes) coefficients are left out (they will be
reported in chapter 9.2 and appendix 8).

2 A stepwise regression is a technique that involaeding independent variables according to their
significance. One start with an empty model andsatthé single most significant variable first. Thée
second most significant variable is added, andrsA\b the variables that are added have to beifsogmt

at a 5% level.
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Composite Index  Average individual fund

Alpha (monthly), % 0.88 -0.01
Std. Error Alpha (monthly), % (0.18) (0.08)
P-value (for Alpha not 0) 0.0000 0.8878
R-squared 0.5849

Percent of funds with Alpha significant > 0 20.9 %

Percent of funds with Alpha significant < 0 13.2 %

Table 8.5: Model statistics as measured by a sspwagression on the explicit macro-factor
model (standard errors are reported in parentheBes) coefficients are left out (they will be
reported in chapter 9.2 and appendix 8).

Figure 8.4 shows the distribution of monthly alpHas the two types of regression
methods used on the explicit macro-factor modek Thultiple regressions produce a
slightly wider spread of alphas due to some extramagative estimates, while the

stepwise regressions have a more centralizedlistn.
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Figure 8.4: Distribution of monthly alphas as meadilby the Explicit macro-factor model.

8.5. Implicit factor model

This last model is a purely statistical approachctvlobtains the implicit independent
factors through a Principal Component Analysis (PCHae purpose of this approach is
to try to explain the hedge fund return series dloa small group of non-observable
implicit variables which is defined as a linear donation of the primary variables. The

advantage of this type of approach is that it elaes the variable selection problem.
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This avoids under- or over-specifying the modele Tisadvantage is that the economic
interpretation of the model and its variables iatreely poor (except for the first factor

which often has a large correlation to the markdéek).

Usually the analysis is conducted bbalancedpanel dataset of returns, but in this thesis
the panel isinbalancedThis leads to a small problem when it comes ¢oetstimation of
the principal components (PC’s). To overcome thisbfem, four separate PCA’s are
conducted. The first analysis estimates the PQsnfall the hedge funds that are
registered as of January 2002. This creates 3°PTken all of these PC’s are used as
independent variables in an OLS regression withitiggvidual hedge funds and the
composite index as dependent variables. Estimdteslpbas are then obtained. The
second analysis does the same for all the fundsatiearegistered as of January 2003 (4
PC’s are formed). The third analysis for funds s&gjed as of January 2004 (4 PC’s are
formed), and the last analysis for funds that aggstered as of January 2005 (7 PC’s are

formed). All the analyses are run ercesseturns (over the risk-free rate).

The estimated alphas from these four PCA’s areeptesd in appendix 7. All of the
analyses produce more or less the same resultssigitificantly monthly alphas around
0.46-1.10% (both for the composite indices andcttoss-sectional individual averages).
For the composite index the monthly alphas arehiyuigp the same ballpark as the other
models in this chapter, while the cross-sectionakage alphas for individual funds are
higher for this model than the previous models.

The percentages of funds with significant positalphas range from around 43-79%,
which is substantially higher that for the otherdals in this chapter. For funds with
significant negative alphas, the percentage raraya 0-2%. This is in the same range as
for the first models, but somewhat lower than fbe tExplicit macro-factor model

(especially for the stepwise regression).

% Only significant PC’s are used in the further geisl. Significant means that they have an estimated
eigenvalue of at least 1.
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Figure 8.5: Distribution of monthly alphas as meadiby the four PCA'’s for the implicit
factor model.

The distribution of alphas for the four analyseshaf implicit factor model is presented it
figure 8.5. The distributions are pretty much tlaene with a large proportion of the
alphas being positive. These results all indicat the implicit factor model do not

describe the Nordic hedge fund returns well.
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9. Sources of Hedge Fund Return and Risk

So far this thesis has painted a pretty good pabfiNordic hedge funds’ return and risk.
The descriptive statistics were very good and ditl suffer from non-favorable higher

order moments as much as previous studies. Thelatons were also very good even in
bear markets and during financial crises. Chapterevkaled that the risk-adjusted
performance were extraordinary compared to thatioadl asset classes. So what is it
about Nordic hedge funds that make them appeaosd™The answer to that is the main
purpose of this chapter. Here the sources of reanchrisk will be explored, both macro

factors and micro factors.

9.1. Previous studies

Many people suspect that the good performance dféndunds can be attributed to
loading of general market risk. Agarwal and Naik@@b) show that different types of
macro factors influence different types of hedgedfu Kat and Lu (2002) find that only
10-20% of the variation in the average hedge funmdisirn can be explained by the
general stock and bond market. In contrast, thapguntion is usually 80% or more for
regular mutual funds. Amenc and Martellini (2003ewb81 individual hedge funds to
examine the CAPM-beta. They find a significant (aalh beta of 0.373 for the average
hedge fund.

Much more research has been conducted on fundfispexi micro, factors like age of
fund, size of fund, managers experience and edurcatiees, redemption period,
minimum investment amount, and so on. When it coimesze, the results are somewhat
contradicting. Gregorious and Rouah (2002) fincsigmificant relationship between size
and performance, while Brorsen and Harri (20044 finsignificant negative relationship.
Their hypothesis is that the inefficiencies that thanagers are supposed to exploit in the

market are limited. For them to be able to prodaceespectable return from these
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inefficiencies they need to close the funds to mevestors and this prevents the funds
from growing. Koh, Koh and Teo (2003), Amenc andrtdiini (2003), De Souza and
Gokcan (2003), Chen and Ibbotson (2005) and Liabh@99) all find a positive
relationship between size and performance. Getnyaf2805) and Ammann and Moerth
(2005) also find a positive relationship, but irdaidn the relationship is concave. Their
hypothesis is that funds with bad performance haeblem attracting new investors or

that larger funds have lower average fees.

Kat (2003a), Howell (2001) and Amenc and Martel(ip003) all find that young hedge
funds outperform older funds. Kat (2003a) point thatt this may be due to the fact that
the young funds that reports to the databases hargetwho have survived the first
difficult years where they perhaps take on a lotigk. Many young funds die and will
therefore not rapport to the database. But Howa001) adjusts for this survivorship
bias, and still finds that young funds outperforideo funds. De Souza and Gokcan
(2003) on the other hand find the relationship leemv age and performance to be

positive. Older funds outperform younger ones.

Boyson (2003) have studied the relationship betwessnager's experience and
performance. The author finds that one extra yéaxperience reduces the mean annual
return with 0.8%, and that this could be due tortbgon that increased experience leads

to a decrease in risk aversion which again leadsdecrease in returns.

De Souza and Gokcan (2003) and Amenc and Martgli@03) find the relationship
between performance fee and returns to be positivetrelated. Koh, Koh and Teo
(2003) on the other hand, find this relationship ie negative. Funds with high
performance fees tend to have lower mean post&terns. Kazemi, Martin and

Schneeweis (2001) find no significant relationdb@ween these variables.
Koh, Koh and Teo (2003) find that Asian hedge fuetlirns are positively affected by

the redemption period, and that the minimum investmamount does not affect the

returns. Kazemi, Martin and Schneeweis (2001) filgba positive relationship between
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the redemption period and the mean return of hédlgds. De Souza and Gokcan (2003)
show that the investment of the managers own mamelge fund also have a positive

influence of the funds return. The same goes felddbkup and redemption period.

9.2. Standard market exposure

Agarwal and Naik (2000a) used an explicit macradamodel to examine the influence
of different broad market indices on American hediged indices. Again a stepwise
regression was used to try to control for the neblirity between the independent
variables (as done in chapter 8.4). Table 9.1 stagimilar regression on the five Nordic
hedge fund indices. This stepwise regression usesdme 12 independent variables as

under chapter 8.4, but only the ones with signifidaadings are shown.

The most important macro factor is the Handelsbar¥erdic index. All the hedge fund

indices have positive loadings against this faclbis index is an equally-weighted index
of the four Nordic country’s bond rates. The FiXxedome and the Managed Futures
have a high positive loading against this factavefticient > 1). The funds in these
indices operate in the fixed income market, and ot surprisingly that they have high
loadings against bond rates. The remaining fourgbeflinds indices have varying

degrees of loadings against this factor, with FaH#ving the lowest.

