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ABSTRACT

Hedge funds and fund of funds, as alternative investment vehicles, havedenjoy
healthy growth in recent years. These investments became populénefor
extraordinary performance characteristics that differ frotarms of traditional
asset classes. This is due to their capability to deliver p@sgiurns when equity
markets are both up and down. That is an attractive return profilgoftfolio
diversification and optimization purposes, in order to reduce risk andagere
return.

Because fund investment is primarily based on expected performaecestical
or empirical based return expectation models are required. Pantidille special
characteristics of these alternative investments lead t@uifés in modeling
their returns.

The objective of this diploma thesis is to explore different avéasdge fund and
fund of funds research. This work will present a general overvielweoimodels
that are used to describe these unusual return characteristicgl Speus is

directed to the multi factor model approach developed by Fung and Hsieh (2001).

The final part covers an empirical analysis of monthly hedge fundiréata. By
the use of the principal component analysis and the application of daAARI
model the author develops a multi factor model in order to forecasttimas of

hedge funds.
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1 INTRODUCTION

1.1 Motivation

In general, money is a limited resource. Hence, the use of momnelaied to
costs, like the input of any other restricted resource too. Thess aost
determined by the worldwide operating capital markets, which faltes the
market participants to deploy money efficiently. On principle, moray loe

deployed in three different purposes:

= |t can be used for consumption purposes, in order to satisfy both

essential as well as luxury requirements

= Money can also be saved to establish reserves, which will prevent

from difficult economic situations

» Investment decisions present opportunities to enhance the amount of

capital, if invested successfully

Usually, every single participant in the capital markets, i.¢itutisnal as well as
private players, has to decide, which amount of money he wants totalloca
consumption, reserves, and investment. The overall objective of thisodecisi
process is to obtain the highest individual utility. Consequently, the ezthant

of efficient capital allocation makes a general contribution to higher utility.

In this sense, the thesis contributes to the enhancement of effioiestment
decisions. The primary task confronting investors is to form an eduoptrion
about the value of a certain investment object. Then, the investmesibdsare
based on this opinion. Usually, business analysts develop these opinions to

allocate capital efficiently.

The focus of this diploma thesis is directed to the investments aneolyg funds
(HF) and fund of funds (FoF). Especially, in the case of these ingastrehicles
the decision making process turns out to be very complex. The development of

models, which are able to describe the return generating process n¥vésigrient
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class, is a fundamental part of the analyst’'s job. The models aisegport the
decision making process are often multi factor models. Although #ierady
exist statistical models, which can describe the returns dititnaal investment
vehicles, empirical studies have proved that these are not sui@ablind
description of hedge fund returns. On the one hand, this implicates a deeper
analysis of hedge funds and fund of funds. On the hand, this poses the question of

how to model the special return behavior of hedge funds.

1.2 Core Question of the Thesis

Unlike traditional investment vehicles, HF's are less restlich the choice of
instruments used and in the way they take advantage of these. FpiexdF's
are able to gain from both positive and negative price developmentkibyg t
long as well as short positions. Additionally, hedge funds are allowexilize
large amounts of debt capital in order to lever-up returns. Thesebipbesi
enable hedge fund managers to apply investment styles, which areetzynpl
different from those of traditional investment vehicles. Due to thspexial
treatments of HF's, also their performance characteristics differipdéam those
of traditional investment classes such as bonds, ordinary shares amodities.
This characteristic complicates the application of traditional multbfanbdels to
the returns of HF’s. Consequently, new approaches are needed in orajetute c
the special return behavior of HF's. Compared to the long history ahtheal
fund industry, the hedge fund industry is still in its infancy. Thereforeblems
of data biases additionally arise, which have also to be solved wliimodel

building process.

The core question of this thesis is to point out why traditional appreactaetly

fail in modeling the returns of HF's and how methodologies are developed
nowadays, so that the performance characteristics of HF's caudoessfully
described. Thereby, the focus is directed to the particular approadfillam

Fung and David A. Hsiéh published in 2001. [14] During the last decade, the

authors Fung and Hsieh (in the following referred to as FH) intdpsiealt with

! william Fung is Visiting Research Professor ofdfine, Centre for Hedge Fund
Research and Education, London Business School
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the problems of characterizing the performance of HF's in gersrdl the
problems of modeling the returns of particular major hedge fund strategiés Wit
their work Fung and Hsieh successfully developed benchmarks for the nan-line
investment strategies applied by HF’'s. The basis principle ofntlethodology
was established in their work of 1997. [8] On this basis FH weret@blevelop a
multi factor model using look-back options, which is able to capture the
performance characteristics of a particular hedge fund catéfoeymajor group

of hedge funds that belongs to this category is called Commodityingra
Advisors (CTA's). These funds usually apply trend following stragin the
work of 2001 FH developed a multi factor model that successfully Bescthe

returns generating process of hedge funds applying trend following strategies.

David A. Hsieh is Professor of Finance, Fuqua SthbBusiness, Duke University
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1.3 Structure of the Thesis

Basically, the work can be divided into three major parts. The falipvigure

illustrates the general procedure within this thesis.

Fig. 1: Overview — Structure of the Thesis

/ Summary and Conclusior \

P BUEE Empirical Analysis

* Chapter 6

* Quantitative Hedge Funds Performance Analysis
analysis Factor Analysis — Principle Component Anal

Part two: Asset-Based Factor Model for CTA

¢ Chapters 4-5
» Development o

the core questic | - Tradijtional Factor Models for Hedge Fund:s

Part one: Hedge Funds an Factor Models for
* Chapters 2-3 Fund of Funds Asset Returns anc
* Basic principles
Basic Terms, Classificatit Basic Terms, Classificati
Introduction
Motivation Core Question Structure

Source: Self-made figure.

The first part, comprising chapters two and three, clarifieschbasncepts and
provides a common understanding of facts, which are relevant to the problem. The
section serves as basic principle to understand the further developient
modeling the returns of hedge funds. The core of the first paragragiosesithe

classification of both hedge funds and approaches to build multi factor models.

The second part is made up of the chapters four and five. In chaptethéour

attention is turned to the application of traditional factor modeteermatter of
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modeling hedge fund returns. Special focus is directed to the dasetfactor
model, developed by William Sharpe (1992). Considering this example, the
suitability of traditional factor models is examined at filst.turns out that
traditional factor models are not bale to capture the speciabrpeiice
characteristics of hedge funds. The problems related to the weddnatory
power of traditional factor models gives motivation for the second qgfattiis
section. For further developments the author suggests an asset jyasEtia
Chapter five deals with a particular asset based approach, developaddognd
Hsieh (2001), to model the returns of trend following hedge fund strateyjie
first the proceeding within their work is described. Finally, theabdity of their

developed model to capture the hedge fund return characteristics is analyzed.

The third part forms chapter six. The core of this paragraph compses
guantitative analysis of hedge fund return data. The data, provided piiylitig

VAN Company, consists of monthly hedge fund return data in the period of
January 1995 to December 2004. This paragraph is divided into two sections. The
first section deals with the performance analysis of the ddte.sEcond part

contains the elaboration of a forecasting model for hedge fund returns.

At the end of the thesis, the author provides a summary in form anglets
achieved by his work. The insights presented in chapter seven, arerdiéfeed
into general perceptions and personal insights achieved by the authorttiging

work.

2VAN Hedge Fund Advisors International, LLC. htfpsw.vanhedge.com.
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2 HEDGE FUNDS AND FUNDS OFFUNDS

2.1 History

Many perceive the hedge fund industry as a fairly new phenomenon, badtgs

are found in the 1940’s. The birth of hedge funds dates back tc”tBanbiary
1949, when the American Alfred Winslow Jones (in the following redetoeas
AWJ) issued his first private equity fund. Due to his work as an@iadly
specialized journalist, Jones observed that nobody not even the Wall Stree
professionals was able to predict the trend of security priceseQaarstly, AWJ
realized that new strategies should own the ability to genpasitive returns
regardless of the direction of the overall market movements. DhereAWJ
implemented an investment strategy to construct a portfolio, whishlavay in
presumably undervalued stocks and on the opposite short in presumably
overvalued stocks. Unlike other investment managers, who followed buy and hold
strategies only, AWJ was the first manager to combine aadgedriong stock
position with a portfolio that consisted of short stock positions. In the James
financed his long positions of undervalued stocks through selling presumably

undervalued stocks short. [21]

This special strategy enables managers to offset the negesure associated

with owning stocks and bonds by the corresponding short positions. This means,
managers are able to gain profits independently from the overakema
movement, as long as anticipated overvalued and undervalued stocks are
estimated correctly. Hence, Jones swapped market risk for mamsigand in

turn he demanded high performance based fees for his managers. dwedpll

example explains the root of AWJ's strategy once more.
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2 Hedge Funds and Funds of Funds
For example:

» The manager sells one stock of company A at a price of € 100 short, in
order to finance the purchase of two stocks of company B at a price of
€ 50, hence no equity has been used

» For reasons of simplification we do not consider transaction costs and
lending fees for short-selling

Fig. 2: Long-Short Strategy
Price of Price of Stock B (in €)
Stock A 35 40 45 50 55 60 65
(+/-in%) (in€) -30% -20% -10% 0% 10% 20% 30%
-30% 70 0 10 20 30 40 50 60
-20% 80 -10 0 10 20 30 40 50
-10% 90 -20 -10 0 10 20 30 40
0% 100 -30 -20 -10 0 10 20 30
10% 110 -40 -30 -20 -10 0 10 20
20% 120 -50 -40 -30 -20 -10 0 10
30% 130 -60 -50 -40 -30 -20 -10 0

Source: Self-made table.

As one may see in the example, the manager gains from prideglaeats only,

if presumably undervalued stocks perform relatively better than #sumpably

overvalued stocks. The profit is realized independently of the pricetidmgarea

above diagonal of zeros). For this reason, the strategy is nowddaysaded

relative value strategy.

This relative value approach often leads to small return marginas Jones

additionally established the use of a high percentage of debt caphéal his

transaction. In doing so, AWJ was able to raise fund returns by tharagpe

leverage effect. [5]

AWJ organized his fund as a general partnership. This corporatgfoumed a

high flexibility in terms of little restrictions regarding pimlio construction, so

that he was able to put his strategy into practice. 1952 his fundongerted into

a limited partnership, which is to date a common structure in busiviédsn

such limited partnerships the investors are limited partners andahagers are
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general partners. As general partners, the fund managers usuadist ia
significant portion of their personal wealth into the partnership. &hssires the
alignment of economic interests among the partners. Investors toattiership
are charged a performance based fee to successful managéhe [@tentive fee
is usually benchmarked at 0% return each year, or against an mcexas the

U.S. or U.K. treasury rate.

One can summarize that unlike traditional investments, such as nfuiwbs,
AWJ established three important characteristics of investmienegie$ that are

still part of the industry today:
» The combination of long and short positions
» The use of a significant part of leverage

» The incentive management fees

1966 an articlein the Fortune magazine focused on Jones fund and presented that
his fund had outperformed all mutual funds of that era. The prospect ef bett
returns naturally increased the number of funds during the 1960’s. Conseguently
also top money managers were drawn to the hedge fund industry becdlise of

unique fee structure.

With a greater popularity, hedge fund managers changed their approachelManag
were taking more risk by leveraging instead of hedging their positgutsising a
“leveraged-long-only strategy made these funds highly susceptible to market
volatility. In consequence of the market downturn beginning at the end of the 60’s,
these riskier strategies did not pay off. Due to the 1973-1974 beartmarge
hedge fund losses were registered. This led many investor turnfaamrayedge

funds, so that the industry hit a difficult period.

With the arrival of derivates in the 1980’s new investment stytaddcbe
developed. In turn, hedge funds became a more heterogeneous group of

investment vehicles. This was the beginning of a growth industry ane Healg)

! A.W. Jones wrote an article about his investmgé éFashion in Forecasting”in Fortune,
March 1949, 88, 186.
“_oomis, Carol, 1966:The Jones Nobody Keeps Up WitHPortune April, 237-247.
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returns found its record highs during the great tech bubble from 1994 to 1999. As
a result of the burst in 2000, true hedge fund managers were segaratetie
improvised managers. One has to recall that generating absdlutes renrough
shifting market conditions should be the core business of the hedge fund
managers. But still, many funds were positioned too directional, wimaltyfled

to their downfall.

After 2000 the investment industry had changed tremendously. More sophisticate
investors demand profound financial products from their managers, so digat he
funds had to change their approach to attract capital. Nowadays théryindus
acquires customers by explaining clearly their investmentegiest to their
investors and by continuously providing performance data for benchmark
purposes. Additionally, managers can fall back on newer and moreeffici
financial tools today. This is mainly caused by the rapid progressfon

information technologies during the last years.

All these aspects contribute to a sustainable development amongdties fhad
industry, so that both the market efficiency and customer satisfawtere

improved.



2 Hedge Funds and Funds of Funds 19

2.2 Situation of Hedge Funds in Germany

Until the end of 2003 it was not permitted to establish German heohgis.f
Consequently, foreign hedge funds formed the only possibility for the argdst
make use of these investment vehicles. But in fact the tax provisiccrding to
the Foreign Investment Act (Ausland-Investment-Gesetz), efféctprevented
the public distribution of foreign hedge funds in Germany. The incredsimgnd
for investment alternatives and the German investment act (Inmeigjesetz)
adjustment regarding the European guideline (OGAW) gave reason tty rinedi

German wording of the law.

2.2.1 Establishment

At 1st January 2004 the German Investment Modernization Act
(Investmentmodernisierungsgesetz) became operative. This liegissddlows the
establishment of hedge funds in Germany and additionally facilitagepublic
distribution of foreign hedge funds under conditions comparable to those of

German hedge funds.

The establishment of hedge funds as an investment fund is now peimiieah

of a so-called investment fund with additional risks (Sondervermdgen mit
zusatzlichen Risiken). These funds can either be managed by a domesti
investment management company (Kapitalanlagegesellschaftlaoriagestment
stock corporation (Investmentaktiengesellschaft). The new legisla@ases the
hedge fund restrictions in Germany. But still, the actual legar@ment holds
limitations. In fact the establishment of German hedge funds msifbed but due

to the distinction between single hedge funds and fund of hedge funds, ése acc
to them is still restricted. Finally, only fund of hedge funds maylis&ibuted

publicly in Germany?

While institutional investors may directly invest in hedge funds nowaiar

investors only have an indirect access to these financial instrsumienvate

3 SHEARMAN & STERLING LLP; 599 Lexington Avenue, NeYiork, NY 10022;Client
Publication; 10/2003New German Rules for Hedge Funds and Foreign Ftinds,
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investors are only allowed to invest in mutual funds and funds of funds, which
also include the funds of hedge funds. According to this forced divetsificaf
risk, the German Federal Ministry of Finance wants to protegateriinvestors

against essential capital Id5s.

2.2.2 Taxation

Generally, HF's are taxed comparable to the taxation of Geimaastors in
foreign HF's and foreign funds of hedge funds. Unlike HF’s, funds of heotgks f
are basically taxed like German investors in domestic HF'sdantestic funds of
hedge funds. Under the new Investment Tax Act (Investmentsteueijgeisete
different types of funds and corresponding types of taxation can begdistied,
irrespective of whether the fund is foreign or domestic. Accordirey paper of

the BAP the actual situation can be summarized as follows:
1. Transparent Funds
» Funds that fulfill all information requirements
= Transparent funds enjoy optimal taxation of their investors

= Investors will basically be taxed as if they had directly iteesn the

assets held by the fund (“transparency principle”)

= Investors will not be taxed on undistributed capital gains from

securities and derivative transactions
2. Semi-transparent funds
= Funds that do not fulfill certain information requirements

= Investors in semi-transparent funds lose the tax benefits whidledre
to certain income components not disclosed by the fund (capital gains

from shares and dividends; foreign tax credit amounts)

* http://www.uni-leipzig.de/bankinstitut/dokument88-07-08-01.pdf (March 2005)

® The Bundesverband Alternative Investments e.V. I[Bid the lobby association for the
alternative investment industry in Germany. Istnmgoal is to higher the reach and deepen the
public understanding for the asset class. Onlittp:/lwww.bvai.de
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3. Non-transparent funds (all other funds)
= |nvestors in non-transparent funds face punitive taxation
= Taxable income is the higher of:

- All distributions received plus 70 % of the increase between the

first and the last redemption price of the calendar year

- 6 % of the last redemption price of the calendar year

According to Sec. 5 | of the German Investment Tax Act, the nmogbrtant
information to be disclosed by foreign and domestic funds to achieve bpina

treatment for its investors is:

= Overall amount of the retained income and gains after costs,ataltul

on the basis of cash flow accounting

= Capital gains from disposing of securities as well as fronvatere

transactions
= Dividend income
= Capital gains from disposing of shares in companies

= Earnings from disposal of subscription rights with respect to bonus

shares

= Taxable foreign income from which a tax credit in Germanyastgd

as well as the amount of the creditecftax

® BAI e.V.; Achim Piitz; BAI Chairman and Partner at SJBenfidedge Fund Opportunities in
Germany — Practical Guidance Q&A*"
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2.3 Basic Terms

2.3.1 Leverage

In the financial context, the term leverage is defined as the borrowing of money, i
order to gain the expected return on investment via debt capital. oaddithe

equityE, the investment manager applies debt cafitaht an interest rate af .

Without considering debt capital, the expected return on investmenhdgede

by r., the so-called return on equity. According to this, the total expeetath

on investment (including debt capital) is denotedr by, and results as follows:

leop =Tt %D(I’E —I‘i)

As long as the return on equity is greater than the costs of debt capial), the

total return on investment,,, increases simultaneously with the enhancement of
debt capitalD. The greater the part of debt capital the more intensive is the

leverage effect. Here, it has to be pointed out that we arengeaiih expected
returns. In consequence of this speculation, risk is involved within theatron.
Therefore, a possibility of capital losses arises. This ic#se, if the return on

equity is smaller than the cost of debt capital<r,).

2.3.2 Short selling

In practice short selling is perceived as the disposition of siesynvhich are not
owned by the seller. The overall goal is to buyback these secumitiegire at a
lower price. From a legal point of view this process consistsoof §ingle
transactions, which are illustrated in figure three. At fitst, short seller borrows
securities from the security lender for a certain period aé.timreturn, the lender
receives interest payments from this particular short seMdditionally, the
lender often demands a financial security. This security is niyncalled

“collateral’. Furthermore, a leverage effect will occur, if the shortesdtias to
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provide a security less than 100% of the short-selling volume. Subseqleatly
short seller sells the securities at the market. At a ldde, at the latest on
maturity, the short seller has to buyback the securities at dinketnin order to

give these back to the lender.