Four of the hedge fund indices have significantitp@s loadings against the MSCI
Nordic index, with Equities having the highest lmad This is not surprisingly since
many of the funds in this category operate in tloedit equity market. An interesting
observation is that the MSCI World index did nobdguce any significant loadings. This
may indicate that the choice of using MSCI Nordistead of MSCI World as a proxy for

the market portfolio in the previous chapters wasmect decision.
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In addition to the two previously discussed maacidrs, four other factors have some
influence on the Nordic hedge fund indices. FoHkse a positive loading against the
MSCI World Small Cap index which may indicate tkia¢y invest more in global small
cap funds instead of Nordic equity funds. Threeicesl (Equities, FOHF's and the
composite) have positive loadings against the Maatndex. Volatility is important for
every hedge fund trader, especially éguitytraders, and the positive loading against this
factor seems reasonable for this index. Managedrésithas a positive loading against
the Gold index. Again this seems reasonable siheset types of funds trade in the
futures market where gold futures are relativelynown. Finally, the composite index
has a positive loading against the MSCI Nordic $r@ap index indicating that the
overall Nordic hedge fund market also has loademgginst Nordismall cap stocks and

not just Nordic stocks in general.

MSCI Nordic MSCI Nordic MSCI World  Handelsbanken  Englehard Gold CBOE SPX
Small Cap Small Cap Nordic Bullion Spot Volatility Index

Equities 0.272 0.437 0.074
Fixed Income 0.101 1.029

Multi Strategy 0.138 0.780

Managed Futures 1.284 0.214

FoHF 0.423 0.233 0.042
Composite 0.123 0.119 0.538 0.041

Table 9.1: Loadings from a stepwise regression Withindependent variables. Only the ones
that are significant are shown in the table.

For the sake of completeness, the results of tHapieuregressions with all the 12 macro
factors as independent variables are reportedperapx 8. This type of regression may
be more exposed to collinearity, but it still proda results that are very much in line
with the stepwise regression. The most importactiofa in the multiple regressions are
the three Nordic indices MSCI Nordic, MSCI Nordim&ll Cap and the Handelsbanken
Nordic.
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9.2.1. Stock market exposure

Since the MSCI Nordic index seems to have a sicgnifi influence on most of the hedge
fund indices, it may be interesting to take a aldeek at the Nordic hedge fund indices

exposure to the country specific stock markets.

Table 9.2 shows the results from a stepwise reigressr the Nordic hedge fund indices
where the independent variables are the four cgsntespective MSCI index. The
Swedish MSCI index is the index which has the anfljuence on the two largest hedge
fund indices (accounts for around 74%f the total Nordic hedge fund market). This
does not come as a surprise since around halfl Matic hedge funds operate from
Sweden. What may seem a bit more surprisinglyasfaiet that MSCI Sweden doast
affect the composite index. This index is only eftel by MSCI Norway and MSCI
Denmark. Finally, the Multi Strategy index is indloced by the MSCI Norway index.
This is somewhat logic since one third of the fuimdihis category operate from Norway.

MSCI Norway MSCI Sweden MSCI Denmark  MSCI Finland
Equities 0.194
Fixed Income
Multi Strategy 0.176
Managed Futures
FoHF 0.188
Composite 0.119 0.118

Table 9.2: Loadings from a stepwise regressiontlier indices where the county specific
MSCI indices are the independent variables.

It may also be very interesting to see how the etagxposure foindividual Nordic
hedge funds is. The middle column of table 9.3 shdhe cross-sectional average
individual beta (against the MSCI Nordic index deabin USD) for different styles. It
shows that all the averages are statistically @iffefrom zero and ranging from around
0.165 to 0.408. The highest cross-sectional aveodg@408 appears in the Managed
Futures category. This is somewhat surprisinglgesione would expect that these funds
are more influenced by the fixed income market aotdthe equity market. Fixed Income

% See figure 2.4.
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on the other hand, has the lowest average betahasmds more in line with what one

could expect. The rest of the average beta coeffisiare around 0.3. These significant
betas are consistent with the average individuaktations in panel B of table 6.1 where
the range of correlations is 0.25-0.45. These tessthow that some of the good
performance for hedge funds can be attributed ¢ofdlct that they hold general stock
market risk, and this is not in line with the natithat hedge funds are (fully) market

neutral.

The last column of table 9.3 shows the percentdgedovidual hedge funds that have a
beta estimatenot statistically different from zero. For Fixed Incemand Managed
Futures the percentages are quite high with 70 BMdpercent, respectively. The
percentages for the rest of the styles are coratietower and range from around 30-
40%, and about a third (36.4%) all the individual funds do not have a beta estimate

statistically different from zero.

MSCI Nordic
Average B % of funds with =0
Equities 0.360 30.6 %
Fixed Income 0.165 70.0 %
Multi Strategy 0.267 38.5%
Managed Futures 0.408 50.0 %
FoHF 0.282 31.0%
Total 0.312 36.4 %

Table 9.3: Statistics of the estimated stock-betdHe average individual Nordic hedge fund.
Bold numbers indicate significance.

Figure 9.1 shows the distribution of beta estim&vesll individual Nordic hedge funds,
and appendix 9 shows the distribution of individbata estimates within every hedge
fund style. The distribution in figure 9.1 is vemyuch centralized around 0.2-0.3 with a
few extremepositiveoutliers. The beta distribution for Fixed Inconamge from -0.1 to
0.3 with 60% between 0.2-0.3. The distribution fdanaged Futures is pretty much
evenly distributed between -0.1 and 1.0, while rie&t of the distributions are more or
less centralized around 0.2-0.4. The extreme pesiutliers from figure 9.1 can be
attributed to the Equities style. All the distrilmut graphs more or less reflect the results
in table 9.3.
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Figure 9.1: Distribution of beta for all individuaédge funds.

9.2.2. Bond market exposure

Table 9.1 showed that the Handelsbanken Nordic xindad a statistical positive

influence on all of the style indices. As with tteck market index MSCI Nordic, it may

be interesting to split this bond index into coyrdpecific indices and see which ones
that influence the different style indices the mdgtis is done in table 9.4 through a
stepwise regression (to reduce the problem ofrezdliity).

According to table 9.4 the most influential bondrked is the Swedish market. All

indices except the Managed Futures have a poddaging against the Handelsbanken
Sweden index. For Managed Futures the bond marikietle most explanatory power is
the Finnish market. The Danish bond market inflesntwo of the indices, but with a

negative loading. The Finnish index also has a theganpact on two of the hedge fund
indices — the Equities and composite indices. Binghe Norwegian bond market has a
relatively small impact on the FoHF and compogiigides. The sum of the coefficients

for all hedge fund styles are close to that oftfla@delsbanken Nordic index in table 9.1.
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Handelsbanken

Norway Sweden Denmark Finland
Equities 1.183 -0.602
Fixed Income 1.010
Multi Strategy 1.118 -0.328
Managed Futures 1.340
FoHF 0.354 0.594 -0.747
Composite 0.333 0.763 -0.488

Table 9.4: Loadings from a stepwise regressiontiier indices where the county specific
Handelsbanken indices are the independent variables

As for the stock market exposure, it may be intergso see how the individual Nordic
hedge funds are exposed to the Nordic bond markées.middle column of table 9.5
shows the cross-sectional average individual betfficient within each hedge fund
style. The beta coefficients now describe the llogsliagainst the Handelsbanken Nordic
index. As one can see, three averages are stalligtdifferent from zero. The funds
within the Fixed Income style have the highest agerbeta, and this is not surprisingly
since they operate in the fixed income market. @kerage for Multi Strategy and
Managed Futures are also somewhat high, but théi Btrhtegy is the only significant
one. The reason why the Managed Futures averageotissignificant is the high
dispersion of beta estimates which leads to a kBtghdard error. Finally, the average

bond-beta foall Nordic hedge funds is also statistically significa

The last column of table 9.5 shows the percentdgadwidual funds within the style
that have a beta estimate thanht statistically different from zero. For Fixed Incem
and Multi Strategy these percentages are relatil@ly and in accordance with the
statistically significant cross-sectional averageound 62% of all FOHF's have beta
estimates around zero, and this explains the Imgsesectional average beta for this
category. The rest of the styles contain aroundb@%- of funds with statistically
insignificant beta estimates. Just below half diradividual Nordic hedge funds exhibit
beta around zero. As for the stock market expogbre,relatively high exposure to the
bond market is not in line with the notion that gedunds are market neutral (both to the
stock and bond market).
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Handelsbanken Nordic
Average B % of funds with =0

Equities 0.153 42.9%
Fixed Income 1.327 40.0 %
Multi Strategy 0.548 30.8 %
Managed Futures 0.644 50.0 %
FoHF 0.122 62.1 %
Total 0.330 46.7 %

Table 9.5: Statistics of the estimated bond-betdahe average individual Nordic hedge fund.
Bold numbers indicate significance.

Figure 9.2 shows the distribution of beta estimaétesall individual hedge funds. It is
centralized around 0-1 with a few extreme negadive positive outliers. Over 50% of all
beta estimates lie in the range 0.5-1. Appendiedlfibits the beta distribution for the
five hedge fund styles. The distribution for MuBitrategy and Equities are very much
centralized around 0.5-1 with a large portion irs timterval. Equities also have some
extreme negative outliers. The distribution of EiXxacome and Managed Futures are
centralized slightly higher, while the distributifor FOHF's is centralized slightly lower.
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Figure 9.2: Distribution of bond-beta for all indlual hedge funds.
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9.3. Fund specific factors

The focus for the rest of this chapter will be cadde fund specific factors that may
influence returns. As mention earlier, a large iporof research has been conducted on

this internationally, but none on Nordic funds pesific.

9.3.1. Assets under management

The first fund specific factor will be assets undenagement (AUM) or the size of the
hedge fund. The AUM numbers are collected from Bilberg and from the respective
funds Internet pages. Still, only the AUM for 2hfls were available for this analysis.
This sample size is ok in it self, but the questaises about whether the sample is
random or if those funds that are willing to disddaheir AUM have some hidden benefit
from this. In addition, none of the dead funds walée to disclose their AUM, so these

results may suffer from a survivorship bias.

To analyze the impact of AUM on hedge fund perfaroe the total sample of 29 funds
is divided into four portfolios based on thawerageAUM for the whole sample period.
The break points for these portfolios are chosescotordance with Anjilvel et. al. (2000)
and so that the number of funds in each portfdi@pproximately the same. Then the
equally-weighted return series for these portfolws calculated, and based on this the
annualized return, standard deviation and Sharpe &aae estimated. The results are
shown in table 9.6. The returns and standard dewmtvary between 13-23% and 12-
14%, respectively. The risk-adjusted relationslsipapresented with the Sharpe rdtio
and the portfolio with the highest Sharpe is thedgiwith AUM between 10-50 million
USD. There is no distinct pattern in these Shagties, but one may argue that the funds
with AUM below 50 million USD seem to perform bettBan those with AUM above 50
million USD.

%" The risk-free rate is set to 3.7% p.a. which &sahnualized average for the sample period in gurest
This rate will be used for the entire chapter 9.3.
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Annualized

Return St.dev. Sharpe # funds
AUM<10 18.25 12.92 1.13 6
10<=AUM<50 23.00 13.58 1.42 8
50<=AUM<200 13.13 11.93 0.79 8
AUM>=200 20.93 13.03 1.32 7

Table 9.6: Annualized return, standard deviatiod &harpe for four portfolios based on
average AUM (in million US$).

The previous method may induce an endogenity pnobéence AUM also will be
affected by the monthly returns and not just theeotvay around. To avoid this problem,
an OLS regression between monthly returns and td# Aor the previousmonth are
conducted. To reduce the problem of heteroscedsstand to create a simple
interpretation of the coefficient, the logarithmransformation of AUM will be used as
independent variable. In a log-log model the baiaffecient can be interpreted as a
measure of elasticity. This means thainapercent increase in AUM will result inkeeta
percent increase in the returns. Model 1 in tablé ghow the result from such an
analysis. The beta coefficient is estimated to48.and is statistically significant. This
means that a one percent increase in AUM leadsOtd44 percentlecreasen monthly
returns. This negative relationship is consisteith Brorsen and Harri (2004), and it may
seem that small hedge funds outperform larger ofes.small funds are perhaps more

capable of exploiting inefficiencies in the market.

Model 2 in table 9.7 tries to estimate the montltdurns by using two independent
variables — In(AUM) and In(AUM) squared. This typkquadratic regression is a way of
estimating the optimal amount of AUM. If the coeiint for IN(AUM) is significantly
larger than zero and the coefficient for In(AUMusged is significantly lower than zero,
then there will exist a positive amdncaverelationship with an optimal amount of AUM.
This is however not the case here where none otdledicients are significant and in
addition the coefficients have the opposite sidgrise relationship seems to be convex,
but insignificant. These results are not in linewGetmansky (2004) and Ammann and
Moerth (2005).
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Model 1 Model 2
In(AUM) -0.144 -1.131
INn(AUM)"2 0.028
Constant 3.964 12.648
R-squared 0.0043 0.0050

Table 9.7: Regression results between return andbtiarithm of AUM (and AUM squared).
Bold numbers indicate significance.

9.3.2. Age of fund

To test if there is a relationship between the afy¢he fund and performance, four
portfolios based on age will be formed. These pbta$ are equally-weighted and
rebalance monthly. For the four age portfolios @n@ualized return, standard deviation
and Sharpe will be estimated. The results are shiowable 9.8. Again the returns and
standard deviations vary somewhat. So does thg8Mmatios, but it may seem that there
exist a positive relationship. Funds above 3 yé@ge better Sharpe ratios than those
funds whose age is less than 3 years. The optiggabaems to be between 3 and 5 years
where the Sharpe ratio is the highest (1.58).

Annualized

Return St.dev. Sharpe # funds
Age<1 10.51 10.03 0.68 12
1<=Age<3 14.03 9.19 1.12 39
3<=Age<5 20.39 10.57 1.58 34
Age>=5 16.46 9.29 1.37 22

Table 9.8: Annualized return, standard deviatioth &harpe for four portfolios based on age.

9.3.3. Performance and management fees

To test the relationship between the two typeseetfand performance, three portfolios
are formed on the basis of performance and managefee, respectively. Again the
portfolios are equally-weighted and rebalance mignthable 9.9 and 9.10 show the
respective results. A performance fee of 20% seente the optimal fee. This may be
explained by the fact that this fee structure @®ain optimal balance between giving the
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manager the right incentives and at the same tiobd@ing too high for the investor to
accept. When it comes to management fee, the optimaunt seems to be below 1%.
This may also be explained by the same logic athimperformance fee. But this type of
fee does not give the manager incentives to cnedtens above the hurdle rate, and
therefore the investors will not accept high mamaget fees.

Annualized # funds
Return St.dev. Sharpe
Perf.fee<20 13.90 11.04 0.92 28
Perf.fee=20 20.83 11.80 1.45 66
Perf.fee>20 12.13 12.14 0.69 3

Table 9.9: Annualized return, standard deviatiod &hmarpe for three portfolios based on
performance fee.

Annualized # funds
Return St.dev. Sharpe
Mgmt.fee<1 22.21 14.79 1.25 16
Mgmt.fee=1 15.27 11.67 0.99 36
Mgmt.fee>1 13.00 8.61 1.08 45

Table 9.10: Annualized return, standard deviatiod &harpe for three portfolios based on
management fee.

9.3.4. Investment universe

Table 9.11 uses the same portfolio formation tespimmias the previous sub-chapters, but
now the portfolios are formed on the basis of thedt investment universe. Funds that
can invest globally seem to outperform funds wittlifferent investment universe. This
does not come as a surprise since these funds dndeeger variety of investment
opportunities to select from. Many also believet tiie amount of inefficiencies in the
market is finite, and funds that have a smallerestment universe will probably also
have less inefficiency to select from. The secoest Investment universe is the Nordic
region. This may be explained by the notion thatdio hedge funds have a deeper
understanding for the Nordic markets and are tbeeeimore capable of extracting
inefficiencies from this market than other manag@itse worst investment universe as

measured by the Sharpe ratio is the Europe region.
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Annualized

Return St.dev. Sharpe # funds
Global 18.56 11.22 1.32 40
Europe 11.31 12.37 0.62 7
Nordic 21.13 15.22 1.15 20
Sweden 14.40 10.86 0.99 9
Other 15.24 11.48 1.01 5

Table 9.11: Annualized return, standard deviatiod &harpe for five portfolios based on
investment universe.

9.3.5. Use of high watermark

The use of high watermark prevents the hedge furahagers from extracting

performance fees when they start to make money ajtar a losing period (they have to
make up for the negative return before they camgeha performance fee again). This
aligns the incentives for the managers and thestove, and one would expect that this
affects the returns in a positive way. This is aoméd by the result of table 9.12 where

the portfolio of funds with a high watermark clgadutperforms those without a high

watermark.
Annualized
Return St.dev. Sharpe # funds
High Watermark 20.59 11.61 1.46 90
No High Watermark 11.65 10.77 0.74 9

Table 9.12: Annualized return, standard deviatiod Sharpe for two portfolios based on the
existence of a high watermark or not.