Fig. 3: Short Selling

Security Lender
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Investment funds
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Hedge funds
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Source: Diagram based on: Kaiser, Dieter G.: Hefdgels, Wiesbaden 2004; Hedgefonds (1):
Assetklasse, http://www.dit.de/data/pdf/researchidb aa_hedgefonds_1 assetklasse.pdf (April
05)

The motivation for this transaction is to gain from falling prioéshe underlying
stock. The short seller achieves profits, if he is able to buybacketheity at a
lower price than the purchase price of the security. In additionhtre seller has
to consider the interest payments on the one hand side. On the opposi@hlee i
to invest the capital, gained from short selling, in order to ylerest by the
purchase of bonds or other securities. The risk of capital loss takire Isnort
seller emerges, if the stock price increases during the shiimgysprocedure or at
the later date of purchase of the underlying security. In thisheakas to buyback
the security at a higher market price. The following table providkesmation
about the use of leverage regarding different hedge fund classesdday Van

Hedge Fund Advisors International, LL'C.

" http://mww.hedgefund.com/van/contact/contact.htm
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Fig. 4: Global Hedge Funds - Use of Leverage

No Leverage
Hedge Fund Style Leverage Low High Total
(<2:1) (>2:1)

Aggressive Growth 30.7% 55.0% 14.3% 69.3%
Distressed Securities 46.3% 42.6% 11.1% 53.7%
Emerging Markets 39.5% 40.9% 19.5% 60.5%
Income 40.0% 31.8% 28.2% 60.0%
Macro 16.2% 29.3% 54.5% 83.8%
Market Neutral- Arbitrage 20.5% 19.5% 60.0% 79.5%
Market Neutral- Securities Hedging 28.6% 26.1% 45.4% 71.4%
Market Timing 36.9% 24.3% 38.7% 63.1%
Opportunistic 22.9% 45.5% 31.6% 77.1%
Several Strategies 29.2% 38.3% 32.5% 70.8%
Short Selling 31.8% 45.5% 22.7% 68.2%
Special Situations 22.2% 57.6% 20.2% 77.8%
Value 30.1% 52.3% 17.6% 69.9%
Total Sample 28.8% 41.4% 29.8% 71.2%

Source: 2003 by Van Hedge Fund Advisors Internatioimc. and/or its licensors, Nashville, TN,
USA.

The table shows that the use of leverage differs among the hedbedtegories.

In general, almost one third of the registered hedge funds abandon thfedebé
capital within their investment strategies and 40% declare to only usadeva a
relation smaller than 2:1. The remaining hedge funds (29,8%) declase taigh
leverage. Consequently, the deployment of debt capital only concerdratas
relative small range of hedge funds. In particular hedge fund managplying
the “Macro-" and “Market Neutral* strategy make an extensive use of leverage in

order to reproduce favored risk-return profiles among their funds.

2.3.3 Incentive fee structure

Besides the use of short-selling and leverage, AWJ also ek@blia
compensation structure, which was different from traditional feetstres. AWJ
introduced a compensation structure within the hedge fund industry, which is
mainly based on the performance of the fund managers. Typically, haude

managers charge a fixed annual fee of 1% to 2%, which is caldwatthe basis
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of the amount of managed assets. Additionally, the managers cmaigeeative
fee of 5% to 25%, which is calculated on the basis of the annual .r&tais
incentive fee is usually a percentage of the profit above thé\adse at the end
of each year. Generally, this incentive fee is subject to a tvgter mark
provision. This means, if the fund loses money, then the manager muspttie

loss in the next year before the incentive fee becomes applicable.

Here, the author wants to point to a structure immanent problem. Tusoki
asymmetric payoff to the manager affects the manager’srpaafce as well as
the fund’s survival. For example, the more the managenisdf the monéy, the

more he may agree to transactions that are more risky.

2.3.4 Hedging

The term hedging refers to an investment strategy with the tolgieio protect
investments against various types of market risks. For examplé® As&d short
selling of overvalued stocks in order to safeguard the long position ofvahaist
stocks against price losses. Today, also options and futures aredutdi hedge

positions within a portfolio, due to their capability of adverse price movements.

A distinction is drawn between static and dynamic hedge stratdgithe case of

a static strategy a long position is only hedged once during the investment duration
by a corresponding short position or option. The application of dynamic hedge
strategies demands at best a continuous adjustment at run tamdingghanges

in price rates of each long position. In the following two explicfiniteons of

hedging are given:

“A hedging transaction is a purchase or sale ofreafcial product, having as it
purpose the elimination of loss arising from pritigctuations. With regards t
currency transactions it would protect one agaifisttuations in the foreigf
exchange rate.*°

=0 O

8 A call option whose strike price is higher thaa tharket price of the underlying security, or a put
option whose strike price is lower than the markwice of the underlying security.
http://www.investorwords.com/3529/out_of the_mohéyl (July 05)

® A.W. Jones wrote an article about his investmeyle $§Fashion in Forecasting”in Fortune,
March 1949, 88, 186

19 \www.cambridgefx.com/currency-exchange/forex-diveghtml (Feb. 2005)
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“A strategy designed to reduce investment risk gisiall options, put optiong
short-selling, or futures contracts. A hedge calp heck in profits. Its purpose i
to reduce the volatility of a portfolio by reducitfee risk of loss.™

[92)

2.4 Traditional and Alternative Investments

Traditional as well as alternative investments are often usedbstract concepts
these days. Additionally, not even literature presents a clear #eckeniiating
statement of these terms. It is clear that these two tareng relationship with
each other. For investment managers alternative investments erdpras
alternative to traditional investments. Alternative investmengs odten newer
instruments than the traditional option, because they provide modern $eiduaire
differ from older investment vehicles. Consequently, the following curesti
arises: What kind of investment can be denoted resw*investmernit3 For
example, some ultra conservative investors would consider stocks and mutua
funds to be alternative investments when compared to fixed-incomenrardst
such as certificates of deposit or fixed annuities. On the oppositg, ve
sophisticated investors may not consider such instruments as alernat

investment vehicles, since they deal with them all the time.

In practice, institutional investors consider alternative investmeatsbe
investments, which either due to their complexity or to their strecare not
actively traded in the public markets. But what kind of real findrmiaducts
hides behind these investments in common use? For a clear diffgmantia
between these two terms the definition of the Bundesverband Alternative

Investments e.\(BAI) shall serve.

According to the BAI, the term traditional investment includes:
» Fixed-interest securities (e.g. bonds, marketable debt instruments)
= Shares, traded on the stock exchange
» Special forms (e.qg. profit certificates, zero coupon bonds )

=  Mutual funds

1 Campbell R. Harvey; www.duke.edu/~charvey/Clasgag/bfglosh.htm (Feb. 2005)
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Besides these traditional forms other investment offers exasgtdiffer in their
return and risk performance characteristics. The term “alteenavestment” has

become a catch-all for these investments, which include:

Commodities

* Precious metals
=  Works of art

» Hedge funds

* Private equity

The term tutual fund, referred to as traditional investment and the terheslje
fund’ as well as fund of fund§ referred to as representatives of the alternative

investment class are explicitly singled out in the following.

2.4.1 Mutual Fund

A fund is a portfolio, which consists of different securities suclheat estates,
fixed-interest securities or investments in other traditionsg¢tasdasses. All these
assets added together deliver a monetary value, which is dividetyla shares.
In turn these constructed shares are then available for capitsidrszeéOwners of
shares within a fund do not own directly the original underlying as$etfund.

They participate in joint property. For this reason shares in a fund are derivates.

In Germany funds are managed by investment management compaiies of f

“Sondervermdgen” according to the German investment act.

Mutual funds are so-called open-ended funds. Basically, funds can béedass
either as open-ended or as closed funds. Unlike closed funds, open-ended funds
are daily traded on the stock exchange and open to the public. Consequently,
mutual funds are liquid instruments since the investor is able lttheeal at any

time for share market price. On the contrary, closed funds are normaliistete
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on the basis of an explicit defined duration and can not be prematotdly s
Hence these instruments are generally illiquid investment vshitleaddition,
closed funds are often over the counter products and are therefore usually not open

to the public.

The following definition of mutual funds will serve through this thesis:

=

“A pool of money from a number of investors thainigested by profession
money managers according to stated investment tl@gec Shares of the fund
are offered, usually on a continuous basis, and bansold back to the fund
anytime at that day’s share price'?

The advantage of fund investment compared to direct security investisest
higher degree of risk diversification. Although fund investors do not have to invest

large amounts of money, they still benefit from the size advantage of joint equity.

12 http://atwork.harvard.edu/benefits/retirement/ghry.shtml (Feb. 2005)
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2.4.2 Hedge Fund

One might think that the term hedge fund defines a “hedged fund”. Thissnaa
investment vehicle that reduces its risk by some kind of insurarategst. But
this conclusion is not correct. Hedge funds are similar to mutual .fUingy are
also actively managed investment portfolios holding positions in puliteded

securities. But unlike mutual funds, they own a broader flexibility in:
= Types of securities they may hold
= Types of positions they may take (long AND short positions)

= Use of leverage [5]

According to AWJ, who only used a long-short strategy, it was apptepaaall

his fund at least partly “hedged”. But in consequence of the emergestment
strategies, this term is very misleading today. The terategly tells us how long
and short security positions are combined to reflect the strategyéctive and
how these positions are levered and managed. The large varietgtefists and
financial instruments used today result in hedge funds that diffepletaty in
performance and risk from the return characteristics of Jones’ findact
nowadays many hedge funds use strategies, which are not at alkdhealg
riskless. For these reasons a definition of hedge funds is noteasyte and
that's why they are often defined by an enumeration of their special

characteristics:

“Broadly defined, hedge funds are private partngosh wherein the
manager/general partner has a significant persaostake in the hedge fund and
is free to operate in a variety of markets andtitize investments and strategi
with variable long/short exposures and degreegwélage.” [23]

D
(2]

“Hedge funds are considered alternative investmesitece they employ gn
investment strategy that differs from conventionddng only, mone
management. ... It encompasses a greater varietynwasiment instrumengs
(options and futures) and a greater variety of stweent techniques (shqrt
selling, hedging arbitrage, etc.) than conventiomaney management24]
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“A hedge fund constitutes an investment programrethe the managers ¢
partners seek absolute returns by exploiting inmesit opportunities whil
protecting principal from potential loss[26]

=

U

The following definition will serve throughout this thesis for themtéihedge

fund™:

“All forms of investment funds, companies and gevaartnerships that
1. use derivates for directional investing
2. and/or are allowed to go short
3. and/or use significant leverage through borrowing

Borrowing includes margin borrowing against seciest foreign exchange
credit lines, and loans. The term significant reféo borrowing in excess of
25%.” [22]

Hedge fund managers take advantage of eased restrictions by devéhmping
own investment strategies (detailed explanation later) thaghpositive returns
independently from market movements. For this reason, hedge fund performance
is not measured relative to a benchmark. Hedge fund managers aneeaisiyred

by absolute returns. That's why hedge fund managers are often ‘cathsolute

return managers
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2.4.3 Fund of Funds

FoF’s are investment funds, which exclusively invest their pooledatapiother

funds. For example, FoF’s do not directly invest in corporate shamsyather

hold shares of equity funds. The individual funds within a FoF’'s aredcalle
subfunds. The fund of hedge funds is a special fund of funds that only invests i
other hedge funds. Funds of hedge funds play a special role according to the
German financial market. Unlike single hedge funds, funds of hedge fandsec
publicly distributed, according to the German investment act. Henoetepri
investors can indirectly invest in hedge funds through buying shares &f. FoF
That's why especially in Germany this investment form athch lot of

attention®®

In comparison with direct investments, FoF’s provide an exclusive adeafia
the investors. The financial risk of the investors can be reduced, dtke to

appearing diversification effect obtained by the investment in funds that are:
» Managed by different fund managers

» |[ssued by different investment management or investment stock

corporations

On the other hand, FOF’'s own a special fee structure. Since épaidrin every
subfund as well as in the FoF’s itself, the total sum of chamgesl ¢uts returns

disproportional heavily?

Additionally, funds of hedge funds are subject to restrictions accotdirtge

German Investment Modernization Act. The manager has to consider:

» The maximum investment in single funds may not exceed 20% of the

total assets of the fund of funds

» The cash at bank and investments in money operations may not exceed

49% of the total assets of the fund of funds

13 http://de.wikipedia.org/wiki/Hedgedachfonds
% http://de.wikipedia.org/wiki/Dachfonds
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» The maximum investment in private equity may not exceed 30% of

the total assets of the fund of funds

*» Funds of hedge funds managers may not invest in more than two

single funds of the same fund manager or emitter

» The use of both leverage and short selling is forbidden

» The use of derivates is only permitted in order to safeguard &gains

currency risks

The following figure illustrates the restrictions, to which fundéiedge funds are

subject to:

Fig. 5: Fund of Hedge Funds - Restrictions

Fund of Hegde Funds

| l

v

l

l

< 30% < 20% <49% <2 0%
. Leverage
Private Equity Single Funds Cash at Bank Single Manager and
/Money Instruments /Emittent .
Short Selling

Source: Self-made figure.
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2.4.4 Summary

Fig. 6:

Hedge Funds vs. Traditional Investments

Alternative Investments

* Incentive management fees

* Skill based strategies - Market
risk is removed by manager risk

» Not subject to strict regulations
(exception: Germany)

» Absolute return approach

» Aim at positive returns
independently from overall
market movements

* Hedge fund managers do not try
to reproduce benchmarks

Traditional Investments

» Fees depend on managed asset
volumes

» Market based strategies
— market risk exposure

* Traditional investments are
subject to strict regulations

* Relative returns approach —
manager performance is relatively
measured to benchmarks
(market)

* Try to reproduce benchmarks

Source: Self-made figure.

2.5 Hedge Fund Classification

The enormous amount of hedge fund strategies and the wide range @ndiffe

instruments used within the HF's make it difficult to get a ganelea of the

hedge fund industry. The specific underlying investments utilized awodtlas

investment strategies employed lead to a large variety ohedkefhedge fund

strategies. Generally, all strategies can be assigned to the followiclgsses:

» Equity hedge strategy

» Relative value strategy

= Event driven strategy

= Opportunistic strategy

» Managed futures strategy

= Multi strategies strategy
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The class of HF’'s applying multi strategies covers the combimsabf strategies,
which are part of the other classes. Hence, this category doesedtto be
explained in more detail. The following diagram gives a generalviave about

the classification of hedge fund strategies:

Fig. 7: Classification - Hedge Funds

Hedge Funds

Equity Hedge Relative Value Event Driven Opportunistic Managed Futures
Strategies Strategies Strategies Strategies (CTA)
1. Market Neutral 2. Fixed Income 4. Merger 6. Global Macro 7. Trend Follower
Arbitrage Arbitrage
3. Convertible 5. Distressed
Arbitrage Securitie

Source: Partners Group; http://www.premier-hedgefioom

Here, the author wants to point out that there are many other hedgsratedies
in practice. But these six classes should be sufficient forgepia&ive purposes.

In the following the aforementioned strategies are explained in detail.

2.5.1 Equity Hedge Strategies

The source of return within these strategies is similaratitional investments.

The aim is to gain from increasing stock prices via the longipositvithin the
portfolio. Additionally, equity hedge managers use short selling and rigedigi
attempt to limit the risk exposure of the purchased long positions.eHequaity
hedge portfolios may be anywhere from net long to net short, depending on the
market conditions. A trading advisor typically combines core long holdifigs
equities or derivates with either short sales of stocks, stock omtens or other

derivatives.
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2.5.1.1 MARKET NEUTRAL

Market neutral funds refer to funds that actively seek to avoid miajofactors.
They are the forerunners of all other types of hedge funds. Marketalneut

strategies refer to the classic model of hedge funds, developed by AWJ.

The aim is to eliminate the influence of the overall stock marketach position
within the fund. This objective is achieved by selling expected ovealoeks
and buying expected undervalued stocks. If this strategy is appligid @itertain
industry to remove the possibility of a particular industry risk fitte holdings,
managers apply the so callgphirs-trading' strategy. This means long and short

positions stem from the same industry.

The risk and also the success of this strategy are based @it galuation of
stocks. This challenges the analyst to decide which stocks are loeenand

which are undervalued.

2.5.2 Relative Value Strategies

Relative-value hedge funds seek profit by exploiting irregularirediscrepancies
in the pricing of stocks, bonds or derivatives. They take a position onrtbrwa
interest rates, on the spread between different yields and alsbeoprite

differences between related securities. They are also called "agbituags

2.5.2.1 FIXED-INCOME ARBITRAGE

The first transactions in the bond arbitrage business correspondedotsite of
share arbitrage. In this case the manager wants to take advaftggyice

differences at different exchange places.

In the case of fixed income arbitrage the instruments appliebloads only. But
unlike shares, bonds own two fundamental differences: they have a deirmi

maturity and secondly they offer fixed payments of interest duhagmaturity.

> FINANCIAL POLICY FORUM, DERIVATIVES STUDY CENTERWashington
http://www.financialpolicy.org (April 05)
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Consequently, managers try to take advantage of these charnastevistn they

apply fixed income arbitrage strategies.

Fixed income arbitrage strategies aim at the generatioapafat gain due to the
change of security spreads. The difference between the intatest of two
financial instruments is called spread. Managers usually utiazporate and
government bonds of comparable characteristics. But in general, thableva
instruments include government bonds, corporate bonds, municipal bonds, options
on bonds, bond futures and other bond derivates. Through the combination of
fixed-income instruments, the managers want to remove the maketbfrthe
interest rates. The basic assumption for the selection procéasdgpositions is

that one particular interest-bearing instrument will go up moreresyectively
down less than another interest-bearing instrument. That's whytthiegy also
belongs to the class of relative value strategies. Thereby noicspssumption
about the general direction of interest is made. Only the spreadecha&tween

two instruments is important. The manager succeeds if the chosen btmrcthpe

“relatively” better than another one.

Almost any combination of fixed-income instruments forms substedegfi the
fixed-income arbitrage category. In the following a few examplesubstrategies

are given:

= Buying long-term government bond and selling a short-term

government bond is called gefm spread

= Buying a corporate bond and selling a government bond of the same

duration is called adefault spreatl

= Buying a government bond and selling a futures contract on the same

bond is called abfasis spread

The risks associated with fixed-income arbitrage funds includeiskehat the
spread moves in the opposite direction to the one assumed. Other factoass
the risk of default of the underlying company, country, etc. or the denera
movements and levels of interest rates at the worldwide camitakets,

additionally influence the values of fixed-income arbitrage funds.
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2.5.2.2 CONVERTIBLE ARBITRAGE

This strategy is the most complex strategy of all relati@kie strategies. The
convertible bond is a hybrid security, partly a traditional bond and pastgck.
Consequently, also the value of a convertible bond consists of two partise On
one hand side, the fixed interest rate and the terminal value form the largest pa
the convertible bond’s price. But on the opposite, also the right to swayoide
for a share at the end of maturity contributes to the price ohaectible bond.
Hence, the value of the underlying stock influences the price of the rtdbltere
bond as well as the risk of default and the general interest bes/@h the case of

traditional bonds.

For these reasons the manager has three different possitdilitigain from

arbitrage activities, by applying the convertible arbitrage strategy:

1. One possibility is to gain from pricing discrepancies between the
convertible and other comparable bonds. For example, if another
traditional bond with comparable maturity and higher yield exists, the
manager sells the convertible bond short, which owns a lower yield, and

takes long positions in the traditional bond.