9.3.6. Subscription and redemption period

The subscription period describes how often onebegrshares in a hedge fund while the
redemption period describes how often one salhthose shares. It is most common to
have monthly or quarterly subscription and redeamptperiods, but some also have
weekly or daily periods. Table 9.13 and 9.14 shdw performance estimates for
portfolios formed on the basis of subscription aademption period, respectively. As
one can see, funds with quarterly subscription @ndedemption period have
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outperformed the other funds. Monthly periods hais® performed well. It may seem
strange that funds where the investors relativahgly can buy and/or sell their shares
have done so much better. One would perhaps thiakibvestors would prefer funds
where they could get quickly in and (especially}. ddne possible explanation for this
outperformance may be the fact that longer pergvgs the managers more time to focus
on investment decisions and not on cash managembatsmall sample of fund with

weekly and daily periods may also be some of thptagvation.

Annualized # funds
Return St.dev. Sharpe
Quarterly 19.74 11.52 1.39 11
Monthly 19.67 11.83 1.35 76
Weekly 5.11 8.13 0.17 3
Daily 11.73 10.88 0.74 7

Table 9.13: Annualized return, standard deviatiod Sharpe for four portfolios based on the
subscription period.

Annualized # funds
Return St.dev. Sharpe
Quarterly 25.61 14.41 1.52 29
Monthly 11.09 9.96 0.74 59
Weekly 5.11 8.13 0.17 3
Daily 11.73 10.88 0.74 7

Table 9.14: Annualized return, standard deviatiod Sharpe for four portfolios based on the
redemption period.

9.3.7. Country of registration

The final fund specific factor that will be examéhén this chapter is the country of
registration for the fund. Even though they opermtem one country, they may be
registered in another. Table 9.15 show the perfaomastimates for portfolios formed
on the basis of country of registration. Not swsgly, funds registered in tax
paradise® seem to perform the best (although just slighiy)nds registered in Norway
and Sweden also seem to perform well.

% | uxemburg, Cayman Island, Guernsey, Bahamas ami&f.
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Annualized # funds
Return St.dev. Sharpe
Sweden 19.27 11.90 1.31 39
Finland 11.38 11.43 0.67 11
Norway 18.32 11.00 1.33 3
Ireland 15.10 10.06 1.13 10
Tax paradise 14.87 8.29 1.35 20
Denmark 4.27 9.13 0.06 1

Table 9.15: Annualized return, standard deviatiod &harpe for six portfolios based on

country of registration.
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10. Hedge Fund Return Replication

So far in this thesis, Nordic hedge funds have sheery good performance relative to
other assets classes and American hedge fundshedigle fund investing suffers from

some drawbacks like liquidity, capacity and tramepay problems in addition to high

fees. This has lead to the development of hedge feturn replication strategies. Many
researchers have shown that the returns of hedks ftan be replicated by investing in
more liquid exchange-traded securities. Some dethepproaches will be discussed in
this chapter.

10.1. Alternative beta replication

This type of replication tries to mimic the hedgend returns by using linear factor
models with benchmark asset indices. Researchhuagnsthat hedge fund performance
does not only depend on manager skills, but alseystematic exposure to “alternative

beta” risk factors. The total hedge fund return tteen be split up in the following way:
Hedge fund return = Traditional beta + Alternatbeta + Alternative alpha

Agarwal and Naik (2000a) use an explicit macrodacnodel in order to try to find

alternative beta factors. They find that differdredge fund styles have significant
exposure to different factors. For instance, therfE\Driven and Equity Hedge styles
exhibit loadings against an emerging market indexa@dition to S&P 500 Composite).
Other styles like the Restructuring index exhilosipive loadings against a high yield
index and negative loadings against a governmemid badex. Other factors that
influence American hedge funds are dollar and guadites.
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Similar studies for Nordic hedge funds are donehapter 8.3, 8.4 and 9.2 of this thesis.
Nordic hedge funds show significant loadings agdaatiernative beta factors like small

cap, crude oil, gold and the momentum effect obdegsh and Titman (1993, 2001).

10.2. Option based replication

As documented in Fung and Hsieh (1997a), hedge fuadagers typically employ
dynamic trading strategies that have option-likeunres. Linear factor models using
standard asset benchmarks are not designed toregphtse non-linear return features.
To accommodate this, many researchers have startedlude returns from option-like

strategies in their factor models.

Fung and Hsieh (2001) use lookback straddles toeintta return on trend-following
hedge funds. They show that these types of optrategies can explain the returns better
than standard asset class factors. The cost ofemwiting these strategies can be

established using observable, exchange-tradedmoptices.

Agarwal and Naik (2004) find that a large numberegfuity-orientated hedge fund
strategies exhibit payoffs resembling a short pmsiin a put option on the market index.
Their analysis consists of finding a portfolio ofiysand-hold and option-based risk
factors that replicate the hedge fund returns (botlividual and indices) in the best
possible way in the in-sample period. Then they ttes replication portfolio in the out-
of-sample period. In addition they find that hedigeds exhibit significant risk exposure
to Fama and French’s (1993) size and value effedtJ®gadeesh and Titman’s (1993,
2001) momentum effect.

It was originally the plan to test these optiondzhstrategies on Nordic hedge funds as
well, but due to the difficulties of obtaining matkprices for options on the Nordic stock
index, this topic has been dropped from this theisnay be a subject for further
research.
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11. Persistency of Hedge Fund Performance

In this chapter the persistency of the performafare Nordic hedge funds will be

examined. Is the good performance only due to luckdoes some funds continue to
perform well? To clarify this question, severaltistical tests will be conducted. These
tests can be divided intelative persistency tests amualire, or absolute, persistency tests.
The relative tests examines if there exits pensesten the rankings between the winners
and losers, while the pure tests looks at the giersty of one fund at a time without
considering other funds. Relative persistency teatsbe conducted using a two-period

framework or a multi-period framework.

11.1. Previous studies

The main three relative persistency tests in the-period framework are the Cross
Product Ratio (CPR) test, the Chi-square test aedSpearman rank correlation test.
Agarwal and Naik (2000b) find significant persisterat 3 and 6 months horizons using a
CPR test and a Chi-square test. The tests are cmttlon US hedge funds from the HFR
database in the period from 1982-1998. Using theesists at 1 year horizons they find
that the persistency is diminishing. Koh, Koh arebT2003) use the same two test on
Asian hedge funds from 1999-2003 and find that iptenscy exist at 1 to 9 months
horizons. At 1 and 2 year horizons, Caglayan andétds (2001b) find both winner and
loser persistence using a CPR test on the MAR datafrom 1990-2001. Both Kat and
Menexe (2003) and De Souza and Gokcan (2004) fmcevidence of performance
persistency at a 3 year horizon using a CPR tesihgJa Chi-square test, Kouwenberg
(2003) find some evidence of persistence at 2 peaizons, mainly for event driven,
market neutral and global macro funds. Park andr$tgl998) use the Chi-square and
the Spearman rank correlation test on the TASSbdata (1986-1997) and find that the

persistency varies somewhat at 1 year horizons.
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When it comes to the relative persistency tesesnmulti-period framework, the main one
is the Kolmogorov-Smirnov (K-S) test. It tests lietdistribution of winning funds and
losing funds are statistically different from a @hetical distribution. This type of test
reduces the likelihood of finding persistent furlige to pure chance (because of a multi-
period framework), and it is therefore consideredbé the most powerful method for
testing relative persistence (Géhin, 2006). Botlargl and Naik (2000b) and Koh, Koh
and Teo (2003) find that using this test on lonigan 6 month horizons, weakens the

persistence.

To test the pure persistence of hedge fund perfoceathe Hurst exponent is used in
combination with a D-statistic. A Hurst exponenbsg to 0O (1) indicates reverse
(positive) persistence, while a Hurst exponent ado®.5 indicates that the returns follow
a random walk. When the Hurst exponent is greatan 0.5, a D-statistic is estimated in
order to determine whether positive or negativarres persist. The combination of a high
Hurst exponent and a low D-statistic indicate threspnce of purgoositive return
persistence. De Souza and Gokcan (2004) use thisagh to test the pure persistence of
individual hedge funds from the HFR database frd@8712002. They find that funds
with high Hurst exponent and low D-statistic oufpemn the other funds in the out-of-
sample period. Gehin (2005) also use the Hurstrexpioand the D-statistic, but on hedge
funds from the ACC database from 2000-2004 and aiturst exponent which must be
greater than 0.6. The results are very much similae Hurst exponent appears to be a

powerful indicator for analyzing the performancespgence of hedge funds.