2. Another way to achieve arbitrage profits can be realized viartiiteedded
option in these bonds. Normally, these embedded options are lower priced
than options traded at the OTC-market. Consequently, the manager sells
high priced options at the OTC-market short and takes long positions in
the lower priced embedded options via the convertible bond. Additionally,
the manager usually immunizes his portfolio against bond yield
fluctuations by concurrently selling similar corporate bonds that are

favorable priced.

3. The third alternative is to achieve capital gain from conversbtairities
that have pricing discrepancies relative to the company’s stockvalbe
of a convertible security also depends on the price of the underlpicky st
This price dependency between convertible bond and underlying stock
avails the manager for arbitrage activities. Since the optionfortys part

of the total price of a convertible bond, the price dependency generslly
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between 0 and 1. For example, if the price dependency equals 0,5 and the
price of the underlying stock increases by 1%, the price of the cimeert

bond will only increase by 0,5%.

Due to the fact that the option forms a bigger or a smaller value component
regarding the stock price movement, this level of dependency
simultaneously changes. Additionally, the price dependency does not
change proportionally, which leads to the fact that convertible bonds
perform “relatively” better independently of the direction of stockeor
movements. It has to be noted that this strategy only pays, if the stoek pr
volatility is high. In the end, this strategy can be interpreteal [t on the

change in the price dependency as a result of high stock price fluctuations.

All of the three possibilities are far less risky than the Ipase of naked
convertible bonds. Consequently, these strategies carry a lowertezkpetirn
than the convertible bond itself. For this reason hedge fund managerty usual
employ high amounts of leverage to amplify the performance of nkesiment

vehicle.

Since convertible arbitrage hedge funds “indirectly” deal witditi@al bonds
and the underlying stock, funds of this category are exposed to thesintate
risk and the risk of corporate default. These risks may be hedde@pptopriate
instruments. In turn, this leads to lower return margins, which ageieases the
utilization of debt capital. Due to the intensive use of leveraga exedit risk

forms part of the total risk exposure.

2.5.3 Event Driven Strategies

Managers applying this strategy try to identify special eviratsaffect corporate
valuations. Thereupon, they construct trades in order to extract valuetindse
events occur. The predominant strategies digtréssed securitiésand “merger

arbitrag€’, which are explained in the two following sections.
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2.5.3.1 DISTRESSEDSECURITIES

Event driven funds refer to funds, which take positions on corporate evéws in
basic ways. Funds that actively take posittbirs the equity of companies, whose

security’s price is expected to be affected by situations such as:
= Corporate bankruptcies
= Reorganizations
= Distressed sales

= Corporate restructurings

are referred to a®Distressed Securities” Depending on the manager’s style, the
positions are normally acquired through bank debt or high yield corporate bonds.

Only sometimes managers use company stocks within this strategy.

2.5.3.2 MERGERARBITRAGE

Another well known event-driven strategy is call&derger arbitrage strategy’
This strategy is also known &ssk arbitrage strategy”. Managers following this
strategy take advantage of corporate events that are often pudictyunced
months before they actually take place. The situations, managatstavgain

from, include:
= Mergers and acquisitions
= Spin offs
» Recapitalizations
= Share buy-backs
= Exchange offers

= Leveraged buy-outs

'8 Such strategies may invest or sell short
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The most common strategy of these is the merger and acquisitairgy.

Therefore, this strategy is subject to further examinations.

Funds that belong to this style category usually invest in compantash
participate in announced mergers and acquisitions. Assuming an announced deal
will be completed; managers want to gain from this situation lballysgoing

long the equities of target companies and going short the equitiles atquirer.

If this deal comes true, managers want to take advantage oadhehét the
acquirer has to make a bid, which is above the actual stock pribe ¢arget.
Otherwise the shareholders will not sell their equity. Consequémiystock price
increases towards the acquirers offer. By an increasing propaifilit successful
merger the stock price of the target simultaneously increesgsds the offered

bid price. For example, if the bid is in form of a share deal,atget stock price
would move towards the stock price of the acquiring company. Therefore, the
investor anticipates a better development of target shares ationelto the
acquirers stocks. In this case the manager is able to gairagebjirofits if he
finances long positions in the targets’ stock through short sellsecadquirers’
stock. This strategy is applied in reverse based on the assumption that thid dea

fail.

Normally, these event driven strategies do not implement hedgihgugh this is
possible through simultaneously buying and selling two instruments chathe

company.

2.5.4 Opportunistic Strategies

Rather than consistently selecting securities according toathe strategy over
time, some managers change their investment approach in order totadapt
changing market conditions. In doing so, managers are able to take gdvahta
currently opening investment opportunities. Consequently, charactentibe

portfolio, such as asset classes, market capitalization, etdikahg to vary
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significantly from time to time. Additionally, the manager maynploy a

combination of different approaches at a certain point in tfme.

2.5.4.1 GLOBAL/MACRO

Global/Macro funds commonly refer to those funds that rely on macroeamnom
analysis in order to take bets on expected market movements. Henoggriager
seeks to profit from changes in the value of an entire asset tlas movements

may result from forecasted shifts in:
= The world economies
» The political fortunes

= The global supply and demand for physical and financial resources

The risk that managers of global/macro funds have to consider isthinat
anticipated situation will not materialize at all or that dnéicipated situation will

not have the designated effect on the taken positions.

The manager constructs his portfolio based on a top-down view of global
economic trends instead of considering individual corporate securitiesefore,
a wide range of investment vehicles are utilized of the mandgeosder to take
advantage of the perceived situation, positions are taken in stocks, bonds,

currencies, commodities or any other liquid investment vehicle.

Finally, one can say that global/macro funds follow the most litdrall hedge
fund management styles, since the investment approach may changme\ad

the applied range of financial products is extremely wide.

2.5.5 Managed Futures

The term managed futures describes an industry made up by professooei
managers that are known as commodity trading advisors, in the follogferged

to as CTA’s. Usually, trading advisors invest on the basis of mathematckls.

”van Hedge Fund Advisors International, LLC, Na#lyiTennessee;
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The trading may occur at any time horizon (short, medium, or long term
timeframes). The establishment of global futures exchanges and the acdogppany
increase in actively traded contract offerings allow tradingsadsito diversify
their portfolios by geography as well as by product. Nowadays, mahaiyees

accounts can participate in at least 150 different markets waoddwihese

markets include:

Fig. 8: Managed Futures - Markets
Managed Futures
Markets
Ener financial agricultural precious and
9y Stock Indices and tropical nonferrous Currencies
Products Instruments
Products Metals

Source: Self-made figure.

Consequently, most CTA’s are globally diversified and trade a poriddlmany
markets. This is one of the reasons why managed futures are r&stintg for
investors as they provide diversified exposures to a wide range metna
Typically, CTA’s apply derivative instruments within their investrh strategies,

which include:

Fig. 9:

Managed Futures — Instruments

Managed Futures
Instruments

Future
Contracts

Forward
Contracts

Options

Source: Self-made figure.

http://www.hedgefund.com/abouthfs/strategysect@tsgysector.htm (April 05)
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These investment vehicles are financial contracts for the bugithgelling of an
index, stock, bond, or commodity at some future date. In the sense of portfoli

theory these financial contracts are used as following:
» Contracts for buying a certain asset act as long positions

»= On the opposite managers may hedge a portfolio or take advantage of

negative price movements by contracts for selling an asset in the future

In doing so, managed futures trading advisors can take advantage oharof ki
price trend. CTA’s that take advantage of anticipated price treypdspplying
future contracts are calléttend followers”. This category, which belongs to the

class managed futures, is explained next.

2.5.5.1 TRENDFOLLOWER

The primary trading strategy employed by CTA's is the systematic-todiogving
strategy. The objective of systematic trend followers is ton deom the
maintenance of positions through any kind®dbng term trend$? which take
place in the markets. As we already know, managed futures tragdimgpis are
able to take advantage of price trends, irrespective of the dimeofi price
movements. They can buy futures positions in anticipation of a risingemar
sell futures positions in order to anticipate in falling markets. éxample, hard
commodities such as gold, silver, oil, grains, and livestock tend to dauveig
periods of hyperinflation. Therefore, CTA’s purchase contracts to bag tesets
in the case of hyperinflation, so that the managers may gainthenmcreasing
prices. On the contrary, futures provide the opportunity to gain profiselbgg
into a declining market with the expectation of buying or closinglipbsition
at a lower price during deflationary times.

The trading itself is based on the systematic application of ¢atarei models

that produce “reliable” forecasts of the contracts underlying. Tbhdeta are

'8 negative as well as positive price movements
9n this case, trends that last longer than onetimare usually denoted as long term trends.
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responsible for the generation of “buy” as well as “sell” sigrar a set of

markets.

2.6 Assignment of Hedge Funds

As we have seen, hedge funds themselves are not a homogeneous group of
investment vehicles. In practice, there is some disagreementhaiyoud classify
hedge funds and about how to assign a single hedge fund to a certaimpdedef

category.

Combining single funds to one category not only serves for simpidicat
purposes. In practice, one important issue considers the specialeareamgof

hedge funds, so that hedge fund indices can be formed. This enables ineestors
observe performance characteristics of different investmemnaiitees, in order

to provide benchmarks as an additional basis for investment decisiortsteakt
selected strategies. Hence, an assignment methodology deliversesdss if
interclass correlations are low and hedge fund return correlatitims wach class

are high. From this it follows that each class should includedbeétct’ single

hedge funds. One distinguishes between two possible assignment techniques,

which are explained in the following:
» Thequalitativeapproach

» Thequantitativeapproach

Detailed descriptions of these two different approaches to group hetigeare

given in the following sections.
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2.6.1 Qualitative Assignment of Hedge Funds

The application of the qualitative approach means that we assign hedtge
according to their qualitative characteristics. In this caseaghgnment of a fund

to a certain class of funds is based on their self-described nmemisstyles. This

so calledself-descriptionis usually published by the fund manager, who wants to
attract many investors to pool fund capital. According to Richard Erudba

single fund can be assigned according to the following three factors:
*= The overall goal
» The instruments employed

» The investment procedures applied

If the qualitative assignment of single hedge funds leads tocrasgwhich are
fundamentally and statistically uncorrelated with each other arteiffunds
within each class show high correlation has to be proved. Within ansanafy
Richard E. Overuc, he employed indices defined by Hedge Fund Ré&earch
(HFR) and accepted their assignment of individual funds to hedge fiegbaas.
Other organizations tracking the performance of hedge funds usewlifeererall
classification schemes. The following table summarizes aitioreed hedge fund

strategies regarding the classification factors of Richard E. Overuc:

% Hedge Fund Research Inc. is a research comparigh wgovides investors with up-to-the-
moment quantitative data and two-page state-okthexnalytical reports on over 1500 Global
Fund of Funds from HFR Database. http://www.hedgdfesearch.com (06/2005)
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Fig. 10:  Qualitative factors for the class assignment of hedge funds
Gain by Instruments Procedures Risks
. Pricing differnce: « Convertable * Buying * Interest rate risk
Convertible convertable bonds convertible bonds * Credit risk
Arbitrage security«<> stock * Undelying stocks « Short selling of * Risk of default

Fixed-Income
Arb.

Event Driven

Difference between
bond spreads

Anticipated
corporate events

commodities

« Corporate bonds

 Bonds: governement,
corporate, municipal

« Options on bonds
« Bond futures

« Company shares
« Corporate bonds

stocks and corporate
bond

* Term spread
« Default spread
« Basis spread

« Distressed
securities

* moving averages
« time series analysis

« Interest rate risk
* Risk of default

* Risk of default
« Deal failure

« Bank debt « Reorganisation
G | Ob aI Anticipated  Stocks « Free investment * Risk of default
economic and * Bonds concepts * Anticipated ever
Macro political events « Currencies does nor occur
« Commodities
Avoidance of « Stocks « Long/short « Correct valuation
Market major strategies of stocks
Neutral risk factors « Pairs trading
Man d Anticipated price « Future contracts generating trade signals « Correct valuation of
anage developments of « Forward contracts based on quantitative price movements
Futures stocks, bonds, and < Options methods, e.g.:

Source: Self-made figure.

The correlations between hedge fund indices and single funds withinneesh
are represented in figure 11. The table shows that the averagk&tonramong
funds within each hedge fund strategy tends to be low. From thidotvéothat

hedge funds applying the same strategy generally have independent performances.
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Fig. 11:

Correlation between indices and their single funds

Market neutral
funds

Global macro
funds

Event-driven
funds

Fixed-income
abitrage funds

Convertible
arbitrage funds

Strategy

0,108

0,076

0,283

0,438

08 09 1
Correlation

Source: Hedge Fund Correlation Coefficients amoimgle hedge funds (January 1990 —
December 2001)

In the following a table of hedge fund index correlation coefficipndsided by

the HFR is given. Also the assignment of each fund to a particatagory is

made by HRF. [28] Via the hedge fund index correlation coefficiesgarding

each category we can prove if the classes are statigticatiorrelated. The

statistics for these hedge fund indices, shown in the table beloweseaprthe

performance of a portfolio of all funds constituting each index.
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Fig. 12:  Index correlation coefficients
Fixed-
Convert. Income Event- Global Market S&P 500 Govt.
Strategies Arb. Driven Macro Neutral Stock Bond
Arb.
Correl. Correl. Correl. Correl. Correl. Correl.
Correl.
Convertible arbitrage funds 1 0,13 0,62 0,4 0,14 0,33 0,1
Fixed-income abitrage funds 0,13 1 0,2 0,12 0,06 -0,04 28-0,
Event-driven funds 0,62 0,2 1 0,57 0,17 0,6 0,06
Global macro funds 0,4 0,12 0,57 1 0,21 0,43 0,33
Market neutral funds 0,14 0,06 0,17 0,21 1 0,11 0,2
S&P 500 stock index 0,33 -0,04 0,6 0,43 0,11 1 0,21
U.S. government bond index 0,14 -0,28 0,06 0,33 0,23 0,21 1

Source: Hedge Fund Index Correlation Coefficiedenfiary 1990 — December 2001)

Table 12 shows that each of the five hedge fund categories is siablgtant
independent of the others. One can also observe that the examined funiids tend
be independent from traditional asset classes, such as stock and bé&ets.mar
Only event-driven funds and global macro funds have a modest correlation wi

the stock market.

2.6.2 Quantitative Assignment of Hedge Funds

The problem related to a qualitative hedge fund classificatidraishere is often
a difference between what managers say they do and what thgylcedn order
to solve this problem Fung and Hsieh (1997) (in the following referred teH)
provided a quantitative classification scheme. This serves asigmrasnt basis
alternative to the qualitative style descriptions. [9] This schisntased on fund
returns only. FH argued that two hedge funds should deliver correlatumgs, if
their managers apply the same strategy in the same market. In orcrgdumnds
based on their return correlation with each other, FH used the principle component
analysis (PCA; explained in section 3.6) in order to find common foidrich
explain the cross sectional variation in hedge fund returns. The fesultthis
was that the first five principle components (PC), each reprageaticertain

strategy, were able to explain 45% of the variation among the underlying dataset.
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The basic idea of the qualitative assignment is that hedge funde grouped by
the correlation between their returns and these five PC’s. Theat@n with one
of the five PC’s denotes that this particular fund applies aicesteategy. The
fact that there are different principal components implicatésuhd returns have
low correlations to each other. In turn, this tells us that a diftetype of risk is

associated with these investment styles. The assignment is as follows:

= Funds, which returns correlate with the first PC apply tr@nt

following’ strategy
= The second PC represenggdbal/macrd funds
= The third component is made up ¢drig only funds

= The fourth component corresponds to funds, which applyrend

following’ strategy with emphasis on major currencies

= The fifth PC representglistressed securitié$unds

2.7 Critical Approach of alternative Investments

According to a paper, published by the Reserve Bank of Audtrilig], critics

can generally be grouped into three major statements:

2.7.1 Hedge funds put at risk the integrity of markets

Over the 1990s hedge funds have emerged as major financial playéa&jngy
very large positions in particular markets. This has led to condkatshedge
funds are contributing to financial instability and impairing thecieifit operation
of markets. One of the main arguments against hedge funds isptioaate of
economics destabilization. Critics accuse hedge fund managersngiutaiing

markets and currencies by their aggressive trading stratefjies means, the

! Reserve Bank of Australia, Sydney, March 193%edge Funds, financial Stability and Market
Integrity’; Paper submitted to House of RepresentativesdBigrCommittee on Economics,
Finance and Public Administration’s Inquiry inteetmternational Financial Markets

Effects on Government Policy, June 1999;
http://www.rba.gov.au/PublicationsAndResearch/OiccadPapersAndOtherReports (April 05)
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expectations of major market participants may cause negatilteennés on
interest and monetary politics. For example, politicians considergéesoros to

be responsible for the rapid currency devaluation, due to his famous @ttéite
British Pound in 1992. George Soros anticipated the Pound to be overvalued. He
found out that the British bank of issue bought large amounts of Britisbeddan

order to keep the price up on an “artificial” high level in situatiohthe shortfall

of a certain mark. Consequently, the price did not reflect the weakomic
situation of the country. Therefore, Soros took a notably bet, associdtea w
high portion of leverage, on falling exchange rates. Over timeg#erves of the
British bank of issue were not sufficient to stop the devaluation, sthia&ritish
pound fell rapidly, additionally strengthened by Soros speculations. Soros
extracted from this transaction about $ 1billion and in consequence iotehse
inflation the UK left the European Monetary Union. If the British Powudild

have gone down anyway sooner or later or if Soros has been the only @spons

is still material of discussion these days.

2.7.2 Hedge funds offer little protection to investors

Another often discussed critical argument against hedge funds imdkeof
supervision through an institution. Due to the unique organizational strwgture
hedge funds, they are subject to little restrictions. Thereforg,diharot have to
publish information unlike mutual funds. The organizational structure tedtie
fact that investors in hedge funds are typically both sophisticatédvaalthy.
Additionally, they have the resources to monitor and assess theheigkatke.
Consequently, such investors should be able to manage their investntbotg wi
government regulation. If they are dissatisfied with the amounbfofmation
they are receiving, they should either put pressure on the fund mamggevide
more information or they can place their capital elsewhere. i€hike major
reason why hedge funds have been subject to minimal regulation in th8uygas
still, critics demand public-policy response in order to enhance dbditst of the
financial system. If critical situations, as in the case ohd. Term Capital
Management, can be avoided by disclosures there is a strong amdagitase

for this to reduce and contain those risks.
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2.7.3 Hedge funds endanger the stability of the financial system

The extensive use of leverage in combination with hedge funds isofiéso
criticized. The part of leverage is determined by the amount obwed debt
capital and the application of derivatives and short selling. Levésggencipally

used by investment managers to gear up the performance of hedgeadtegies,
whose margins are very small. A high leverage ratio additiorailgs the risk of
hedge funds. For example, the debacle of the well known hedge fund, Long-Term
Capital Management LP (LTCM), highlights the risks of leverdgeCM was
formed in February 1994. One of the reasons for LTCM'’s near failaset® high
leverage ratio and the lack of adequate capital to back its porffokitions.
LTCM got into difficulties when it thought that the high spread betwgrices on

long term treasury bonds and long term corporate bonds was too high, #mat bet
this spread would narrow. [7] Due to the Russian debt default in 1998 and its
impact on financial markets around the world, LTCM lost majoritytofassets

and faced numerous margin calls from different investment banks. Nitgha

enough equity to cover these calls, LTCM was on the brink of bankruptcy. [13]
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3 FACTOR MODELS FORASSETRETURNS AND RETURN
VARIABILITY

3.1 Introduction

The objective of modern portfolio theory is to provide the investment reasiag
with an optimal portfolio according to the investor’s requirements.nideager’s

objectives are measured in terms of expected return at miriskahile he has
to face an infinite number of possible securities. Consequently, thetonveseds
a statistical model that describes how the return on a semugtgduced, the so-
called return-generating process. In order to meet the invesktpestations, this
framework has to consider expected returns as well as standaediaieyiof

securities and covariances between securities. Factor modelbecased to
predict returns, to generate estimates of return and also nwagstihe variability
and covariability of returns. [33] Additionally, factor models arepteras well as
intuitive and they offer the researcher parsimony. These chastcgestrengthen
the utility of model type at both a theoretical and an empirgsadl] Hence, factor

models are a popular and widely used approach to model security Tef2ifihs

Factor models assume that the return on a security is sertgitive movements
of various factors. In the sense of the return-generating procésstoa model
attempts to capture factors and their impact that systerthatmave prices of
securities. These common factors are often interpreted as fundhnnisit
components. The model itself finally isolates the assets satnsgtito these risk
factors. Therefore, a primary goal of security analysis determine these factors

and the sensitivities of the security to the determined factors.