11.2. Relative persistence

To test the relative persistence in the performasfddordic hedge funds, the CPR and
Chi-square test will be used. These tests aremaligiin the two-period framework, but
to increase the power of the test the periods valloverlapping. This makes the tests a
lightweight version of the more advanced multi-pdritests like the Kolmogorov-
Smirnov test. That is the reason why a K-S tesk mot be conducted in this thesis. A
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Spearman rank correlation test will neither be cateld due to the fact that this test

works best for a balanced panel dataset (whicbtishe case here).

To perform these two relative persistence test® pneeds to construct a so-called
contingency table. This table shows the rankingudesmcy of funds over two consecutive
periods. A fund is ranked as a WW if it is a winmeiboth periods, LL if it is a loser in
both, and so on. How the fund is classified agraer/loser varies a lot in the previous
research. The most common criteria are averagenr¢ée Souza and Gokcan, 2004),
alpha (Agarwal and Naik (2000b), Caglayan and Edw/g2001b) and Kouwenberg
(2003)), the appraisal ratio (Park and Straum (1998l Agarwal and Naik (2000b)) and
the Sharpe ratio (Kouwenberg (2003) and De SoudaGukcan (2004)). In this thesis
the alpha of Agarwal and Naik (2000b) and the stashdSharpe ratio will be used. A
funds alpha at a point in time is estimated agdtarn less the average for all funds
within the same style category. A fund is classdifeewinner (loser) at one time period if
the estimated alpha or Sharpe is above (belowjnibdian ofall funds. The reason why
two performance measures will be used instead ef isnthat they both have some
weaknesses, but together the consequences ofleadmesses may be minimized. The
alpha measure is sensitive to the use of leverslgde the Sharpe ratio may suffer from
non-neglectable estimation error, especially attehdorizons. The time periods used in

the calculations are quarterly, half-yearly andriye@ll ending in December 2006).

Table 11.1 and 11.2 show the contingency tablesetbasn alpha and Sharpe,
respectively. The percentages range from roughig@®. The percentages for WW and
LL are higher than their respective WL and LW fioe t3 and 6 months horizon. At the 1
year horizon the percentage of WW is quite smd#tinee to WL, LW and LL. The

fraction of consecutive losses (LL) is always higthen consecutive wins (WW). Under
the null hypothesis of no persistence, these p&ages should all be 25%. Statistical

tests have to be conducted in order to make inéerabout this.
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WW WL LW LL
3 month 26.3 % 234 % 23.1% 27.2%
6 month 26.8 % 225% 21.1 % 29.6 %
1 year 20.0 % 28.1 % 23.3 % 28.6 %

Table 11.1: Contingency table showing the percesgad WW, WL, LW and LL when alpha
is used as a performance measure.

WW WL LW LL
3 month 26.2 % 23.4% 23.1 % 27.2%
6 month 27.1% 225% 21.5% 28.9 %
1 year 21.9 % 26.2 % 24.3 % 27.6 %

Table 11.2: Contingency table showing the percergag WW, WL, LW and LL when the
Sharpe ratio is used as a performance measure.

The CPR is calculated in the following way:

_WWxLL

CPR=
WL x LW

(11.1)

Under the null, this ratio should be equal to 1.t@st the significance of this ratio a Z-

statistic is calculated as in (11.2). The standardr to the natural logarithm of the ratio
is estimated with (11.3).

In(CPR)
SHIn(CPR)

Z — statistic= (11.2)

SHIn(CPR) :\/—+—+—+— (11.3)

The Chi-square test is carried out by comparing disribution of the observed
frequencies of WW, WL, LW and LL with the expectiedquencies of the distribution.
The test statistic is calculated as in (11.4).

. _ww-p1)* wL-D2f (Lw-D3f (LL-D4)

X D1 D2 D3 D4

(11.4)
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Where:

N N

D3z (LWHLL)XWW+LW) ) (LW +LL)x(WL+LL)
N ’ - N ’

N=WW+WL+LW +LL

o= WWHWO X (WW+LW) o WW WL xWL+LL)

and

The Chi-square statistic follows the chi-squardriistion with one degree of freedom.

Carpenter and Lynch (1999) argue that the Chi-sgtest is more robust than the CPR
test when survivorship bias is present.

The results from the CPR and Chi-square tests basetpha and the Sharpe ratio are
presented in table 11.3 and 11.4, respectivelst [if all, the consistency between the
two tests for each performance measure indicates the consequences of the
survivorship bias may not be that severe (it magndse non-existing). The tests produce
almost identical p-values. Furthermore, the tablesw that the performance persistency
is statistically significant at the 3 and 6 montiwgizons for both tests and performance

measures. At the 1 year horizon, neither testsl @ignificant results.

CPR Z-statistic P-value Chi-square P-value
3 month 1.33 2.55 0.0107 6.54 0.0106
6 month 1.66 3.00 0.0028 9.06 0.0026
1 year 0.87 -0.49 0.6230 0.24 0.6224
Table 11.3: Results of the CPR and Chi-square telsen alpha is used as the performance
measure.
CPR Z-statistic P-value Chi-square P-value
3 month 1.32 2.50 0.0126 6.25 0.0124
6 month 1.62 2.84 0.0046 8.12 0.0044
1 year 0.95 -0.18 0.8568 0.03 0.8566

Table 11.4: Results of the CPR and Chi-square tehtn the Sharpe ratio is used as the
performance measure.
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11.3. Pure persistence

Unlike the relative persistence tests, the pursigience tests allow the funds that exhibit
the strongest persistency in their own returnseddentified fund by fund. To test the
pure persistence of hedge fund returns the Hunsbreent in combination with the D-
statistic will be used. The advantage of using kh&st exponent is that it is not
dependent on any assumption about the return llistn. It only measures weather a
positive or negative trend persists or mean reva@te Hurst exponent is estimated via
(11.5) where R is the range of cumulative deviaitsom the mean return (monthly), and

o is the (monthly) standard deviation of the returns

(11.5)

N is the number of monthly returns. The Hurst exganonly indicates if the returns
persist, not if the persistency is in negative asipive returns. To identify the funds with
a high Hurst exponent andpasitivepersistence, a D-statistic for each fund is calted
asin (11.6).

> |negative_returng
D - statistic= - (11.6)

> |all _returng
t

The approach in this thesis is the same as uséelin (2005) where the total sample is
split into two sub-samples — one in-sample and owneof-sample. First the Hurst
exponents and the D-statistics are estimated fandividual hedge funds with more than
18 months of history as of December 2006 (20 fusdsuded). This is done for the in-
sample period which in this thesis is set to bg 1@B6 to December 2005. The result of

these in-sample estimations are presented in fdbfe The minimum Hurst exponent is
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0.501 while the maximum is 0.825, both somewhahdéighan Gehin (2005). For a fund
to have a significanpositivepersistence in the returns it needs to have atkumonent
greater than 0.6 and a D-statistic less than ©.&a¢cordance with Géhin (2005)). There
are 24 funds, or 27.6%, that satisfy these condtid his is almost identical to Géhin
(2005).

Positive persistence of positive returns

Min. Hurst Max. Hurst (Hurst > 0.6 and D < 0.3)
Number of funds %
Jan. 1996 - Dec. 2005 0.501 0.825 24 27.6 %

Table 11.5: Results from the in-sample estimatifrthe Hurst exponent.

After the in-sample estimations an out-of-sampkd te conducted to see if the funds
which were identified as having positive persiseendll continue to persist. This is done
by estimating the annualized Sharpe ratio for amalgrweighted portfolio of persistent
funds and for the rest of the funds. The resules slrown in table 11.6. The average
monthly return for the persistent portfolio is 1%4&vhile it is 1.68% for the other funds.
But the monthly standard deviation is substantikglyer for the persistent portfolio with
1.91% versus 2.72%. This leads to a Sharpe rataif for the persistent funds while
the ratio is only 1.84 for the rest of the fundee$e results may be interpreted in the way
that selecting funds on the basis of the Hurst egpb and the D-statistic allows

persistent funds to be isolated.

Average Monthly Annualized

monthly return st.dev. Sharpe ratio
Persistent funds 1.46 1.91 221
Other funds 1.68 2.72 1.84

Table 11.6: Results from the out-of-sample estiomatif performance for the two portfolios
with persistent funds and for all the other furiise risk-free rate in the Sharpe ratio is set to
the 2006 average of 0.24% per month.
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11.4. Return on the momentum portfolio

One final way of testing for persistence in hedgedfreturns is to test if the momentum
portfolio of Jegadeesh and Titman (1993, 2001)dgidignificantly positive return. In

their papers they find that forming portfolios chgp 3-12 months performance (long
outperformers and short underperformers) yieldsigaifscant positive return in the

holding period (also ranging from 3 to 12 montHgs)this thesis 10 equally-weighted
portfolios will be formed on the basis of individdands performance during the past 6
months. Then the return for these portfolios wel éstimated for the next 3, 6 and 12
months (the holding period). The return on the maion@ portfolio is then the difference
between the return on the portfolios of the pastpediormers and the past
underperformers. Due to the fact that the samplartlic hedge funds is relatively thin
in the early years and that 10 portfolios will lenfied, this momentum test is only
performed on a sub-sample which is from Januaryd206ecember 2006. To increase

the power of the test, overlapping estimation wimslovill be used.

The return on the momentum portfolios with diffaréolding periods are presented in
table 11.7. The monthly returns for all three paitis are around 0.9-1% and highly
statistically different from zero. This is a stromglication that persistence is present for

Nordic hedge funds.

Holding period

3 months 6 months 1 year
Mean 0.98 1.04 0.88
St.dev 1.66 1.02 0.52
T-statistic 3.73 6.20 9.43
P-value 0.0006 0.0000 0.0000

Table 11.7: Return on the momentum portfolios wlifferent holding periods.
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12. The Influence of Currency on the Results

As explained in chapter 4.1, all the numbers is thesis have been converted into US
dollars in order to be able to compare the perfoiceaof funds with different base
currencies. The consequence of this is that theclgsions reached are from a US
investor’s viewpoint. But all the analyses in tthigsis have also been conducted in local
currencies, and the differences between these pwooaches will be briefly presented in

this chapter.

The descriptive statistics in chapter 5 were sonadwtiferent when they were conducted
in local currency. First of all, the means, stadddeviations and skewness’ were on
average a bit lower while the excess kurtoses didchange much. The fractions of

individual funds with normally distributed returm®re also a bit higher.

The correlations in chapter 6 were also differemtiécal currency. The correlation to the
Handelsbanken Nordic and MSCI Nordic were on avetager. The average individual
fund’s correlation in bull markets was also lowetile the opposite was the case for
bear markets. The asymmetric correlations are herotvords worse for the local
currency case. The correlation between individwelde funds was substantially lower
when calculated on local currency, meaning that diversification benefits between

individual hedge funds are greater in local curresic

The performance measurements in chapter 7 didhaotge very much. They only small
difference was that the distance between the mesdor hedge funds and traditional

asset classes were reduced slightly when going llooal currency to USD.
Three of the asset pricing models in chapter 8 epeed different results when they

were tested on USD returns. In local currency ateis failed pretty clear, but when the

returns were transformed into USD, three of the e®@roduced insignificant alphas on
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average for individual funds. These models wereatigisted CAPM, the Four factor

model and the Explicit macro-factor model.

For chapter 9, the exposure to the Nordic bondsémck market was more apparent when
the analyses were conducted in USD than in loaaeoay.

Finally, the persistence results from chapter 1ly @hanged slightly. The persistence

was clearer at the 3 months horizon when the aeslyere performed on USD returns.
In addition, the persistence was clearly rejectedyear horizon (for USD returns).
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13. Possible Bias in this Thesis

Before the concluding remarks for this thesiss iitnnportant to comment on some of the

possible bias’ that may affect the results presente

First of all, the self-selection bias presentedhapter 4.2.1 may affect the results. Nordic
hedge funds are not forced to disclose their perémce data to the HedgeNordic
database. This may lead young hedge funds and that$ave performed badly in the
past not to join the database. As a result, thelaosions presented here may overestimate

the true performance of Nordic hedge funds.

The sample selection bias presented in chaptet may also create a performance bias.
As mention earlier in this paper, the HedgeNorditabase is not a complete list of all
Nordic hedge funds. Although most of the fundshia Nordic region are in this database,
the sample used in this thesis can not be regasl@dcompletely random sample (which
is required to be able to make inference aboutetitre population of Nordic hedge
funds).

Also the last bias presented in chapter 4.2, tiguitlity bias, may affect the results
presented here. This bias is a result of the feadtlhedge fund managers have the ability
to “manage” their net asset value (mostly due tfficdit to value securities).
Autocorrelation in the return series may be anaation of the importance of this bias.
Chapter 5.2 shows that autocorrelation is mostkys@nt in the styles Equities and
Managed Futures. Funds within these stylesy therefore suffer from this type of bias.
But the consequences of this bias is thought tmioémal since only 10.2% of the funds
in the Equities style suffer from significant fistder autocorrelation (and this style is by

far the largest category).

In chapter 7 and 8 the MSCI World and MSCI Nordidices are used as a proxy for the
market portfolio. The choice of these indices asxpmay influence the results. But this
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bias will always be there since it is impossibleuse the correct (theoretical) market
portfolio. However, chapter 9.2 shows that mosthef Nordic hedge funds mainly have
beta loadings against the MSCI Nordic index. Theynndicate that this index could

serve as a good proxy for the market portfolioNordic hedge funds.

In chapter 9.3 different fund specific data aredusehe quality of these data may also
affect the results in this thesis. The results foagxample be sensitive to the investment
universe classifications that the funds themsepreside. They may be classified as a
global fund when they perhaps mainly is investimghie Nordic countries and therefore
should be classified as a Nordic fund in this theBuut the consequence of this bias is
thought to be minimal. In addition, several of #hdésnd specific factormay have been

changed over time. This would also have an affadhe results.
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14. Concluding Remarks

The first topic that is covered in this thesishe statistical properties of hedge funds. For
Nordic hedge funds these properties look very gdde: mean/variance relationship is
much like previous studies. But the skewness ibdrigand even positive) and the excess
kurtosis is substantially lower than previous stsdiThis is all favorable for Nordic
hedge funds. There are also evidence pointing @ diiection of some significant
positive autocorrelation and non-normality in theturn distributions. For American
hedge fund indices the results are somewhat difteféghey have lower means, standard
deviations and skewness’, higher excess kurtoselsiere autocorrelation. This is more

in line with previous international studies.

The correlations between hedge funds and the stodibond markets are in general low.
The average individual correlations with the stotirkets are around 0.2-0.4 while it is
closer to zero for the bond markets. The correhatiare the highest against the MSCI
Nordic and Handelsbanken Nordic indices. In a lbudirket, the correlations with the
stock markets are mostly lower, while the correlagito the bond markets are somewhat
higher (except for the Handelsbanken Nordic indéx)pear markets the correlations to
the stock markets decrease substantially and eseonie negative for some styles. The
correlations to the bond markets mostly increases 1 a good thing for Nordic hedge
funds. During a financial crisis the correlationgbth the stock and bond markets vary a
lot. Fund of hedge funds have a very high correftato the stock markets. Fixed Income
and Managed Futures have a high negative correlabidhe stock markets while they
have a high positive correlation to the bond makd&he average individual Equities
hedge fund also has a negative correlation to tihek snarkets and a high correlation to
the bond markets. The correlations between the farehedge funds and the stock and
bond markets are in general higher and less fal®thbn their Nordic counterparts. The
correlations between individual Nordic hedge furatsge from around 0.11-0.65 and the

optimal number of hedge funds in a portfolio israsted to be around 17-18.
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The overall conclusion when it comes to performamsasurement for hedge funds is
very clear. They outperform most of the stock, band commodity indices even after
adjusting for the fact that hedge funds exhibit sgpositive autocorrelation and non-
neglectable higher moments. The choice of perfoo@aneasure is very important for all
groups of assets except for stocks. The averagar®pea’s rank correlation coefficient
between the different performance measures forkstog relatively high, while the

opposite is true for hedge funds, bonds and comimesdiThe choice of performance
measure should be based on the existence of athtecorrelation, skewness and/or

excess kurtosis in the returns.

In chapter 8, five asset pricing models are usesetif they can describe the returns of
Nordic hedge funds. None of the models seem toritbesthe returns on the composite
index since they all produce significant alphast #oee of the models (the adjusted
CAPM, the Four factor model and the Explicit mataotor model), on the other hand, |
could not reject the hypothesis that the averageviciual alpha is different from zero.

They therefore seem to describe the individualrnstwell.