! Peter Zangari (2003)Modern Investment Management*
Goldman Sachs Asset Management, p. 334
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3.1.1 Structure of this Chapter

His chapter is arranged in three parts. The first part cohersdctions one to
three. Within this part the basic terms, which are necessana fgeneral
understanding of factor models, are defined. These definitions are anaithe
basis of a general multi factor model specification, givenrstt fThe second part
covers the sections four and five. This part deals with the diffatiemt of factor
returns and the possible approaches to evaluate these. Thereby,afsetiah is
directed to the principle component analysis. The third part includesethi®ns
six and seven. Here, a factor classification is given asasge#l classification of

multi factor models itself.

3.2 Equity Factor Model Specification

The fundamental assumption of equity factor models is a risk reglationship
that can be led back to a group of economic risk factors. Consequemibged
structure is needed, which differentiates between these difflretors. Factor
models can be used to describe both the security returns and thelityaiwébi
security returns. Each type of multifactor model for assetngthas the general

form:

Ro=a +Bify + BTyt + Bifi +& (3.1)
Where:
R, Return (real or in excess of the risk free rate) on

asseti(i=1,...,N)intime period t (t=1,...,T)

a, The intercept (i=1,...,N)

fie Thek" common factotk = 1,...,K) in time period t

B Thefactor loadingor factor betafor asset i on the"kfactor
&, Thespecific factorof asset i in time period t
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Assumptions:
1. The factor realizations,fgo with unconditional moments:
E[ft] = H;
co(1)=E| (1~ )< (1, -} | =2,
2. The asset specific error ternzg,are uncorrelated with each of the

common factors, \f This means that the outcome of the factor has

no bearing on the random error term, so that:
coff,.&)=0  forall k,iandt

3. It is also assumed that the error termsare serially uncorrelated
and contemporaneously uncorrelated across assets. This means that
the outcome of the random error term of one security has no

bearing on the outcome of the random error term of any other

security.
2
cov(git,gjs):af foralli=jandt=s |% 0 0
0 2
- €2
co git’gjs): 0, otherwise 0 )

ENN

If these assumptions are valid, it is guaranteed that the returns of the sgeuliiti
be correlated only through the responses to the common factors. Haticgjse

perfectly reproduced through the model.

In the case of invalid assumptions, the factors are not able ttyeaaticipate
expected returns, so that a difference between estimated and dbssuas
occurs. Therefore, the model just becomes an approximation of theealiked
security returns. In this case, a different factor model wilbably deliver a more

accurate reproduction of the return-generating process. [31]
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Consequently, variance and covariance of asset returns are modeled as follows:

Jz(Rt): Jfaz(flt)+ﬂ22ia-2(f2t)+'“+ kzio_z(fkt)_'_o.z(git)

(R)=2 B0(1,)+ o7(e) 32)

COV(Rt , Rjt ) = ﬂnﬁljaz(flt)"' ﬂzﬁzjaz(fzt)""“ + ﬂkiﬁkjaz(fkt) (3-3)

Where:

o*(R,) Variance on asseti (i =1,...,N) in time period t4,...,T)
20°(f,,) Variance influence through th& common factotk=1,...,K)
on asseti (i =1,...,N) in time period t (t =1,...,T)
o*(,)  The asset specific variance (idiosyncratic risk) on
asseti (i=1,...,N) in time period t (t =1,...,T)

According to portfolio theory, the variance as wedl the standard deviation of
security returns can be interpreted as measurdmanicial risk. As shown in
equation (3.2), the total risk of a particular gégus composed of two parts. One
part covers the sum of all single variances relédedach factor and another part
consists of asset specific risk. This differentiatiof risk is explained in the

section 3.3.

3.2.1 Matrix Notion of Factor Models

Multifactor models can be rewritten in two waysusing matrix notion:

= Either as across-sectional regressioat time t by stacking the

equations for each asset

= Or as atime-series regressiomodel for asset i by stacking the

observations for a given asset.

These two approaches are explained next.
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3.2.1.1 CROSSSECTIONAL REGRESSION

Multifactor model for asset returns in matrix noticas a cross-sectional

regressiomat time t:

R=a+Bf +¢ t=1...,T (3.4)

Where:

R Is the (Nx1) vector of asset returns i (i=1,...,Njiate t

a Is the (Nx1) vector of intercepts

B Is the (NxK) matrix of factor loadings (factor bgta

f, Is the (Kx1) vector of factor returns (factor realions) at
time t

&, Is the (Kx1) vector of asset specific error termsrae t

3.2.1.2 TIME-SERIES REGRESSION

Multifactor model for asset returns in matrix notias atime-series regression

model for asset i:

R=la+Fp+¢ ,i=1...,N (3.5)
Where:

R Is the (Tx1) vector of asset return i at time t(t=,T)

1 Is a (Tx1) vector of ones

a, Is the intercept of asset i

F Is the (TxK) matrix of factor returns (factor reztions)

B Is the (Kx1) vector of factor loadings of asset i

£ Is a (Tx1) vector of error terms of asset i
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3.2.1.3 MULTIVARIATE REGRESSION

Finally, we can bring the cross-sectional and the{series regression together.
This can be done .if we collect the data from t=1]T.and rewrite equation (3.1)

in a more condensed format.

Multifactor model for asset returns in matrix notias a multivariate regression

model for asset i at time t:

R=a+BF+E (3.6)
Where:
R Is the (NxT) matrix of n=1,...N asset returns at timg,...,T

Is a (Nx1) vector of intercepts related to n=1,. agsets

B Is the (NxK) matrix of n=1,...,N factor loadings redd to the
k=1,...,K factors

F Is the (KxT) matrix of factor returns related tetk=1,...,K
factors at time t=1,...,T

E Is the (NxT) matrix of error terms of asset n=1,.alNtime
t=1,...,T

3.3 Risk Partition

The partitioning of risk is based on the portfali®ory by Harry M. Markowitz
(1952). The fundamental assumption of his theons wlaat the risk of an
individual investment object could be partly elimied through the efficient
mixture with other assets. In terms of securitiés part consists of the risk, which
is related to a specific asset, the so-called ydiostic risk. Therefore, the
idiosyncratic risk should not be important to amestor and the manager should
not demand a higher return in the case of incrgadinsyncratic risk. [25] Hence,
only the risk that is common to all assets rematims,so-called systematic risk.
The systematic risk can not be eliminated througlerdification. Consequently,
the investor demands higher returns in the evenhigher systematic risk

regarding a certain investment.
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According to this, William F. Sharpelivided the security risk within his market
model (CAPM) into two parts:

= Securities sensitivity to the movements of the raggortfolio as the

systematic risk

» The asset specific risk

Although Sharpe’s market model still enjoys popityam practice, statistical
test§ proved that the CAPM is not able to describerétern generating process
properly. Consequently, the partition of risk needsnore general explanation

these days.

3.3.1 Systematic Risk

In the sense of security returns, the objectivenofti factor modeling is to create
a theoretical construct, which is able to reprodtive real return-generating
process. This aim is very ambitious and real psegsre often too complex, so
that they can not be reproduced exactly. For thason, model builder must
abstract from the full complexity of the situatiand consequently simplify the

reality by only focusing on the most important teas. Hence, the systematic risk
can be defined as the influence of all significiators regarding their loadings
on the security return, which the model builder tiagsen to be representative for
the real situation. According to the factor modetafication, given in equation

(3.1), the systematic risk consists of:

Ro=ai+ Bty + B+ + Bif + &

systematigisk

! William F. Sharpe is the STANCO 25 Professor afdfice, Emeritus at Stanford University's
Graduate School of Business. He has publishedestin a number of professional journals, is
past President of the American Finance Associadioth in 1990 he received the Nobel Prize in
Economic Sciences.

2 Survey of Black, Jensen and Scholes (1972); Suofdsama and MacBeth (1974); Survey of
Fama and French (1992)
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3.3.2 Idiosyncratic Risk

In return, models are not able to reproduce thktygserfectly and an error term
consequently occurs. Since the model will not calkefactors that influence the
real process, there will always be a distance betwmodel and reality. This
difference is attributed to the effect of a randemor term. This term is defined as
the idiosyncratic risk, which simply shows that #ignificant factors, chosen by
the model builder, do not perfectly explain thews#yg returns. The random error
term can be viewed as a random variable that lpmekaability distribution with a
mean of zero and a standard deviatign The outcome of the random error term
can be interpreted as the result from the spin gppexial kind of roulette wheel.
[31] According to the factor model specificationyen in equation (3.1), the

systematic risk in consists of:

Re=ai+ Bty + By fu to -t Bt t £

idiosyncrdic risk

3.4 Basic Terms

Thus far, the terms factor, factor return and fatbading have been treated as
abstract concepts. This section provides defirstiamd explanations of these

terms, so that they become more precise.

3.4.1 The utilized Factors

In order to understand a factor model, one haseginbwith the meaning of the
factors used within such model. For this reasatefaition of the ternfactor will

be given in this section.

Factor models assume that the return on a cer@imble is sensitive to the
movements of various factors. In terms of the regggnerating process, a factor
model attempts to capture both common factors aracs®j of securities and their
impact on this set. This impact lets security @iceove systematically. The

function of common factors can be interpretedcapturing fundamental risk
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componentsLater, the factor model isolates the assets tdatises to these risk

factors. Therefore, a primary goal of security gsialis:
» The determination of the common factors among afsstcurities

= The determination of the securities’ sensibiliieghe predetermined

common factors

We begin with a definition of factors that will serthrough this thesis:

“A factor is a random variable that, at a particul@oint in time, can explain gr
account for the variation among a set of securéurns. Put another way,
factor is a variable that is common to a set ofusiég returns, influencing eac
return through its factor loading.? [27]

Some examples according to the factor classifinatiy Chan, Karceski and

Lakonishok (1998) are given below:

Fig. 13:  Factor classification overview

Factors
Market Macro Technical Fundamental Statistical
*S&P 500 eIndustrial production *Trading volumes eIndustry *Principal components
*Wilshire 5000 «Unemployment rate  *Excess stock return  classification
*MSCI World indexes eInterest rates on previous month  *Market capitalization
*Value, growth

Source: Self-made figure.

% This set contains one or more security returns.

* Modern Investment Management, Goldman Sachs Adaeagement, Peter Zangari (2003), p.
334
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3.4.2 Factor Returns

Once the pervasive factors of a model are elethednodel builder has to decide
about the values of the factors. These valuesefiratl as factor returns or factor

realizations; sed,, in equation (3.1). For example, if the model beiildecides a

particular index to be the return determining Malgaof a security, than its

realization, the index return equals the factolizaaon.

3.4.3 Factor Loading

It is a well known fact that the value of secustiaries over time. This volatility
is based on the fact that assets are exposed taincesk factors. In terms of
factor models, these asset exposures are relatixd toervasive factors within a
model. Ideally, these elected factors are able gsciibe the return-generating

process of securities. For example, an asset canehgosures to:
»  tself
= An industry or sector
= A currency
= A country
» Investment styles

= Risk factors

To put a factor model into practice it is not stifnt to only determine the
pervasive factors and their factor realizationsadigition, one needs to evaluate
the impact of a certain factor on the return-getmggaprocess. In literature the
measure of sensitivity of a securities return toedain factor is defined as the

factor loading or factor beta; se8. in equation (3.1). Factor loadings can be

interpreted as an individualization of factor returegarding a certain security.

Thereby, the value of a certain factor loading dejgeon the type of exposure we

are dealing with. For example, the asset exposuaa industry can either be zero
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or one. In the case of being in that industry thgain asset exposure is one and

otherwise it equals to zero.

3.5 Observable and unobservable Factor Returns

In practice, factors are classified by observalolé anobservable factor returns.
Factors, whose returns are observable, appearifiotin of time series’. Their

values are common to all securities at a partiqubamt in time. Consequently, the
model builder directly knows the factor realizaBoonce the factors are elected.
On the contrary, the model builder knows neither fioctor realizations nor the
securities sensitivities to those factors in thgecaf unobservable factor returns.
The assignment of factors to the different groups the problems related to each

type of factor return are presented in the follayvin

3.5.1 Macroeconomic and Market Factors

In the case of macroeconomic factors and markeorsctheir realizations; fin
equation (3.1) are observable variables. Additignahey are common to all
securities at period t=1,..., T. Once these factorspecified and constructed, the
manager has to only estimate their factor loadifigsyegarding each asset i (i=
1,...,N). This econometric problem can be solved pphang N time series

regression techniques for each security.

3.5.2 Fundamental and Technical Factors

These factors are also observable variables in savag. But unlike
macroeconomic and market factors, observations ritbescasset specific
characteristics. According to this, the data presid cross section of observations
(at time t=1,..., T) that are not common to all assEbr this reason, these factors
belong to the class of unobservable factors. Irsequence, “general” risk factors
have to be estimated first, so that they can bel dse modeling the return
generating process of all underlying securitiegrhructice, two ways of estimating

these “general” risk factors exist. One way wasettgyed by Bar Rosenberg, the
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founder of the BARRA Iné, hereafter defined as the “BARRA approach”.
Another possibility is the approach pioneered bydfie Fama and Kenneth

French (1992). Both ways are explained in the heatsections.

3.5.2.1 BARRA APPROACH

Within this approach the observable security speotbservations are treated like
factor loadings. Consequently, the factor retumisich are not observable, have
to be estimated. Basically, the manager needs & semnes of factor returns that
correspond to the already known asset specificofatiadings. This is an

econometric problem. Therefore, it can be solvedouph cross-sectional

regressions. This means that returns on individeglurities have to be cross-
sectionally regressed on the factor exposureidfrhanager runs in total T of
these cross-sectional regressions, he is ablenergie a time series consisting of
T values that can be interpreted as factor retuFisally, these generated

realizations are common to all as<ets.

3.5.2.2 FAMA-FRENCHAPPROACH

This procedure was introduced by Eugene Fama andéd€lke French (1992). They
defined factor returns by constructing a so callactor-mimicking portfolio
(FMP). This means, the FMP emulates the behaviothefunderlying factor.
Consequently, the return on this portfolio can herpreted as the “observed”

factor realization for the asset specific charastier

The procedure itself is explained in the followirig.consists of the following
steps [33]:

» First the cross-section of assets is sorted by thaliues of their

specific characteristic

® Barra Inc. is the market leader in delivering imaive, financial risk management solutions
worldwide. Since 1975, our products and service& lf@mbined advanced technology, superior
analytics, research, models and proprietary datanmipower investment professionals to make
strategic investment decisions. http://www.barranco

® Grinold and Kahn (2000) for deeper insight
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The sorted assets are split into two groups. Tisedroup contains the
top half and the second group contains all askatddll in the bottom
half

Then the manager forms a hedge portfolio (FMP)ctving long in the
top quintile and short in the bottom quintile oktkorted assets of
nearly equal amounts. Together these positions tiaeeability to

mimic the particular factor

The observed return on this hedge portfolio is thken as the

observed factor realization at time t

By repeating this process for each asset spedificacteristic at each
period (t=1,...,T) the model builder achieves a tisegies for each
factor. On this basis, factor loadings can be extuoh for each asset

using N time series regressions.

3.5.3 Statistical Factors

The factor realizations of statistical factors, sggin equation (3.1), are not

directly observable. Model builders, which use tyjge of factors to describe the

return-generating process, have to extract theofagtturns from the historical

observable asset returng,in (3.1). The primary techniques for the extractain

factors influencing security returns are:

Principle component analysis (in the following alsderred to as
PCA)

Asymptotic principle component analysis (in theldeling also
referred to as APCA)

These techniques are explained in more detaildtise3.6. Once the factors are

determined and their realizations are estimatesl,nthnager has to estimate the

factor loadingsf for each asset and the asset specific error grnthese can

then be estimated via time series regression.
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3.6 Principal Component Analysis

In the case of multifactor models for security refy one of the decisive
managerial functions is to estimate the pervasaetofs that describe the return-
generating process. At the same time, managers twakeep the number of
necessary factors to a minimum, in order to achparsimony of the model and
to avoid the problem of overfittifigThe PCA is a mathematical tool, which can
be used to examine a set of data points, whiclpareided in a matrix form. It
has been used in disciplines as diverse as chgmssiciology, economics and
psychology. If factor models are used to reprodheaeturn generating process of
securities, the input set of data is representeauigh the covariance matrix of

observed asset returns.

Fundamentally, the PCA is a data reduction methad.designed to capture the
variance in a data set through principle componemt®e procedure usually
generates a lot of insights into the data geneyatincess. It can be interpreted as
a process of searching for factors. In terms ofofamodels for security returns,
these factors describe the return-generating psodeshe following is given an

examplé, which explains the basic idea of the PCA.

Suppose we want to measure people’'s satisfactidim their lives by the two

factors:
= Satisfaction with their hobbies

» Intensity of pursuing a hobby

It is very likely that responses to these factaes lsighly correlated with each
other. If this is the case, we can conclude they tre quite redundant. In turn, the
question arises if both factors are really neededldcide about the people’s

satisfaction.

The relationship between the two factors can bensamzed through a regression.

If we define a variable that approximates this @sgron line in form of a linear

" Overfitting is the phenomenon that a model adsptell to a historical data set that the random
disturbances in the training set are included énnttodel as being meaningful.
8 http://www.statsoft.com/textbook/stfacan.html (B/A005)
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combination of the two variables, this single vialgawould capture most of the
“essence” of the two items. In effect, we have pedluthe dimensionality of the
given data from two to one dimension. Simultaneguseé summarized the “most
important” parts by combining two variables intcsiagle factor, the so-called

principal component.