Chapter 9 focus on the sources of hedge fund retndirisk. Most of the style indices
have significant positive exposure to the MSCI Noiddex. Only the Managed Futures
index has no exposure to any of the stock marldtés, while the Fund of hedge fund
style only has exposure to the MSCI World Small @agex. The average individual
stock market betas are significantly different frararo for all styles. The indices
exposure to the bond market is even clearer. Alldtyle indices have positive loadings
against the Handelsbanken Nordic index. Two of dhyes (Fixed Income and Multi
Strategy) have a significant average individuahb@&his is also true for the total average
of all funds bond market beta. These results meansome of the good performance of

the hedge funds can be attributed to general stoddkoond market risk.
Some fund specific factors seems to influence thdgh fund returns. Assets under

management (AUM) seem to have a negative impactretarns. Smaller funds

outperform larger funds on average. Funds thabhlter than 3 years seem to perform
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better than those who are younger than 3 yearsophmal fee structure seems to be a
20% performance fee and a management fee thatves lihan 1%. Funds with a global
investment universe seem to outperform all othed$, while the use of high watermark
clearly enhances the performance. The optimal sigben and redemption period seems
to be either monthly or quarterly. Finally, fundt&it are registered in tax paradises seem
to outperform other funds. But funds registeredNiorway or Sweden only perform

slightly worse.

The final topic that is covered in this thesishes persistence of hedge fund returns. The
relative persistency tests indicate persisten@aatd 6 month horizons, but not at 1 year
horizon. Using the Hurst exponent and a D-statisti@ good way of isolating funds that
have a positive persistence. The momentum portfodéised on the previous 6 month
return for hedge funds yield a statistically sigraht positive return of around 1% per
month in the holding period (3-12 months). Thisaiglear indication that there exists

persistence in hedge fund returns.

The overall conclusion for this closer study of diorhedge funds is very clear. They
perform very well both compared to American hedgeds and the general stock and
bond markets. The correlations to these market$oareThe risk-adjusted performance
for hedge funds is pretty good, but some of thedgperformance may be attributed to
general stock and bond market exposure. Some f@rsysin hedge fund returns is also
present at shorter horizons.
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Appendix 1

This appendix shows the annualized performance unements for hedge funds and
stock, bond and commodity indices. To estimatanbdified Sharpe ratios the 95% VaR
is used. The MAR and thresholds in the Sortinmrahie Omega and the Kappa is set to

zero for simplicity, and n=3 in the Kappa measure.

Sharpe Treynor  Jensens Alpha AR-adjusted SR Modified SR Sortino Omega Kappa N
Panel A: Average individual hedge fund (Nordic)
Equities 1.09 -9.32 13.37 1.51 0.54 221 3.63 2.94 46
Fixed Income 0.75 266.05 7.83 0.45 0.35 1.39 2.42 1.91 9
Multi Strategy 0.94 760.21 9.15 1.13 0.44 2.25 3.59 2.86 11
Managed Futures 0.62 23.73 10.03 0.78 0.33 1.00 1.94 1.35 6
FoHF 0.63 56.28 5.33 0.90 0.36 1.66 2.66 2.25 0
Total 0.89 129.54 9.97 1.17 0.45 1.92 3.16 2.55 72
Panel B: Hedge fund indices (Nordic)
Equities 141 84.94 19.94 1.16 0.67 2.19 3.75 2.60 126
Fixed Income 0.91 143.84 10.34 0.94 0.44 1.45 2.40 1.93 69
Multy Strategy 0.95 45.40 9.16 111 0.45 1.52 2.58 1.99 108
Managed Futures 0.96 1089.62 15.63 0.99 0.54 1.76 2.50 231 80
FoHF 0.87 29.67 7.98 0.98 0.46 1.57 2.66 1.92 126
Composite 1.45 65.10 13.22 1.53 0.70 2.81 3.95 3.76 126
Panel C: Hedge fund indices (American)
HFRI Convertible Arbitrage Index 1.54 87.98 5.12 0.99 0.52 2.19 6.02 2.71 126
HFRI Distressed Securities Index 1.42 39.94 7.29 1.09 0.42 1.62 5.26 1.66 126
HFRI Emerging Markets (Total) 0.60 12.84 7.20 0.45 0.22 0.71 1.91 0.80 126
HFRI Equity Hedge Index 0.99 19.40 7.99 0.80 0.47 1.65 2.95 2.01 126
HFRI Equity Market Neutral Index 1.12 110.61 3.35 0.83 0.49 2.86 6.58 3.62 126
HFRI Equity Non-Hedge Index 0.59 10.19 6.51 0.61 0.27 0.85 1.83 1.05 126
HFRI Event-Driven Index 1.27 25.45 7.46 111 0.42 1.60 3.96 1.71 126
HFRI Fixed Income (Total) 1.23 40.35 3.59 111 0.39 1.76 5.84 2.08 126
HFRI Macro Index 0.91 29.99 5.46 1.12 0.46 1.94 3.18 2.44 126
HFRI Market Timing Index 1.12 22.54 7.53 1.01 0.52 2.16 3.15 2.88 126
HFRI Merger Arbitrage Index 1.35 36.71 4.78 0.91 0.40 1.67 5.30 1.81 126
HFRI Regulation D Index 1.37 60.56 9.28 0.80 0.67 251 4.25 3.33 126
HFRI Relative Value Arbitrage Index 1.70 52.54 5.13 1.35 0.41 1.74 9.17 1.72 126
HFRI Short Selling Index 0.00 0.02 2.50 0.00 0.00 0.20 1.16 0.23 126
HFRI Fund of Funds Composite Index 0.71 16.85 3.61 0.58 0.28 1.43 291 151 126
HFRI Fund Weighted Composite Index 0.94 17.53 5.87 0.84 0.36 1.46 2.98 1.63 126
Panel D: Stock indices
MSCI World 0.17 241 0.00 0.15 0.07 0.37 1.36 0.46 126
MSCI US 0.21 3.27 0.89 0.19 0.10 0.42 1.39 0.52 126
MSCI Europe 0.31 4.95 2.54 0.27 0.14 0.49 1.50 0.60 126
MSCI Nordic 0.35 6.15 5.22 0.29 0.17 0.48 1.45 0.60 126
MSCI World Small Cap 0.27 4.83 2.25 0.26 0.12 0.48 1.44 0.57 126
MSCI US Small Cap 0.34 6.23 3.86 0.39 0.16 0.50 1.50 0.62 126
MSCI Europe Small Cap 0.44 8.53 5.27 0.38 0.18 0.60 1.64 0.70 126
MSCI Nordic Small Cap 0.61 11.87 8.92 0.51 0.25 0.71 1.82 0.84 126
Panel E: Bond indices
Lehman Global -1.32 169.23 -3.84 -1.25 -0.67 -0.05 0.96 -0.06 126
Lehman US Gov. -0.88 66.32 -3.66 -1.04 -0.42 -0.01 0.99 -0.02 126
Lehman US High Yield -0.18 -6.20 -2.92 -0.20 -0.09 0.14 1.13 0.17 120
Handelsbanken Nordic -0.44 -1405.32 -3.93 -0.35 -0.28 -0.02 0.98 -0.03 126
Panel F: Commodities
Bloomberg European Commodity index 0.20 29.51 2.99 0.16 0.10 0.42 1.37 0.53 126
IPE Brent Crude 0.42 -315.17 14.30 0.50 0.20 0.50 1.45 0.65 102
Englehard Gold Bullion Spot 0.08 14.49 0.98 0.08 0.05 0.41 1.30 0.55 126
MSCI Energy 0.42 10.63 5.66 0.50 0.22 0.71 1.61 0.90 126
LME Aluminium 0.14 5.92 1.29 0.14 0.09 0.46 1.34 0.60 126
LME Copper 0.34 14.81 6.30 0.27 0.22 0.65 1.47 0.85 126
Natural Gas NY 0.03 -31.78 2.95 0.05 0.01 0.07 1.06 0.08 126
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Appendix 2

This appendix shows the Spearman’s rank correlatomificients between the different

performance measures.