If we extend this example from two to multiple \sodes, the extraction of
principal components amounts to an iterative pece® that the principle
components are ordered by their ability to explhi@ variation within a certain
dataset. Hence, the first principle component dessrthe maximum amount of
variance in this data set respectively the secamiponent, third component and
so on. The principle components have to be cortstlua such way that they are

orthogonal to each other and normalized to haveitiitdength.

We begin with a definition of the terfiprinciple component’ Then the author
reviews the standard principle component proced#igally, an alternative
method, known as the asymptotic principle componamalysis, is roughly

discussed at the end of this secfiof27]

3.6.1 Principal Components

In order to understand the principle componentyaisl a definition of principle

components is necessary:

“Principle Components are a set of variables thatfide a projection th
encapsulates the maximum amount of variation ira@aset and is orthogonal
(and therefore uncorrelated) to the previous pnolei component of the same
dataset.™®

In terms of asset return factor models, princiglmponents are factors, which are
used to describe the return-generating processce;ledAC represent,,, see

equation (3.1). In addition, the factors are lineambinations of observed asset

returns.

° Modern Investment Management, Peter Zangari (200345
19 \www.ucl.ac.uk/oncology/MicroCore/HTML_resource/PClahtm (3/11/2005)
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3.6.2 Traditional Principal Component Analysis

The PCA is a statistical technique that is usedxtoact one or more statistically
significant unobservable factors from an underlyofa set. These extracted
factors are called principle components, in théofwing also referred to as PC.

The traditional PCA extracts these PC from the (Ns&mple covariance matrix
f)N of observed security returns. A typical applicatairthe PCA, which serves

as basis for later factor modeling proceduresrésgnted next:

Step 1 Data collection

We suppose that the number of securities total§Vith N assets, there are N
possible PC’s. Consequently, we face an N-dimemasidata set that consists of
security returns. At each period t (t=1,...,T) thelmensions are expressed in
terms of cross sectional asset return data setssegaently, the (NxT) matrix R

(according to equation (3.6)) is known.

Step 2 Subtract the mean

The PCA bases on the cross-sectional regressionelmiod asset returns,

according to equation (3.4)

R=a+Bf +¢

To make the PCA work properly we need asset retmh®se means equal to
zero. Hence, we have to subtract the mean retuoss®@ach time series. The
remaining time series is called a time series @ksg asset returns. According to

this, equation (3.4) can be written as follows:

R=Bf +¢ (3.7)

Y http://kybele.psych.cornell.edu/%7Eedelman/Psyé&5-8pring-2003/PCA-tutorial. pdf
(3/11/2005)
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Step 3 Calculate the return covariance matrix

Since the (NxN) sample covariance maitfd, of asset returns serves as input

data for the factor extracting procedure, one basstimate this matrix according

to the following equation:
fZN = % RR , where R is the (NxT) matrix of observed returns

Step 4 Choosing the k principle components

After the determination of the squared (NxN) sangaeariance matrix, one can

estimate their eigenvectors, in the following defimrast, and their eigenvalues.

The eigenvectors have to be estimated at unit heragt earlier mentioned. The

results of the PCA are demonstrated as follows:

An eigenvector that solves the equation
max XQ.x St.xXx =1
X
is denoted as the first principle componeﬂt, The eigenvector that solves the
equation
max %Q.%X stXx,=1 and x,#X

is denoted as the second principle componépt,‘l’his process is repeated until K

principle components are estimated.

Step 5 factor realization estimation

In practice, factor realizations are estimated awvee, to generate a time series of

factor returns according to the following equation:

f,=XR ,k=1..K



3 Factor Models for Asset Returns and Return \bdiig 69

3.6.3 Asymptotic Principal Component Analysis

Connor and Koracyk (1986) proposed and developedagymptotic PCA based
on the analysis in Chamberlain and Rothschild (198Be asymptotic principal

component analysis is similar to the traditionalAP@rocedure. But, unlike the

PCA, which is based on the (NxN) sample covariana&ifoN, the APCA uses

the (TxT) matri>f2T as a basis to extract principle components.

Q. = % RR ,where R is the (NxT) matrix of observed returns

The application of the APCA makes sense in sitaatiavhere the number of
assets grows large, so that N is much greater tthemumber of periods T. In
practice, one may typically have many more se@itithan historical
observations. In this case, the advantage of AP@sists of the fact that the

computational complexity can be reduced. This @lized by estimating the

eigenvectors of the smaller (TxT) mat&fxr , Whereas PCA estimates eigenvalues

on the basis of the larger (NxN) matﬁ)gq. In turn, the APCA relies on large

asymptotic results as the number of cross sectiowgylarge. Consequently, the
APCA obtains an approximated factor structure, wasrthe traditional PCA

delivers exact factor values.

3.7 Factor classification

The term factor has become a catch all for varg@attdluencing the return-
generating process. Given the wide applicatioraofdr models and the variety of
ways factors can be defined it is not surprisingt tfactors can take various
shapes. This makes it difficult to keep a clearraiesv. The factor classification
according to Peter Zangari (2003) gives a manageabley of common factors.

His developed classification is illustrated in s@et3.7.1.
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3.7.1 Hierarchy of Factors

Fig. 14:  Factor classification
Factors
Observed Unobserved
[
’ Security Specific ‘
[
’ Market ‘ ’ Macro ‘ ’ Technical ’ Sector ‘ ’ Fundamental ‘ ’ Statistical
« S&P 500 « Industrial * Trading volumes e« Energy * Industry * Principal
« Wilshire 5000 production * Excess stock « Transportation classification components
* MSCI World « Unemployment return on « Technology » Market
indexes rate previous month capitalization
« Interest rates * Value, growth

Source:Modern Investment Management, Goldman Sachs Asseidément

Here, the author wants to point out that each $daaiors includes different

variables in order to capture a particular featfréhe individual security returns.

[27]

3.7.2 Relationship between Factors, Data and Model Estimations

Fig. 15:  Relationship: Factors — Data - Models Estimation Techniques
ﬂ
8 Technical Sector Fundamental Market Macro Statistical
]
L l [ l [
1 | [
< —
T Cross Section Time Series Principle
a Components
T T
| [
5 Fama-French Traditional
< /BARRA /Asymptotic
g approach PCA
) [ I
L [
) Cross Sectior Time Series
= Regression Regression
=

Source: Self-made figure.
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3.8 Factor Model Classification

Factor models can take a variety of shapes, depgrah the different type and
number of factors applied within a certain modeknkk, it makes sense to
classify factor models by the included factors. §#muently, one can categorize
factor models based on whether the model implietofareturns that are either
observable or unobservable. The following classiicn bases on this distinction

of factors.

3.8.1 Observed Factor Returns

In this section, the author provides a few examplietactor models applied in

practice. The following models contain factors, woealizations are observable.

3.8.1.1 MARKET FACTOR MODEL

Sharpe’s single factor model (introduced 1964hes most common model of all

market factor models. This model has the followfomgn:

R, =a,+BRy +& Jd=L.,N; t=1..T (3.8)
Where:
Rut Denotes the return excess relative to the risk-fede on a

market index in period t. According to equation 1§3.
Ry = f, while f, =0, fori> 1.

a, Represents the risk-free rate at period t
i Market beta, which measures the covariation betwihen
market index and securities return
& Is the asset specific error term

The market index is meant to capture economy-wgle whileg;; is capturing the
non market risk. Typically, value weighted indidé® S&P 500, Wilshire 5000
or the MSCI World Index are used as factor redbrest, whereas long term

government bond yields often form the realizatiohshe interception factoa.
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The interception factor can be interpreted as the risk fre@fagturn. SincdRy;

anda; are observable factors, the paramef@rand &, have to be estimated using

time series regression for each asset.

3.8.1.2 MACROECONOMICFACTOR MODEL

In the general form, macroeconomic factor models consider K macroic
variables as factor realizationgx. All of these factors are observable.
Consequently, factor loadings as well as the asset specific terms can be

estimated via time series regressions.

The most popular model of this category was developed by Chen, Roll asd Ros
(1986). They investigated whether macroeconomic factors can exptaintge
returns. Within their elementary study of the American capitatket, they
identified four macroeconomic factors, which are meant to explairretuen-

generating process of securities. The identified factors are as follows:
= Monthly and annual growth rate of industrial production
» Expected and unexpected inflation rate

» Default risk premium as difference between corporate and government

bonds

» Maturity premium, represented by the difference between long and

short term government bond returns

The fundamental conclusion of their study was that the ability ofpSlsamarket
model can be improved by additionally considering these identified $actor
Hence, they enlarged Sharp’s single index model to a multifactdelmwhich
just considers further macroeconomic factors. [3] One way to addijiona
incorporate macroeconomic factors into the market model is desanb#ee

following. [27]
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The market model takes the known form:

Ro=a,+BR,+&, 1=L..,N; t=1..T

But in this caseg, is modeled as follows:

& =Bty * Bufaut+ B+ (3.9)

Where:

fe Is the realization of the'kmacroeconomic factor at time t

B Is the factor loading of the"kmacroeconomic factor on the
asset |

o} Is the idiosyncratic return on asset i at time t

3.8.2 Unobserved Factor Returns

This section includes the fundamental as well as the statistotar model. These
models use factors, which realizations are not directly obsen@btesequently,
these models need a larger computational effort to reproduce uhegenerating
process. In addition, examples of models that use unobservable fagtos @te

given within this paragraph.

3.8.2.1 FUNDAMENTAL FACTORMODEL

As representatives for fundamental factor models serve thekm@aNn BARRA
models. The first BARRA model is based on the work of Barr Rosenherg
econometrician. In the early 1970’s , he formed a firm, now calledRBRRC.,

to enhance and to sell the factor model to institutional investorsfa&tbr
models, which are estimated by the BARRA Inc., are based on the assumption that

securities with similar exposures to fundamental factors will achieviiasi@turn



3 Factor Models for Asset Returns and Return \dliig 74

behaviors. Hence, factor returns have to be estimated that are commnadin

securities (see section 3.5.2). [31]

Observable asset specific characteristics are used within nemdal factor
models to describe the return-generating process of a securitgx&amople, the
prices of securities in the same industry or economic sector wibee together in
response to changes in prospects for that sector. As an examBABRA-type

fundamental factor model, the author considers the industry factor mvadek

mutually exclusive industries. This model assumes that the retumn aamtain
security depends on the fact that the underlying asset acts inoonabact in a

particular industry. The model has the general form according to equation (3.1):

Ro=a+8,f, + LBty ++ Bt &

Where:
fe Represents the factor returns for tH‘eirkdustry in time period
t
B Are observable asset specific factor sensitivities that are time

invariant and have the form:
B =1 if assetiisinindustryk

B =0 otherwise
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3.9 Summary

A factor model bases on the assumption that the returns on securities

respond to one or more common factors

Equity factor models reproduce the return-generating process, which

relates security returns to the movements of the common factors

The total risk of a security is composed of systematic risk and idiosyncrati
risk

Any aspect of a security’s return, which is left unexplained byabers

is assumed to be idiosyncratic risk

The idiosyncratic risk is assumed to be unique to the certain tyesoui is

therefore uncorrelated with any other idiosyncratic risk of another security

Three basic methods are used to estimate factor models: thesdines

approach, the cross-sectional approach, and the factor analytic approach

Factors can be differentiated whether their returns are obsemallet

observable

Factor models can be classified by the kind of factors used witlein t
model: macroeconomic factors, market factors, technical factors,

fundamental factors, statistical factors, etc.

Equity factor models can be used to estimate the returns, covaaadce

variance of securities
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4 TRADITIONAL FACTOR MODELS FOR HEDGE FUNDS

4.1 Introduction

Although hedge fund managers typically transact in asset maikatar to those

of traditional managers, it is a well known fact that hedge futwine differ from
those of traditional investment vehicles. This fact is regulanploited by
investors who look for diversification opportunitie$o go beyond just relying on
historical hedge fund performance repeating itself, one needs to ratissve
question: How are hedge fund returns generated? Many people believkethat
reason for the different return characteristics of hedge fundsmdsd on the
special investment style applied by the managers. Hedge fund manssge
derivatives, follow dynamic trading strategies and take long dk aseshort
positions. [19] Therefore, a widespread approach to explain hedge fund rsturns
to model certain hedge fund strategies. In doing so, model builders reprbeuc
applied investment style rather than the realized returns ofesimgglge funds.
Finally, factor models are one possibility to model investmenestyfFactor
models that are used to model a certain investment style appiiled-style
factors. Therefore, the estimation of these style factorsrisopthe actual model
building procedure too. Style analysis generally is used to detestyleefactors.
The term style analysis dates back to the mutual fund industry.nidass that
many hedge fund models base on models that were originally developed to explain

mutual fund returns.

Therefore, this chapter is organized as follows: at first, dbdion provides an
introduction to factor models that are designed for describing tHes sbof
traditional investments. The starting point of the introduction is fisetaclass
factor model, which was developed by William Sharpe in 1988. Then the basic
terms used within these models are defined. The last part déhlsthe
examination of traditional approaches in the aspect of suitallithédge fund

returns.

! For benefits of alternative investments in poitfelsee Schneeweis; Karvas; Georgiev (2002)
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4.2 Traditional Factor Models

Since the hedge fund industry is still in its infancy compared téotigehistory of
mutual funds, it is not surprising that the majority of equity faotodels have

been developed in order to explain traditional return characteristiese factor
models are referred to asaditional factor models”. Many approaches to model

the returns of hedge funds and funds of funds are based on traditional factor
models. Since hedge funds possess return characteristics thgerarlly
different to those of traditional investment vehicles, it has to lowegr if
traditional factor models are additionally suitable to model theng of hedge

funds.

In the following section the author introduces a certain traditicabf model,

the so calledAsset Class Modgldeveloped by William Sharpe.

4.2.1 Sharpe’s Asset Class Factor Model

An asset class factor model can be considered as a speeialf ths generic type

for asset returns (3.1), introduced in the previous chapter:

R, =a, + B,SK, + B, SE, +---+ B,SK, + &, (5.1)

R=a+) BSR +g ,fori=1...,N (5.2)
k

Where:

R, Return on asset i

a, Value of the intercept

SE, Value of thek" common Style Factor

Bi; Thefactor loadingfor asset i on the"kfactor

&, Non-factor component of the return

Additional assumption:

1. ZEKi =1



4 Traditional Factor Models for Hedge Funds 78

Within such a model, the factors are called style factors. Egdé factor of
Sharpe’s model represents the return on an assekdlassl,... K). Additionally,
the sum of the sensitivitieg values) is required to total 1. This is an additional

assumption to the generic factor model (3.1).

In effect, the return on an asset is represented as the retunmoatficdio invested
in the n asset classes plus a residual compeanehte improvement within this
factor model consists in the choice of fact@8§{). In doing so, Sharpe provides
an explicit link between investment styles and traditional asketses. The
advantage of this link is that the returns of a single asset atidlijporespectively
can directly be assigned to a class of assets, whose retuactehatics are
observable. Additionally, the return data for these kinds of assetdyudatds
back to many decades, so that there is sufficient data to aclmeaeceptable

statistical significance among the necessary estimations.

4.2.1.1 SHARPE SSTYLE FACTORS

In his model, Sharpe (1992) [20] used twelve asset classes as factoder to
describe the return generating process. Each asset clgsetserged by an index.
The average return of each index represents the factor rigalifedlue ofSF).
The asset classes utilized by Sharpe and the corresponding indegglied are

shown in the following figure:

Fig. 16:  Definition - Asset Classes

SF, Bills
Cash-equivalents with less than 3 months to maturit
Index: Salomon Brothers' 90-day Treasury bill index
SF, Intermediate-term Government Bonds
Government bonds with less than 10 years to mwgturit
Index: Lehman Brothers' Intermediate-term GoverrirBemd Index
SF;  Long-term Government Bonds
Government bonds with more than 10 years to mgturit
Index: Lehman Brothers' Long-term Government Bamek
SF,  Corporate Bonds
Corporate bonds with ratings of at least Baa by d§toor BBB by Standard & Poor's
Index: Lehman Brothers' Corporate Bond Index
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SF 5

Mortgage-Related Securities
Mortgage-backed and related securities
Index: Lehman Brothers' Mortgage-Backed Securltidex

SF ¢

Large-Capitalization Value Stocks
Stocks in Standard and Poor's 500-stock index migh book-to-price ratios
Index: Sharpe/BARRA Value Stock Index

SF,

Large-Capitalization Growth Stocks
Stocks in Standard and Poor's 500-stock index mithbook-to-price ratios
Index: Sharpe/BARRA Growth Stock Index

SFg

Medium-Capitalization Stocks
Stocks in the top 80% of capitalization in the Le§uity universe after the exclusion
of stocks in Standard and Poor's 500 stock index
Index: Sharpe/BARRA Medium Capitalization Stockémnd

SFq

Small-Capitalization Stocks
Stocks in the bottom 20% of capitalization in th&Lequity universe after the exclusion
of stocks in Standard and Poor's 500 stock index
Index: Sharpe/BARRA Small Capitalization Stock Irnde

SF 10

Non-U.S. Bonds
Bonds outside the U.S. and Canada
Index: Salomon Brothers' Non-U.S. Government Bartek

SF 11

European Stocks
European and non-Japanese Pacific Basin stocks
Index: FTA Euro-Pacific Ex Japan Index

Japanese Stocks
Japanese Stocks
Index: FTA Japan Index

Source: Sharpe, William (1992);"Asset Allocation:

Measurement”

ManagerheBtyle and Performance

One has to note that the combination of indices represents a ¢evistment

style, which is only determined by the location variable. Regartiesetdefined

asset classes or rather style facBKs, Sharpe’s asset class model has the

following form according to equation (5.1):

Re =a; + B; Sk, + B, Sk + B3 Sk, + B, Sk, + L5 Sk, + BsSK, +

ﬁ7iSF7t + ﬁ8iSF8t + ﬁQiSFQt + ﬂlOiSFlOt + ﬁl]jSFlJI + ﬂlZiSFth + git

12
R( =a; + ZﬁjSth t & (5'3)
j=1
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4.2.1.2 SHARPE SSTYLE FACTOR EXPOSURES

The traditional view of asset allocation assumes that an invaléboates assets
among the asset classes. Ultimately, one is interested imvistor's exposures to

these key asset classes. The investor’s exposures generally depend on:
» The amounts invested in the various securities

» The exposures of each security to the asset classes

It is possible to determine a fund's exposyefrom the analysis of securities
held by the fund. On the basis of the detailed breakdown of assets th®dhve
amounts, relative to market capitalization, can be estimated. &@hssents then
serve as the fund’s exposure regarding the predefined asses.clHsisemethod
relies on detailed information about the fund itself. Generally, data is only
available from sources internal to the fund. Therefore, this methaigly finds

into practice within internal investigations.

On the contrary, public sources only provide more superficial informabont a
fund. Consequently, another approach is elected for external analyss.aSuc
method only uses the realized fund returns to infer the typical exgssuiof the
fund to each asset class. For example: Given monthly returns on ,aafand
with comparable returns for a selected set of asset clamsesgould simply
employ a multiple regression analysis. Within this analysis fatdns would act
as the dependent variable and asset class returns as the indepemnadatvahe
resulting slope coefficients could then be interpreted as the histgposures of
the examined fund to the asset class returns. [20] In the end, teeteva

approaches to determine theses exposures:
» Asset-based style analysisnternal approach)

» Return-based style analysigxXternal approach

These two methods are explained in more detail during the following section.
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4.3 Basic Terms

4.3.1 Style Factors

According to factor model theory, style factors are variables éRkplain the
variation among a set of security returns. They are sourcesrefatimn among
observable as well as unobservable characteristics, which expkimeturn
generating process of securities. In the special case ofetrchss model, Sharpe
defined:

“Style factors are sources of correlation among metuof indices, each
representing a certain segment or asset class.

Literature differentiates between three kinds of style factelsch are applied
within factor model theory!peer-group-based; “return-based” and “asset-

based”style factors. These are explained below:

4.3.1.1 PeEErR-GROUP-BASED STYLE FACTORS

In practice, funds are often grouped into categories based on the nsaselfe
disclosed strategies and locations of invested capital. The $trehtjtis method
lies in its simplicity and little data input. Style factorsttbanstructed this way are
denoted as peer-group-based style factors (in the following alsoedfto as
PGS).

The objective of peer-group style factors is to capture the pefarenof funds,
which operate Similar” strategies. In this context the term similar means amil
sounding self disclosures of the managers. The idea behind this approach of
forming style factors is that managers, who apply similar sounsliradegies,
should obtain similar performance characteristics. Thereby, thagevesturn of a

fund within a certain group is reported as the regarding peer-groag-isage

factor.
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4.3.1.2 RETURNBASED STYLE FACTORS

Qualitative style categorization of a fund’s strategy tybycdépends on the fund
managers’ self-descriptions. Additionally, there is no standard foimevhich
historical hedge fund performance has to be reported. When we comettoepra
there is often a difference between what a manager says heanideshat he
actually realizes. Due to the mentioned problems, there is aofac&ntrolling
methods for this gap. These difficulties especially arise, ifvear@s to determine

the investment style of a particular manager using PGS.

Fung and Hsieh suggest an alternative method to avoid these probldsed fs
relying on what managers tell us what they do; FH look at thealactturn
patterns to see what managers actually do. By running stdtigtiedysis’ on
historical performance using mathematical techniques, they group fuitials

similar return characteristics together. The techniques applied are:
» Cluster analysis

* Principal component analysis

The principle components, which are the basis for this kind of grouping funds
together, are denoted as “return-based style factors” (RBS).THd]average

return of funds within a certain group serves as return-based style factor return.

4.3.1.3 ASSETBASED STYLE FACTORS

The third group of style factors is called asset-based stgters, in the following
referred to as ABS. The basic idea behind ABS is to define ftgters from
underlying portfolios, whose returns can be replicated by observabtepasss.

The following example will simplify the understanding of this term:

A typical mutual fund style is namedrhall-capitalization (small-cap) / value
stockd 1. This means, managers that apply this style exclusively invesocks

that own suitable parameter values regarding:

! Value stocks> stocks, which own a low price to book ratio an [arice to earnings ratio
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= Capitalization
=  Price-to-book ratio

* Price-to-earnings ratio

In this case, an asset-based style factor could be defined amlean which
represents stocks that own suitable parameter values. Definieg #tys way
offers the opportunity to model also investment strategies that alijdyent
styles at the same time by combining indices that represesd Hteategies. For
example, defining the first style akfg-short / valué and the second style as
“long-short / growth 2, a linear combination would represent a fund applying a
value-growth strategy. In effect, a link between strategy andaide securities

has been created.

4.3.2 Investment Style

These days, investment style is the dominant principle used tdycl&ssnalyze,

and to deploy equity portfolios. From a qualitative point of view ssflers to the
investment philosophy of an investor, money manager, mutual fund and egpeciall
of hedge fund managers. According to Fung and Hsieh (2001) [15], the concept of

“investment styfeshould be thought of in two dimensions:
» Investment strategy

= Location

The dimension location refers to the various asset classes, ih thkienanagers
invest. On the other hand, the investment strategy dimension tells uleigpw
short security positions are combined. Additionally, strategy rééefow these
positions are levered and managed. This means that the term inviestyle

finally refers to a combination of these two elements.

2 Growth stocks> stocks that own a high price to book ratio andhlfigice to earnings ratio
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By the way managers take advantage of the strategy dimensiatnieve styles

can be grouped in two parts:
= statictrading strategies

» dynamictrading strategies

These terms are explained in the next section. But first, thaitaef of the term
“investment styfeis given from a more quantitative point of view. A more
analytical definition rises from asset class factor modebriheRegarding the

equation (5.1), the generic model has the following form:

R =a, + B;SK, + B, SF; +---+ B;SK, + &

Once the asset classes or style fact@&) respectively are chosen, the
combination of all exposures regarding a portfolio and set of sesugén be
referred to as an investment style. On the basis of these exposnre may
identify and describe the characteristics of a certain investpmtfolio. In the

special case of an asset class model, Sharpe defined:

“Investment style is a set of asset class exposegerding a certain asset
portfolio.”

According to this definition, the investment style of a particulanager can be
described by the correlation of the purchased assets to predefiaedlasses. In

the end, the location dimension of the underlying portfolio is examined. This
means, if a mutual fund only correlates with one style factorJang.term bond
index, one can conclude that the manager follows a pure long term bond
investment style. Consequently, if a portfolio correlates with rtieae one style
factor (or index) the investment style becomes more complex. Iticagdihe
parameter values @%; provide the information about the combination of long and

short position§ so that both style dimensions can be captured

% This is possible if the exposures are not resiitb take only values between zero and one.
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4.3.2.1 STATIC TRADING STRATEGIES

Since mutual funds are legally restricted within the utilratof the strategy
parameter, assets among these funds are passively held as Idiopngdsr a
substantial length of time. The concept is also referred td lasyaand-hold long-
only strategy. This denotation rises from the fact that mutual fund returns are
usually gained by positive price developments of the purchased assethisF
reason, mutual funds generally own positive correlations on assee<lds
addition, these correlations own regression coefficients, which tieeba zero

and one and con not have negative values.

As we have seen, stylistic differences especially involve dloatibn variable
comparing traditional investments and hedge funds. Bdiefé can assets be

located? Typical segments in which mutual fund manager invest are the following:
= Value stocks - (low price/earnings and price/book ratio)
» Growth stocks - (high price/earnings and price/book ratio)
» Large stocks - (market capitalization is greater than $5 billion)
» Long term bonds - (average bond duration is greater than 6 years)

= High quality bonds - (average bond rating is at least AA)

According to the objectives of a fund manager, he may invest in oteancer
segment but also in different segments at the same time. Con8gqulee
investment in both one single segment and in combinations of diffegmesés

could be referred to as particular investment styles.

4.3.2.2 DYNAMIC TRADING STRATEGIES

On the contrary, hedge fund managers are not restricted to thierocatiable.
The following example by Fung and Hsieh (1997a) illustrates how retuan

function of the location choice and trading strategy in the case of hedge funds:

“Consider a manager trading S&P futures contracts. Without lexemdully

invested position of being consistently long one futures contract (i.e.armly
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hold) will result in a regression coefficient of one on the S&P Bd@x. If the
manager leverages up to two futures contract, the regressiorcieoefivill be

two. Conversely, if he is short one futures contract, the regressadficeznt will

equal -1. However, if he alternates between long and short each month, the
regression coefficient will be close to zero. In this example,location is the

U.S. stock market in all cases. The returns, on the other hand, ardiffemgnt
depending on the trading strategy. In the first two cases, th@seite positively
correlated with U.S. stocks. In the third case, the returns arévedgaorrelated

with U.S. stocks. In the fourth case, the returns are uncorrelated)v8t stocks.”
[8]

By means of this example, one may see that the combination ofl@sst#on,
long as well as short positions can lead to completely diffeegatrr behaviors

than those static trading strategies. Figure 17 summarizes the gained igimrma

4.3.2.3 SUMMARY

Fig. 17:  Investment Style - Static vs. Dynamic Strategies

Static Dynamic
Trading Strategies Trading Strategies

» Funds only differ in the asset classes < Funds differ in both asset classes in

in which they invest which they invest and investment
» Managers do not change rapidly strategy

trading strategies « Managers do change rapidly trading
» Buy-and-hold long-only strategies strategies
» Gain profits via positive price « Due to the use of options, profits are

developments of the purchased assets gained independently from price
» Asset exposures lie between0and 1 developments
due to limited leverage and no use of ¢ Asset exposures can take values
short sells greater than one due to an extensive
use of leverage
« Asset exposures can also take
negative values due to short selling

Source: Self-made figure.
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4.3.3 Style Analysis

Equity style analysis is a method, which is used to identify andridesthe
characteristics of an investment portfolio. On the basis of the ifident
characteristics, style analysis reveals that a portfolio geanfollows a certain
investment style. Examples for the application of style analygisactice are the

following:

» |ndividual investors use style analysis to independently determine a
portfolio’s style, so that they are able to understand what type of

investments they actually buy and how these fit into their portfolio

» Financial advisors and money managers use style analysis to monitor
investments, so that they can verify whether the investment manager

remain true to their intended style
» Additionally, style analysis is used for:

1. The Creation of custom benchmarks either by fund-specific

combinations or portfolios that consist of different indexes

2. The Construction of peer groups

There are two main approaches to style analysis: on the one haadsdéiidased
approach exists, which is often referred to as the holdings-based @ppdwathe
opposite, there is the return-based approach. [16] These are explaittezl in

following.

4.3.3.1 ASSETBASED STYLE ANALYSIS

Asset based style analysis, in the following ABSA, is calletb@tom-up”
approach, because it is based on the underlying assets amongrapmettalio.
Therefore, ABSA requires two sets of data, which are expensolgam. First of

all, one needs a security database that contains the chanastefigtach security.
Secondly, one needs a record of the security holdings. On the basisef the

aggregated datasets of underlying securities, the ABSA idantifihe
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characteristics of a certain portfolio. For this reason, ABS#ften referred to as

“fundamentdlor “compositiondl analysis.

For example, the average market capitalization of a portfokgusl to the sum
of all value-weighted market capitalizations regarding eachrisgavithin the
portfolio. The same procedure is applied to other characteristids asugrice to
earnings ratio, price to book ratio or return on equity. The investmgat ist
given through the comparison between the parameter-values of thenedami
portfolio and a predefined benchmark index or market average value. @asm
a certain style is always applied in relation to a benchmark;hwtan also be

given through the market. [6]

Fig. 18:  Morningstar - Style Box

Stock Funds Fixed-Income Funds

Price to Earnings Ratio _
Price to Book Ratio Duration

Blended | Value = Long Interm. Short g
Large Large g‘;_ High High High =
2 ©
Q 5
Growth | Blended | Value =} Long Interm. Short Z
Medium | Medium [ Medium 2 Average | Average [WACIET[E
N
)
5
Growth | Blended | Value Long Interm. Short
Small Small Small Low Low Low

Source: Sharpe; Alexander; Bailey; "Investments'720-725

Figure 18 represents a so call&tyle Bokx The style box was developed by the
Morningstar Inc. The Morningstar Ifclocated in Chicago, is one of the most

prominent organizations that deal with the identification of a funugstment

* Morningstar Inc. is a leading provider of indepentdinvestment research in the United States
and in major international markets. Our missiotoisreate great products that help investors reach
their financial goals. We offer an extensive lifdrdernet, software, and print-based products for
individual investors, financial advisors, and ingibnal clients. http://corporate.morningstar.com
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style. Morningstar uses the S&P 500 as their benchmark index. Theagwal

itself is based on asset based style analysis.

The box provides a good summary of how a funds’ investment style can be
estimated. If we look at the left table of the figure, the twtyeene columns
represent the investment styles of value (right column) and gréeftlcglumn).
The three rows of the box are based on the size of the stocks wiffimd.
Morningstar indicates its classification of a fund by darkening onthefmine
sections of the style box. Hence, the funds style represented atkened
section means that the manager invests in growth stocks and stocks olangeg a
market capitalization. Here the author wants to point out that theadiemoof the
parameter growth and market capitalization are relativelysured to the overall
market. In this special case, the style factors would reprédsemiverage price to
earnings ratio, average price to book ratio and the average mapketization of

the fund’s assets.

The right table of the figure examines the case of fixed-indomgs. By now, the
columns of the style box are based on the average duration of thiiegclihe

rows are based on the average credit quality of the securities.

4.3.3.2 RETURNBASED STYLE ANALYSIS

Besides the qualitative description of the teimvéstment styfethe author also
presented an analytical definition in the previous sections. Accordisdarpe,

we defined:

“Investment style is a set of asset class exposeggding a certain assegt
portfolio.”

In practice, model builders face the problem how to estimatectiree’tt’ asset
class exposure. This problem has been disregarded to this momergediios
will close this gap. The economist William F. Sharpe [32], laidfdhadations of
return-based style analysis (RBSA). According to Sharpe (1988), RB&ined

as follows:
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\*2J

“The use of quadratic programming for the purposedetermining a fund'
exposures to changes in the returns of major askedses is termed style
analysis

RBSA is a mathematical optimization technique for the purpose/lefatalysis.
The overall goal is to estimate a combination of predetermined bankchm
indices, which replicates the historical performance of the maremgeng a
certain period of time at best. The resulting index combinatioralisdc style-
benchmark. A certain style index characterizes a specifet alEss. This means,
RBSA is a technique that determines style by identifying, whachlbenation of
holdings across various asset classes, represented by a combinatidices,

would have most closely replicated the actual performance of aolpmrtf

According to Sharpe [20] it is desirable that such style-indeesef classes) have

to satisfy the following characteristics:
= Mutually exclusive
» Being exhaustive

= Have returns that differ

This means, no security should be included in more than one style isdeeng
securities as possible should be included in the chosen style intieeisidex
returns should either have low correlations with one another or, in icasésch

correlations are high, they should have different standard deviations.

Once these style indices are determined, the aim is to finth#s# set of asset
class exposures. Hence, it has to be defined first, what is ime#mt term best

exposuré

Rearranging equation (5.2) results in:

R :a+2ﬂkSFkt+£it ,fori=1,...,N
k

& =R-a-) BSR+ ,fori=1...,N (5.3)
k
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Writing equation (5.2) this way, the term on the left side can leepirgted as a

difference between the return on the examined portféjoand the return on an

imitation portfolio (a + 2 Sk Sk) that is passively managed and applies the same
strategy as the examined portfolio. The difference between tamseof the
examined and imitation portfolio is termed the fundtacking errof' and its
variance Yar(gi)) is denoted as the fund®dcking variancé. In this context, the
set of ‘best exposures (investment style) is the one for which the variangei®f

the least.

Note that the objective of such an analysis is not to minimibereihe average
value of this difference or the sum of the squared differences.iRétb@im is to
infer as much as possible about the fund's exposures to variationgetutims of
the asset classes during the studied period. By applying equation (®3), t
exposures are estimated via multiple regressions regardirtg p=@d and

predefined style factors.
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4.4 Problems within the Application of traditional factor models

The fact that hedge fund managers generally diversify their fpadsrmance
across a variety of strategies complicates the task of buitdimgdel for hedge
fund returns. The dynamic allocation of capital resources to a \aidgerof
trading strategies dilutes the origin of a hedge funds’ return.efdretr the

utilization of an analysis of a general hedge fund return sample is limited.

For this reason, it is useful to concentrate on a specific tredrategy that is
identifiable with a large number of hedge funds (in chapter one the hmedge
fund strategies were introduced). However, other problems stillimermathe
previous section, the author presented the asset class factor mobaipdained

its basic terms. Such a model provides the basis for many apprdache#d
factor models for hedge fund and also for fund of funds returns. But the aafount
possibilities to establish such models on this basis is sti¢laks we have seen,
an asset class factor model can be build using three differentd€istide factors:
peer-group-based style factors, return-based style factors asidbased style

factors.

Therefore, this section will expose the problems related to tfexatit points of
departure to build these models. The problems involved among the use of these
factors are presented next. In addition, one focus of this sectiometdedi to

problems, which are related to the nature of hedge fund data.

4.4.1 Problems within the Application of Peer-Group Style Factors

Although peer-group-based style factors are often used to descriipgeélment
styles of managers, this method gives reason for criticism anymespects.
According to FH [15] this method is not suitable to define hedge fundssty

because of the following five main reasons:

» Search for performance similarity — there is no verification that
similar sounding strategies do deliver similar performance

characteristics
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» Proliferation of styles — due to the lack of an analytical method to
discern differences in return characteristics, there is a nepd®

increase the number of PGS and style groups in order to compensate

» Lack of transparency — appears due to the lack of disclosure on how

returns are generated,; this is also very unsatisfactory to investors

» Measurement errors —it is not possible to relate the criteria used to
form the groups of funds and the reported returns characteristics due to

the lack of a definite analytical framework

» No support of style diversification and market dynamics — the risk of
erroneously asserting that a fund has changed style with regpect t
broadly defined peer groups is very high, due to the inflexible
aggregation among peers. But especially in the hedge fund industry
dynamic strategies are applied, which leads to the fact thgt #&

not suitable.

4.4.2 Problems within the Application of Return Style Factors

Due to the use of return—based style factors model builder can avoid the
dependence on quality of the managers’ disclosure. In addition, this approach

provides an analytical tool, unlike the use of PGS.

The application of return-based style factors for fund returnsiveapfoposed by
Sharpe (1992). He was able to relate mutual fund strategieslyditecasset
classes by comparing historical returns to those of market in(keessection
4.2.1.2). Also FH (1997a) adopted this methodology to determine investment
styles of hedge funds. However, the results of their work showed|soaR8S

lead to problems in modeling hedge fund returns:

» Database biases — databases do not exactly reproduce reality , so that
these biases still remain when it comes to measuring averagas

(see section 4.3.4)
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= No further insight into the strategies — RBS do not give information
about “how” returns are generated other than the fact that groups of

funds statistically perform like each other

» Lack of stability over time — this means that the performance
characteristics can change over time, so that the extractedsfaf a

certain time series capture a diluted picture of the actual situation

» Return-based style factors are mathematical constructs — this means,
there is no unique qualitative interpretation of the factors, sohbgt t

are finally not worth to invest in

These are difficult problems to resolve. Consequently, FH have trifidd an
alternative to the return-based style factors, which are leserahble to these
problems. [11] From there point of view, asset-based style factov&dpra very

good possibility to describe the returns of hedge funds.

4.4.3 Measurement Biases in Hedge Fund Data

The hedge fund industry is still in its infancy compared to traditiowastments.

In addition, it has stayed pretty much unregulated to now, so that ddta a
information are not easy to obtain. Consequently, researchers faoblem in

the size of that portion of the industry, which they can not analyzaiblshed
data. The fundamental problem is that hedge fund data is subject talseve
measurement biases caused by the data collecting process anchatutheof the
industry. FH (2000) provide an extensive analysis of these biases.diEtieygt
between three different kinds of biases: selection bias, survivorsagy @&nd
instant history bias. [11] These biases are commonly estimati alfference
between the average returns of funds, which caused the bias and thgeaver
returns of all funds that the database contains. [2] The diffenees yf database

biases are explained in the following:
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4.4.3.1 SELECTIONBIAS

As a consequence of the unregulated industry, private database vendoo$ are
able to capture all hedge funds existing at a certain point @ @©n the one hand,
managers can choose to which database vendor they report, if they report at all. On
the data collecting side, different database vendors include hedgeafiomilding

to different criteria within their database. As selection loias understands the
difference between database and hedge fund universe. This means, the hedge
funds of a database can not serve as representatives of the totatipopoi

hedge funds. In addition, the combination of different hedge fund data bases does
not lead to a better reproduction of reality, due to the intersedigtmseen these.