Treynor Jensens Alpha AR-adjusted SR Modified SR Sortino Omega Kappa
Panel A: Average individual hedge fund (Nordic)
Sharpe 0.09 0.37 0.77 0.89 0.89 0.94 0.94
Treynor -0.60 -0.31 -0.14 0.26 -0.03 -0.03
Jensens Alpha 0.54 0.37 0.14 0.31 0.31
AR-adjusted SR 0.94 0.77 0.89 0.89
Modified SR 0.83 0.94 0.94
Sortino 0.94 0.94
Omega 1.00

Panel B: Hedge fund indices (Nordic)

Sharpe 0.31 0.77 0.89 0.83 0.83 0.60 1.00
Treynor 0.71 -0.14 0.03 0.03 -0.49 0.31
Jensens Alpha 0.49 0.60 0.60 0.20 0.77
AR-adjusted SR 0.83 0.83 0.83 0.89
Modified SR 1.00 0.83 0.83
Sortino 0.83 0.83
Omega 0.60

Panel C: Hedge fund indices (American)

Sharpe 0.82 0.19 0.65 0.62 0.62 0.86 0.54
Treynor -0.06 0.56 0.72 0.88 0.95 0.80
Jensens Alpha 0.09 0.44 0.06 -0.18 0.14
AR-adjusted SR 0.41 0.48 0.68 0.43
Modified SR 0.88 0.55 0.90
Sortino 0.76 0.98
Omega 0.67

Panel D: Stock indices

Sharpe 0.98 1.00 0.93 1.00 0.93 0.90 0.93
Treynor 0.98 0.98 0.98 0.98 0.93 0.98
Jensens Alpha 0.93 1.00 0.93 0.90 0.93
AR-adjusted SR 0.93 0.95 0.88 0.95
Modified SR 0.93 0.90 0.93
Sortino 0.98 1.00
Omega 0.98
Panel E: Bonds

Sharpe -0.80 0.40 1.00 1.00 0.80 0.80 0.80
Treynor 0.20 -0.80 -0.80 -0.40 -0.40 -0.40
Jensens Alpha 0.40 0.40 0.80 0.80 0.80
AR-adjusted SR 1.00 0.80 0.80 0.80
Modified SR 0.80 0.80 0.80
Sortino 1.00 1.00
Omega 1.00
Panel F: Commodities

Sharpe 0.04 0.79 1.00 0.96 0.93 0.96 0.86
Treynor -0.14 0.04 0.21 0.07 0.21 0.00
Jensens Alpha 0.79 0.75 0.68 0.75 0.57
AR-adjusted SR 0.96 0.93 0.96 0.86
Modified SR 0.96 1.00 0.89
Sortino 0.96 0.96
Omega 0.89
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Appendix 3

Distributions under different proxies for the margertfolio in the CAPM.

MSCI Nordic:
ol Mean 0.39
ol St.dev. 0.65
w0 Skewness 0.17
Excess kurtosis -2.75
N 107
Jarque-Bera 34.12
1o 08 00 00 00 00 ob 04 06 08 10 b» 14 16 13 'ma ae P(J-B) 0.0000
Monty Apha, %
MSCI Europe:
“1 Mean 0.19
St.dev. 0.78
Skewness -0.25
Excess kurtosis -2.28
N 107
Jarque-Bera 24.32
0 00 08 D 05 O O 04 05 08 10 1» 14 1o 13 22 24 2t P(J-B) 0.0000
Monty Apha, %
MSCI World:
Mean 0.45
St.dev. 0.68
Skewness 0.23
Excess kurtosis -2.54
N 107
Jarque-Bera 29.73
Monty A, %
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Appendix 4

Distributions under different proxies for the margertfolio in the adjusted CAPM.

MSCI Nordic:
127 Mean 0.14
07 St.dev. 0.88
Skewness -0.42
o1 Excess kurtosis -2.14
‘ N 107
2 Jarque-Bera 23.55
e 210 08.05.04 .02 00 02 04 08 05 1 14 16 15 20 20 24 3 P(J-B) 0.0000
Monty Apha, %
MSCI Europe:
2 Mean -0.04
w0 St.dev. 1.12
8 Skewness -0.87
6 Excess kurtosis -0.97
‘ N 107
2 Jarque-Bera 17.81
eivcssszycsizszenzezaves P(J-B) 0.0001
Monty Apha, %
MSCI World:
-l Mean 0.19
ol St.dev. 0.86
ot Skewness -0.21
T Excess kurtosis -2.68
i N 107
2 Jarque-Bera 32.77
° P(J-B) 0.0000
Monty Apha, %
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A

Distributions under different proxies for the margertfolio in the Four Factor Model.

ppendix 5

MSCI Nordic:
ol Mean 0.04
ol St.dev. 0.94
w0 Skewness -0.57
Excess kurtosis 1.22
N 107
Jarque-Bera 12.45
e o 03 0 08 1a e ia'ma 21 a0 ae P(J-B) 0.0020
Monty Apha, %
MSCI Europe:
i Mean 0.03
ol St.dev. 0.98
0 Skewness -0.32
Excess kurtosis 0.82
N 107
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o e e o a 0e 08 1s e 1ama 27 20 ot P(J-B) 0.0875
Monty Apha, %
MSCI World:
-l Mean 0.13
! St.dev. 0.95
w0} Skewness -0.04
T Excess kurtosis 0.74
N N 107
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Appendix 6

Estimation results when a principal component asesys used to estimate the proxy for

the market portfolio (used to test the CAPM). Stadcerrors are reported in parentheses.

Composite Index  Average individual fund

Alpha (monthly), % 1.14 0.51
Std. Error Alpha (monthly), % (0.22) (0.06)
P-value (for Alpha not 0) 0.0000 0.0000
R-squared 0.1926

Percent of funds with Alpha significant > 0 31.8%

Percent of funds with Alpha significant < 0 0.0 %

Distribution of the alphas:

18 -

16

14

12 A

10+

-10 -0.8 -06 -04 -0.2 0.0 0.2 04 06 08 10 12 14 16 1.® 22 24 26
Monthly Alpha, %
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Appendix 7

This appendix shows the estimates of alphas fdereifit principal components in the

implicit factor models (standard errors are repbrteparentheses).

Alphas when the principal components (3) are foriinech the 21 hedge funds that were
registered in HedgeNordic as of January 2002:

Composite Index

Average individual fund
Alpha (monthly), % 1.10 1.01
Std. Error Alpha (monthly), % (0.05) (0.06)
P-value (for Alpha not 0) 0.0000 0.0000
R-squared 0.9834

Percent of funds with Alpha significant > 0

79.4 %
Percent of funds with Alpha significant < 0

0.0 %

Alphas when the principal components (4) are forifinech the 33 hedge funds that were
registered in HedgeNordic as of January 2003:

Composite Index

Average individual fund
Alpha (monthly), % 1.02 0.97
Std. Error Alpha (monthly), % (0.03) (0.06)
P-value (for Alpha not 0) 0.0000 0.0000
R-squared 0.9940
Percent of funds with Alpha significant > 0 76.6 %
Percent of funds with Alpha significant < 0 0.0 %

Alphas when the principal components (4) are foriinech the 54 hedge funds that were
registered in HedgeNordic as of January 2004:

Composite Index

Average individual fund
Alpha (monthly), % 0.65 0.61
Std. Error Alpha (monthly), % (0.02) (0.07)
P-value (for Alpha not 0) 0.0000 0.0000
R-squared 0.9976

Percent of funds with Alpha significant > 0

62.6 %
Percent of funds with Alpha significant < 0

0.9 %

Alphas when the principal components (7) are foriinech the 66 hedge funds that were
registered in HedgeNordic as of January 2005:

Composite Index

Average individual fund
Alpha (monthly), % 0.46 0.46
Std. Error Alpha (monthly), % (0.03) (0.08)
P-value (for Alpha not 0) 0.0000 0.0000
R-squared 0.9978

Percent of funds with Alpha significant > 0
Percent of funds with Alpha significant < 0

43.1 %
2.0 %
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. MSCI Emerging MSCI World MSCI Nordic Lehman US
MSCl World -~ MSCI Nordic Markets Small Cap Small Cap Government
Equities -0.172 0.275 -0.109 -0.029 0.240 -0.246
Fixed Income 0.058 0.151 -0.071 -0.130 0.043 -0.059
Multi Strategy 0.008 0.136 -0.085 -0.096 0.163 -0.191
Managed Futures -0.268 -0.048 -0.008 -0.111 0.287 0.112
FoHF -0.203 0.131 0.002 0.423 -0.019 0.330
Composite -0.132 0.171 -0.044 0.025 0.149 -0.051
Lehman US Handelsbanken Bloomberg European IPE Brent Englehard Gold CBOE SPX
Cont. High Yield Nordic Commodity Index Crude Oil Bullion Spot  Volatility Index
Equities -0.018 0.440 0.005 -0.051 0.065 0.057
Fixed Income 0.132 0.950 -0.125 0.097 0.140 0.001
Multi Strategy 0.030 0.757 -0.089 0.047 0.064 -0.003
Managed Futures 0.136 1.245 -0.052 0.009 0.222 -0.026
FoHF -0.081 0.128 -0.028 0.035 0.086 0.021
Composite -0.018 0.525 -0.058 0.015 0.080 0.024
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Appendix 9

Distributions of estimated individual stock-betaim every hedge fund style.
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Appendix 10

Distributions of estimated individual bond-betahiit every hedge fund style.
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