The following figure shows the problems described:

Fig. 19: Measurement Bias - Selection Bias

Hedge Fund Universe

Database .

Database v Database

Source: Fung, William; Hsieh, David (2003) "Benchksafor Alternative Investments"

4.4.3.2 SURVIVORSHIPBIAS

Next we come to survivorship bias. Jones established his fund in 1949. However
most database vendors started to collect hedge fund data in thereaity-90s.
Therefore, it is not surprising that there is only little infotiora and data on
hedge funds that ceased operating before then. These missing funte are

primary cause for survivorship bias.
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The other reason for survivorship bias is that hedge fund managers doedd ha
report their data and information at all. Consequently, database vemeansta

able to collect data about hedge funds that do not publish their results.

4.4.3.3 INSTANT HISTORY BIAS

According to the extensive analysis of biases provided by Fung andh, Hsie
database vendors generally do not differentiate between the perferharricg
the initial trading period and the subsequent periods. But in fact, tfeemance
of hedge fund managers tends to be better in the initial tradingdpiran the
later performances. FH attribute this performance charaateiosthe manager’s
engagement. Typically, when a fund gets started, the fund manades mach
harder running a small business. However, when they grow bigger panicem
tends to decline. Hence, most funds enter the database with amgexiatk
record. Their results are back filled over time since they banse at which point
in time they enter the database. The back-fill history can tead upward bias in
results of the complete database. This difference is known amgtarit History”

bias, which affects estimates of historical mean returns.
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4.4.4 Conclusion

Little can be done to eliminate the limitations of historical leefiopd data. Time
remains the only solution for documenting hedge fund performance over arbroade
range of economic cycles. The stated caveat on the applicationSoBREGERBS
speak against the use of these kinds of factors to model hedge funts.rét

order to overcome this problem, Fung and Hsieh have defined some kind of
standards for style factors in order to make them suitable forimgdiee returns

of hedge funds. Therefore, style factors for hedge fund returns andnidrof

funds returns should meet the following demands:

= “First, there must be complete transparency in thay the factor

returns are derived.”

= “Second, there must be a sufficiently long perfano® history in

order to generate reliable statistics[10]

These properties are neither present in peer group-based nor reeanbdge
fund style factors. Besides other, Fung and Hsieh believe thatbasset style
factors can satisfy both properties. Transparency is given throughkheetween
strategy and observable assets. By just considering assepabhiae sufficient

performance history, one may avoid the problem of data biases.

In the end, the challenge is to define a set of style factorsewietigrns can be
replicated by observable asset prices in accordance with the underlyinginstige
strategies. The following figure provides a summary of the workssetdased

style factors for hedge funds:
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Fig. 20:  Overview - Work on ABS for hedge funds
Merger Arbitrage
Mitchell, Pulvino (2001) They used a sample of 4,750 stock Fund returns are positively correlated with market
"Characteristics of risk swap mergers, cash mergers, and cagturns in large down markets but uncorrelated witt}
and return in risk tender offers during 1963 - 1998 to market returns during normal market conditions.
arbitrage” characterize the risk and return in risReturns to risk arbitrage are similar to returmsrfr
arbitrage. selling uncovered index put options.
Equity Hedge Strategies
Aggrawal, Naik (2001) They used returns of the S&P 500 They did not, explicitly model the option structure
"Characterizing the Risk index options to capture option-like implicit in these trading strategies.
and Return of Equity behavior in the returns of equity hec
Hedge Funds," funds.
CTA - Trend Following
Fung, Hsieh (2001) They used lookback straddels to They showed that lookback straddels can explain
"Theory and Evidence  model trend following strategies trend following funds returns better than standard
From Trend Followers" asset indices
Fixed Income Arbitrage
Fung, Hsieh (2002) They analyzed the common risk of Fixed-income hedge funds have static exposure to
“The Risk in Fixed- fixed-income hedge funds by fixed-income related spreads, such as
Income Hedge Fund extracting seven return-based style convertible/treasury, high-yield/treasury,
Styles” factors, which are then linked to ABSmortgage/treasury, and emerging market
factors. bond/treasury spread.
Convertible Arbitrage
Agarwal, Fung, Loon, Using data on Japanese convertible They constructed three ABS. The results show that|
Naik (2004) bonds and underlying stocks. By ass#tese can explain between 9% and 24% of the return
"Risks in Hedge Fund  based style analysis they extracted variation
Strategies: Case of factors and related these to observatdéfour popular convertible arbitrage indices.

Convertible Arbitrage”  market prices.

Source: Self-made figure.

98
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4.5 Summary

= Investment style is a combination of location and investment sgrateg

represented by a combination of exposures to predefined style factors

= Usually, the investment styles of mutual funds contain static imezgt
strategies; this means their investment style is deterntipddcation as the

only variable. These strategies are referred to as buy-and-hold strategies

» Traditional asset class models, such as Sharpe’s model introdudé®@4n
successfully describe static investment strategies or tasggcthe return

characteristics of the mutual fund industry

= On the contrary, investment styles of hedge funds apply a dynardingrra
strategy, which means that both of the variables, location asas/slrategy,

determine their investment style.

» Although traditional asset class models serve as initial gituéir modeling
the returns of hedge funds, they are not able to capture the perforofance

dynamic trading strategies or respectively of hedge funds

= Neither peer group-based style factors nor return-based styiersfagare

suitable to model the returns of hedge funds

= Asset-based style factors seem to be the solution in order tooowerhe
problems in hedge fund return modeling. They are the key input for modeling

the returns of hedge funds successfully, due to their characteristics:
1. ABS are transparent in the way the factor returns are derived

2. They provide sufficiently long performance history in order to

generate reliable statistics

® see performance analysis of hedge funds by Si{ag®®) or Fung and Hsieh (1997a)
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5 ASSETBASED FACTOR MODELFOR CTA' S

5.1 Introduction

Unlike mutual funds, it is not possible to develop one single model taluesoe
returns of all hedge funds. It is a well known fact that hedge fumols seturn
characteristics, which are fundamentally different to those aflitional
investment vehicles. Additionally, hedge funds that apply differenesstgivn
different return characteristics. For this reason, models shouldvieéoded that

describe certain groups of hedge funds, which own “similar” return characteristic

In this section the author introduces a methodology to model the retums of
certain hedge fund strategy, which is referred to asttéed following” strategy.
Trend following hedge funds belong to the class of the CTA’s (sqaathane).

The methodology was developed by FH and presented in their paper of 2001. [14]
The basic idea is to construct asset-based style factorsheitlise of observable
traded options. This idea is based on the results of the work of FH (Y@&7in

this work they proceeded on the assumptions:

= Linear factor models of investment styles, as in Sharpe (1992pare

suitable to capture hedge fund returns

» Hedge fund returns differ from those of mutual funds, because they

apply dynamic trading strategies

In order to prove these assumptions, FH analyzed the trading sisatédiedge
funds in general. The results of their analysis (1997), especrabetof the
examination of CTA's return data, served as initial situation fiather
developments. The work of FH (1997a) is summarized later in thi®sebt
general, FH want to prove the assumption that hedge funds own returddfénat
from those of traditional investment vehicles. Therefore, FH have pritna2d
assumption that hedge funds do not show statistically significanttsesn

Sharpe’s style regression.
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5.2 Initial Situation

On the one hand FH (1997a) examined the suitability of linear dasetmodels

for the ability to capture the return behavior of hedge funds. Therdfoag,
applied ‘Sharpe’s style regressidvis.1),R, =a;, + 5,SF, +---+ B,,Sk, +&,, to

both a mutual fund and a hedge fund database of monthly returns. On the other
hand, FH applied factor analysis and a non-parametric regressioutherf

determine dominant styles in hedge fund strategies.

5.2.1 Style Regression on Mutual Funds

In a first step, they appliedSharpe’s style regressidrio a database of the
Morningstar Inc., consisting of 3.327 U.S. mutual funds. The model used by FH
differed from those in Sharpe (1992). The asset classes used \Wefrirmidel

were represented by the following style factors:

Fig. 21:  Fung & Hsieh - Style Factors

Equity

SF,; MSCI U.S. equities

SF, MSCI non - U.S. equities

SF; IFC emerging market equities
Bonds

SF, JP Morgan U.S. government bonds

SFs JP Morgan non - U.S. government bonds
Cash

SFg 1-month eurodollar deposit
Commodities

SF; Price for gold
Currencies

SFg Federal Reserve's Trade Weighted Dollar Index

Source: Self-made figure.

The results of this style regression show the following:

= 47% of the mutual funds hawe’-value of regressions among the

asset-based style factors above 75%
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= 92% of the mutual funds have*value of regressions among the

asset-based style factors above 50 %

The results show that due to Sharpe’s asset class model, managerable to
successfully replicate the performance of an extensive universeSofmutual
funds on the basis of a limited number of major asset classesnEifte this
gives the high correlation of mutual fund returns to these asset-bigte factors.
Additionally, this implies that the location of investments is the determinant
of performance among mutual funds. This means, mutual fund manageegdlyasic
apply ‘buy-and-hold long-only strategies among various asset classes, as

anticipated.

5.2.2 Style Regression on Hedge Funds

On the other hand, FH ran the style regression on a monthly retutvaskata
consisting of 407 hedge funds. These funds met the requirements: thre®fye
monthly returns with at least $5 million in assets under manageréet

statistical results are as follows:
= 48% of the examined hedge funds hR¢evalues below 25%

= No single asset class showed a dominant behavior during the style

regression

= Only 17% of hedge funds showed coefficients of the most significant
asset class, which are statistically greater than zerostbunot

statistically different from one

This evidence indicates that the returns of hedge funds are not tikebe
correlated to the returns of the predefined asset classes. Hleaceturns of
hedge funds are fundamentally different to those of mutual funds. Far thes
reasons, traditional asset class factor models are not suitadkscribe hedge

fund returns.
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5.2.3 Factor Analysis and non-parametric Regression

Since the traditional style regression on monthly hedge fund returmstprove
that the asset class model is able to successfully descdige hend returns, FH
applied a factor analysis to further determine the dominant stylesdge funds.

For this reason, they analyzed these 409 single hedge funds as a whole.

Via factor analysis they were able to extract five mutuatihogonal principle
components (PC). These five PC’s are able to explain about 43% ofode
sectional variance among the underlying database of hedge funds. HHter,
constructed five return-based style factors by using hedge funde¢hatmost
highly correlated with these PC’s. As already mentioned one opriblelems
within this methodology is to assign these PC’'s to a unique quaditati
interpretation. Consequently, they associated the RBS with the wroshanly

used qualitative style categories, which are utilized by the Hedgeindustry. In
doing so they were able to provide an understandable interpretation of the

strategies. These qualitative descriptions are:
= Opportunistic strategy
» Global / Macro strategy
» Value strategy
» Trend following strategy

= Distressed strategy

In order to find evidence for dynamic trading strategies in hedge funds, FH applied
a non-parametric style regression. This means, if a fund maapgkses a “buy-
and-hold long-only” strategy, its returns should align with those optbeefined
asset classes in any economic environméd the other hand, if a style uses a
dynamic trading strategy in a certain asset class, usnrshould be large, when

the underlying asset returns are at extremes, no mattes pasitive or negative.

Consequently, FH divided the monthly returns of the hedge fund database into

! This means in severe declines / sharp rallies talsdund returns should be substantially high /
low
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states of different market environments. Finally, they definedsfiiges, ranging
from severs declines to sharp rallies and compared the behavior & heub

styles and predefined asset classes during these periods. Soofehmaresults is

presented next:

Fig. 22:  Fung & Hsieh — Return Characteristics (1997a)
Statg | U.S. Equity Trend non-U.S. Trend U.S. Dollar Trend
Following Equity Following Following
U (] U (0] u (0] u (] U (] u (0]
1 -2,82 0,29 1,45 1,2p6| -5,16 042 245 1/5p -3,33 (4,27 5,5881[1,2
2 -0,05 0,19 1,71 o082 -1,77 0,22 -1,19 09 -1,53 p,1 -0,489D,
3 1,59 0,11 -0,77 0,51 0,81 0,15 O 0|7 -0,34 0,08 -0,75 0,44
4 3,04 0,12 1,91 1,7 335 0,19 -04 O0Opb 1,26 (4,16 -1,04 D,49
5 513 059 0,5 155p 6,99 0pb 3,82 1p8 448 Q58 1,47 [,73
Returns of trend following hedge fund style facdad U.S. equity, non-U.S. bonds, U.S. Dollar actiffsrent market environments: Jan 1991 - Dec 1995
(in percent per month)
Statg | U.S. Dollar Global Gold Global Emerging Global
Macrc Macrc Markets Macrc
1l o U () U () 1l o 1l o 1l ()
1 -3,33 0,27 0,81 04 -4,06 0,45 1,27 0B -48 (471 0,38 pD,82
2 -1,53 0,1 0,14 0,81 -1,2 0,41 14 o2 -159 019 0,81 0,55
3 -0,34 0,08 0,95 04 0,03 0,408 1,2 041 0,56 (Q,14 1,17 pD,42
4 1,26 0,19 2,24 0,59 1,33 0Op 0,37 0B8 2,76 (4,22 1,47 D41
5 448 0,58 2,29 0,48 427 0,38 2,15 0Jp 852 1,33 256 [0,59

Returns of trend global/macro hedge fund styleofaand U.S. Dollar, gold, emerging markets acrafésreint market environments: Jan 1991 - Dec 1995
(in percent per month)

Statd Gold Oppor U.S. Bondy Oppor non-U.S. Oppor

tunistic tunistic Bonds tunistic

Y a Y o Y o u a u a u o
1 -4,06 045 0,16 1,49| -0,95 0,18 0,07 0Pp -2,89 (4,52 0,996 1,2
2 -1,2 0,111 0,38 1,56| 0,21 0,07 0,03 1p# -0,11 d,21 -1,09 pP,81
3 0,03 0,04 0,09 1,08 0,79 0,05 2,07 1j2p 1,05 (,07 0,84 [1,34
4 1,33 0,2 1,23 1,26| 1,36 045 0,212 1By 2,12 (.11 1,9 [,13
5 427 0,38 3,58 10| 2,25 0,16 3,72 16 452 Q4,49 3,39 1,61

Returns of opportunistic hedge fund style factat gald, U.S. bonds, non-U.S. bonds across diffar@rket environments: Jan 1991 - Dec 1995 (in
percent per month)

Source: Fung, William; Hsieh, David (1997a) “ThesRin Hedge Fund Strategies: Theory and
Evidence From Trend Followers,” Review of Financslidies, 14, 313-341.

The part of FH’s analysis represented by figure 22 shows thatekest nonlinear
correlations between three style factors and some of the stamskat classes.
This provides evidence for dynamic trading strategies. The infamédtH

gained, can be summarized by the following statements:
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» In the case of the trend following style, it is most profitable to invest in
this strategy during rallies in: non-U.S. equities, non-U.S. bonds and

during declines in the U.S. dollar

» The global/macro style is the most profitable during ralliegald |,

the U.S. dollar and emerging markets

= Opportunistic strategies are most profitable during rallie®id,dJ.S.

bonds, non-U.S. bonds and during declines in the U.S. dollar

According to FH, these facts give rise to option-like payouts. Tleians hedge
fund returns could be replicated by traded, observable options in ther earlie
identified locations (asset classes). The following figurasstilate the most

dramatic examples of option-like payouts:

Fig. 23:  Fung & Hsieh — Trend Following Style vs. U.S. Equity

U.S. Equity Trend Following

Mean Returns
o

'
w
|

ry State of Environment

Source: Fung, William; Hsieh, David (1997a) “ThesRin Hedge Fund Strategies: Theory and
Evidence From Trend Followers,” Review of Financ&ldies, 14, 313-341.
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Fig. 24:  Fung & Hsieh — Opportunistic Style vs. Gold

Gold  Opportunistic

w
|

Mean Returns
o

'
w
|

ry State of Environment

Source: Fung, William; Hsieh, David (1997a) “ThesRin Hedge Fund Strategies: Theory and
Evidence From Trend Followers,” Review of Financslidies, 14, 313-341.

Fig. 25:  Fung & Hsieh — Global/Macro Style vs. U.S. Dollar

U.S. Dollar Global / Macro

Mean Returns
o

ry State of Environment

Source: Fung, William; Hsieh, David (1997a) “ThesRin Hedge Fund Strategies: Theory and
Evidence From Trend Followers,” Review of Financ&dies, 14, 313-341.
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Figure 23 reports that hedge funds using trend following strategies ha
performance characteristics that resemble straddleshe equity market. Figure
24 shows that the Opportunistic style generates a return behaviadn, i/Bimilar

to a call option on gold. Figure 25 shows the Global/Macro style belikees

straddle on the U.S. dollar. Overall the empirical results of FH (1997a) show:

» Linear-factor models, as in Sharpe (1992), are not able to capture the

return features among hedge funds

» The extracted style factors from a broad sample of hedge fumaset
show that there exist relationships between hedge funds and traditional

asset classes, which own non linear characteristics
» The analyzed strategies feature:
¢ Non-linear return characteristics
* Much of option-like returns

» Hedge fund manager typically employ dynamic trading strategies

5.3 Look-back straddles to model trend following strategies

On the basis of these results, Fung and Hsieh focused their work dirmgdatie
returns of hedge funds on a particular strategy. [14] In 2001 they intebduce
methodology for modeling the returns dafend-following strategies. Due to the
proved option-like return features, FH decided to use look-back straddles to model
the specific return characteristics of trend-following hedge fuiitiss means
trend-followers could be replicated by a combination of look-back straddles
traditional asset classes. Assuming that Black and Scholes (19@8) tha prices

of the utilized put and call options can be estimated. [4] Consequently, the price of
a standard straddle is well known in this case and the prices ebémikoptions

can be found in Goldman (1979). [12] Therefore, FH provide a link between the

returns of trend-following funds and standard asset classes.

% The term straddle referrers to an options strawgtfy which the investor holds a position in both
a call and put with the same strike price and etjoin date.
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The aim is to prove the hypothesis that the returngoiitive trend following
strategie$ ,which are constructed by the combination of look-back straddles,
show strong correlations with the returns of trend following funds. Pptagxthis
procedure the terms look-back straddle apdniitive trend following stratedy

are explained below.

5.3.1 Look-back straddles

A look back straddle is a combination of look-back call options and look-back put
options. The owner of a look-back call option or put option respectively has the
right to buy/sell the underlying asset at the lowest/highestk piliering the
maturity of the underlying option. Therefore, the payoff of a look-baekidke is
not only determined by the settlement price but also by the maxonammimum
price of the underlying asset within the life of an option. Consequentlyok-

back straddle delivers the ex-post maximum payout of a trend-following strategy.

In terms of trend-following strategies this means that look-baekidles deliver
the payout of a manager that perfectly invests according to éhd. tHe sells
securities when prices are high and purchases them if the preeésw. Hence,
trend following strategies should theoretically deliver the retwinkok-back
straddles. Since the “perfect” trend-following fund manager does xist i@

reality, FH defined the so-called primitive trend following gyt (PTFS). This
PTFS is a theoretical construct, which represents a manageapphes a perfect

trend following strategy.

5.3.2 Primitive Trend following Strategy

Since trend followers can converge onto the same trend for diffe@sdans, FH
defined the termgrimitive trend-following stratedy referred to as PTFS. PTFS
should capture the general characteristics of trend-followingegies and
therefore resemble the payout profile of look-back straddles. Thegstrshould
not represent a particular trading strategy that benefits tiemds among security
price movements. The idea is to design a strategy, which ist@loi@pture the

performance profile of the trend-following strategy universe. Thezethe model
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contributes to the explanation of the performance of CTA funds asaweither
hedge funds, which use trend following as part of their strategydér to give a

definition of the term PTFS, the termirend should be defined first:

“A trend is a series of asset prices that move persistently idicewtion over a
given time interval, where price changes exhibit positive serial correlation.

According to this, the termPTFS can be defined as follows:

“A trend follower attempts to capture market trends by identifyinglaj@ag
price patterns with trend property and trade in the direction of the tieadd
when this occur§[14]

5.4 Constructing a Performance Database

Because look-back straddles are not exchange-traded options, thesircarceot
be observed directly. In order to analyze the correlation behavior dret@/eA’s

and primitive trend-following strategies FH had to construct ebdataof PTFS’s
returns. They generated the historical returns of the PTFS applidttk most

active markets in the world:

Fig. 26:  Fung & Hsieh — Active Markets

Stock Indices

Futures Contracts on the: S&P 500 (CME)
Nikkei 255 (Osaka)
FTSE 100 (LIFFE)
DAX 30 (DTB)
Australian All Ordinary Index (SFE)

Bonds
Futures Contracts on the: U.S. 30-year Treasury B¢88OT)
UK Gilts (LIFFE)
German Bund (LIFFE)
French 10-year Government Bond (MATIF)
Australian 10-year Government Bond (SFE)
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Currencies

Futures Contracts on the: British Pound (CME)
Deutsche Mark (CME)
Japanese Yen (CME)
Swiss Franc (CME)

Three-months Interest Rates

Futures Contracts on the: 3-month Eurodollar (CME)

Euro-Deutsche Mark (LIFFE)

Euro-Yen (TIFFE)

Paris Interbank Offer Rate (PIBOR, MATIF)
3-month Sterling (LIFFE)

Australian Bankers Acceptance Rate (SFE)

Commodities

Futures Contracts on the: Soybean (CBOT)
Wheat (CBOT)
Corn (CBOT)
Silver (NYMEX)
Gold (NYMEX)
Crude Oil (NYMEX)

Source: Fung, William and Hsieh, David (2001) “TResk in Hedge Fund Strategies: Theory and
Evidence from Trend Followers,” Review of Financkilidies, 14, 313-341

5.4.1 Procedure

FH replicated the payout of a look-back straddle fwjlihg” a pair of standard
straddles on the predefine asset classes. Rolling is understodte gwide
adjustments of the applied options within the straddle, according tocthal a
price developments. FH adjusted the option prices and strikes at tloé each

trading day by using the settlement prices of the option and the underlying asset.

One straddle was used to lock in the high price of the underlying ¥éisenever

the price of the underlying asset moves above the current striketipeic folled”

this straddle to a higher strike price. This means, at expirditestraddle’s strike
must equal the highest price achieved since inception. On the oppositseBH
another straddle to lock in the low price of the underlying asset. Whiettee

price of the underlying asset moves below the current strike {hrége‘rolled”

this straddle to a lower strike price. This means, at expirgteistraddle’s strike
must equal the lowest price achieved since inception. Consequently, the
combination of the two standard straddles must exactly obtain the pafythe

look-back straddle.
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5.4.2 Results

During 1989 and 1997 FH obtained the monthly returns of the PTFS for each of
the 26 predefined markets and 5 asset classes. On this basisstimeyeel five
equally weighted PTFS portfolios of the single PTFS in the freeigs of asset
classes. The results of the analysis, according to these fiw8 Padrtfolios and

Trend-Following funds returns, are illustrated in figure 27.

Fig. 27:  Monthly returns for trend followers and five PTFS portfolios

Trend Stock Bond Interest Rate Currency  Commodity
Following PTFS PTFS PTFS PTFS PTFS
Mean 0,0137 -0,0193 0,0181 0,0195 0,0177 -0,0072
SD 0,0491 0,2094 0,1573 0,1867 0,2305 0,131
Maximum 0,1837 1,324 0,4739 0,8158 1,0006 0,6413
Minimum -0,082 -0,5172 -0,2285 -0,2573 -0,3013 -0,2497
Skewness 0,79 2,62 1,07 1,46 1,68 1,19

& Statistically different from zero bat the 1% oaded test

Source: Fung, William and Hsieh, David (2001) “TRé&sk in Hedge Fund Strategies: Theory and
Evidence from Trend Followers,” Review of Financkilidies, 14, 313-341

The figure above shows that Trend-Followers as well as the fi\SFhave
strongly positively skewed returns. The PTFS portfolios and the fundshwhi
apply a trend following strategy, differ in their mean-value attarestics. While
the trend followers show a positive and statistically significaean, this fact can

not be observed among all of the PTFS-portfolios.
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5.5 Evaluating the PMTS-Benchmark

In the following figure the regressions of trend-following fund retagainst ten

sets of risk factors are given.

Fig. 28:  Regressions on ten Sets of Risk Factors

Sets of Risk Factors R? of Regression (%) *

1. Eight major asset classes in Fund nad Hsieh (1997 1,00
(US and non-US equities, US and non-US Bonds, gdftidollar index,
emerging market equities, 1-month eurodollar)

2. Five major stock indices -2,10
(S&P 500, FTSE 100, DAX 30, Nikkei 225, Australiah Ordinary)

3. Five government bond markets 7,50
(U.S. 30-year, UK Gilt, German Bund, Frensch 1(ryAastralian 10-year)

4. Six three months interest rate markets 1,50
(Eurodollar, 3m Sterling, Euro-DM, Euro-Yen,
Australian Bankers Acceptance, Paris InterbanleRat

5. Four currency markets -1,10
(British pound, Deutsche Mark, Japanese Yen, Skrasc)

6. Six Commodity markets -3,20
(corn, wheat, soybean, crude oil, gold, silver)

7. Goldman Sachs Commodity Index -0,70
8. Commodity Research Bureau Index -0,80
9. Mount Lucas/BARRA Trend Following Index 7,50
10. Five PTFS portfolios 47,90

(Stock PTFS, Bond PTFS, Currency PTFS, 3-monthdsteate PTFS,
Commodity PTFS)

b R? refers to adjusteRi2 of the regression of trend-following funds' resim ten different sets of risk factors

Source:Fung, William and Hsieh, David (2001) “The RiskHedge Fund Strategies: Theory and
Evidence from Trend Followers,” Review of Financsldies, 14, 313-341

At first, the regression coefficient of FH asset class m{t@97a) is presented.
This regression is based on return-based style factors adenstarns of funds
applying trend-following strategies. An adjust@@value of 1% and the fact that

none of the variables is statistically significant differegotrf zero is the result of
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this analysis. The following coefficients of the five sets ek ffiactors represent
the result of the examination of the 26 different markets by grounesergroups
are the five asset classes, which FH used to construct the five PTFS porotios
also this analysis surprisingly obtains low regression codffiagainst trend-
following returns. Also the regression analysis using other indites associated
with CTA’s and Trend-Followers do not significantly show differeggults. So
far, the results strengthen the statement that trend-following fimdst correlate

with returns of traditional asset classes.

Now we take a closer look at the regression of trend-following furedigins on
the five PTFS portfolios. The result of this regression is aficaaft an adjusted

R’-value of 47.9%. Additionally, thE-test of the hypothesis:
Ho: PTFS-portfolios do not correlate with the returns of trend followers

is rejected at any conventional significance level. Unlike théeeaegression
results, this indicates that trend followers do correlate wtiittonal asset class
returns. The reason why earlier analysis did not deliver evidentki$ds due to

the fact that one did not consider the non-linear relationship betweee tuedts

and traditional investment vehicles. Through the use of look-back stréeldles

did not only obtain an asset based methodology to model the returns of trend
followers, they also proved that hedge fund returns actually do cerneitt

traditional asset classes in a non-linear way.
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5.5.1 Summary

The roots of FH’s approach to model the returns of hedge funds can be found

in the asset class factor model introduced by Sharpe

In the approach of 1997, FH primarily applied the factor analysis foedef

return-based style factors:
= RBS are not able to describe the returns of hedge funds successfully

»  Within their analysis FH found evidence for non-linear
relationships between hedge fund strategies and traditional

investment vehicles

In 2001 FH focused on CTA's, using asset based style factors to siogxd

trend following strategies among predefined asset classes

= A simple trend-following strategy can be replicated by using look-

back straddles

= A simple trend-following strategy obtains the performance of a

perfect trend-follower

Empirically FH showed that single PTFS are not able to describettmas of
hedge funds applying trend-following strategieR? (between -3.2% and
7.5%)

Only the portfolio consisting of the five PTFS was able to capgasential

performance features of trend-following fund®?( of 47.9 %)

» Both PTFS and trend-following funds have strong positive

skewness
» Both feature non-linear relationships with traditional asset classes

= PTFS can explain the returns of trend following hedge funds during

extreme market situations
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6 EMPIRICAL ANALYSIS

6.1 Introduction

The analysis procedure can be divided into two sections. The Fitsinsdeals

with the descriptive analysis of the return data. Here, spetégtian is directed

to the performance measurement of the examined hedge fund indicdseand t
relationship to alternative investment classes, such asrthkét and ‘“risk-free
investments The second part contains the elaboration of a forecasting model for
hedge fund returns. Both parts use the same hedge fund database, which is

publicly provided by the VAN Company.

6.1.1 The underlying Database

Fig. 29: VAN Company — Hedge Fund Classification

VAN Global Market Neutral Group Index
Event-Driven Index
Distressed Securities Index
Special Situations Index
Market Neutral Arbitrage Index
Convertible Arbitrage Index
Fixed Income Arbitrage Index

VAN Global Long/Short Equity Group Index
Aggressive Growth Index
Market Neutral Securities Hedging Index
Opportunistic Index
Value Index

VAN Global Directional Trading Group Index
Macro Index
Market Timing Index
Futures Index

VAN Global Specialty Strategies Group Index
Emerging Markets Index
Income Index
Multi-Strategy Index
Short Selling Index

Source: Self-made figure, based on the data proMiethe VAN Company
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The underlying database consists of monthly returns during the period 1995-2004.
This return data is collected regarding predefined hedge fund indicedunds
included in this database are globally situated hedge funds. Thiicdties of

the database illustrates figure 29. All hedge funds recognizept@arped into one

of four major categories. These categories are:
= Market Neutral
»= Long Short Equity
» Directional Trading

= Specialty Strategies

These categories are again split into hedge fund sub indices;as bie seen in
figure 29. Finally, the single funds are assigned to a particulairglex. This
assignment procedure is realized on the basis of the funds’ sidf-steategy
disclosures. This means, the resulting indices base on performaogeatibon
which is separately received from the U.S. as well as non-U.Scilkdnhedge
funds. Later, all collected single funds, which are assigned to atencsub
index are combined in order to calculate the average monthly retutheof
particular Van Global Hedge Fund Index. The author accepts this kind of

classification for the further analysis.

As a matter of policy, the VAN Company collects the datafitsadl does not rely

on third party resources for the information. The Indices and theimsiutes are
updated monthly and are produced as a service to institutions, plan sponsors,
consulting firms, individual investors and the financial services inglusinally,
seventeen time series datasets regarding each predefined inedigedex formed

the dataset. Each hedge funds dataset includes 120 sets of monthlgasauand

served as input for the following empirical studies.
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6.2 Descriptive Analysis

The attractiveness of an investment is generally determinets lpefformance
characteristics, such as mean return and return volatility. Alttethe selection of
financial instruments depends on the investors return expectatiorspecref a
certain amount of risk he is willing to take. Consequently, a consexvatnager

will only purchase positions that own little return volatility.

In practice, it is not that easy to generate a portfolio, whitibfies the demands

of an investor. For portfolio construction each single instrument has to be
evaluated in the context of all other possible investment opportuniiethisl
regard, hedge funds represent investment vehicles that are pdytisuitable for
portfolio completion. Even though hedge funds seem to be similar to mutual funds
from a superficial point of view, their performance charactesstary extremely
from those of traditional investments. The broad flexibility in tlgpes of
securities that hedge funds hold, the types of positions they takea@ongll as
short positions) and the possibility to invest in international as asetlomestic
equities, debt and the entire array of traded derivative seculetes to the

unique performance characteristics of this asset class.

In addition to the eighteen VAN indices, the author included two moreeisdinc
the descriptive analysis. In order to get a better picture dfpgbeial performance
characteristics of hedge funds the author completed the databdmefbijawing

indices that represent certain classes of investment vehicles::

= The “S&P 500 index', provided by the BARRA Ing.that serves as

the representative of an investment in the overall market

= The "90 Days Treasury Bills index, provided by the Federal

Reservé which serves as a benchmark of risk free investments

! Widely regarded as the best single gauge of ti% equities market, this world-renowned index
includes a representative sample of 500 leadingpenims in leading industries of the U.S.
economy. Although the S&P 500 focuses on the lagpesegment of the market, with over 80%
coverage of U.S. equities, it is also an ideal priox the total market.
http://www?2.standardandpoors.com (July 05)

2 http://www.barra.com/Research/DownloadMonthlyResuaspx (July 05)
*http://www.federalreserve.gov/releases/H15/dataduty 05)
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6.2.1 Performance Measurement

The general results of the descriptive analysis are summanZegure 42 of the
appendix. In this section and in the following sections of this partatitieor

shows some of the elaborated results in more detail.

Figure 30 shows the risk return relationship of each index. Withirfithiee the
hedge fund asset class is marked by signs in a blue color adat¢heers are red

colored.

Fig. 30:  Descriptive Statistics — Risk-Return Diagram

20% - Annual Mean
Return
(in %) )
A Val“i Opportunistic Aggressive Growth
0 | } I‘E*ssﬁdgecuriti i S
15% Marl&et)de/u%:t .Evenﬁgs-\?::al Situations
Securities .M H Mu|ti_strategy |nde* & S&P 500
Futures' R
/ Convertible Arbitrage EIRGE UIOG) /
\ . e
Market Neutra . -
N Agbitrage leed_ Incomt P Emerging Markets
~ Arbitrage . — —
10%+4 0T
o e A Global/Macro
5% +
US 90 Day Treasul
Bills
Std Deviation
(in %)
O% T T T T T 1
(0173} 5% 10% 15% 20% 25% 30%
Short Selling
_5% i

Source: Self-made figure, based on the data proviethe VAN Company, BARRA Inc. and the
Federal Reserve.
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Although hedge funds are often characterized as investments thavemyhigh’

risk exposures (high volatility), this analysis provides a moreerdifftiating
statement. One may clearly see that only two of the VAN-isdite Aggressive
Growth and Emerging Market index) have standard deviations thatgder tihan

the o*value of the S&P 500 index (21%). Consequently, most of the examined
hedge funds are overall less risky (less volatile) than investmenordinary
shares of the S&P 500. On the opposite, no hedge fund index owns a standard
deviation of its annual mean returns that is lower thamtvalue of the risk free

rate, which is represented by the 90 days treasury bills indegditiom, most of

the VAN indices show annual mean returns that are similar tartheal mean

market returns, represented by the S&P 500 index.

The “eye-catching fattof figure 30 is that there exists one main group of VAN
hedge fund indices (marked by the blue dashed oval), which own similar

performance characteristics. These particular characteristics are

» The funds among this group own annual mean returns that vary

between 12% and 15%, similar to the mean market performance

= The funds among this group own annual standard deviations that vary

between 6% and 12%, far less then the volatility of the market

In the end, one may conclude that the examined fund indices featureeneas,
which are similar to the market and simultaneously show voleslithat are

similar to the risk free rate.

Especially in this case, it makes sense to additionally contpar@adices on the
basis of their &x-post Sharpe Ratio valife This ratio compares the historical
mean return in relation to the taken risk of the asset duringthat The ex-post,

also referred to as the historic8| has been calculated according to the following

equation (6.1):

“In 1966, Sharpe introduced a measure for the pegoce of mutual funds and proposed the term
reward-to-variability ratio to describe it. Thistimis referred to as the SharpeRatio and also
described in Sharpe (1975).
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R
S, =—- (6.2)

R,
Where:
R — 1 Denotes the annual mean return of
" R=IXR o

t=1 index i
R, Denotes the standard deviation of the
R, = return index i over the period t=1,...,T

R, Denotes the annual return of index i in the period t=1,...,T

Fig. 31:  Descriptive Statistics — Sharpe Ratio (estimated ex-post)

Convertible Arbitragé
Market Neutral Arbitragé
Incomei

US 90 Day Treasury Bill.;,
Market Neutral Securitie:
Futuresi

Fixed Income Arbitragt;
Distressed Securitieis
Event-Driveni

Value |

Special Situationé
Market Timing |
Opportunistici
Multi-Strategy Indexﬁ
Aggressive Growtr;

S&P 500 |

GIobaI/Macroi

Emerging Markets| Sharpe Ratio

0,0 0,5 1,0 iL5 2,0 2,5

Source: Self-made figure, based on the data pravimethe VAN Company, BARRA Inc. and the
Federal Reserve.

As one can see from figure 31, only the VAN indices Global/Macrogrgimg
Markets and Short Selling show Sharpe Ratios, which are lowerhba@atio of
the market (S&P 500). This strengthens the facts, exposed by meas®f30

before.
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Also surprising is the result that the risk free rate has ortbeohighest ratios,
although its mean return is by far the lowest (except of the S&diihg index).
Only three indices of the VAN hedge fund indices exhibit ratios dhathigher
than the ratio of the 90 days treasury bills index. Consequently, ngsloe

volatility must account for the main part of the high Sharpe Ratio.

6.2.2 Correlation Behavior

When Alfred Winslow Jones established the first hedge fund, one ahigsnas

to create an investment vehicle, whose performance should be generated
independently from overall market movements. This means, the masket ri
should be removed by ananager immanehtrisk. If the actual situation also
reflects these original ambitions of the hedge fund industry canoloéegdrby the
examination of the correlations between hedge fund strategiesaditiral asset
classes (market and risk free investments). For this reasofglitheing figure
illustrates the correlations between each hedge fund strategheuskP 500 as

well as the 90 Days Treasury Bills Index.

Fig. 32:  Descriptive Statistics — Standard Asset Class Correlations

Short Selling
Multi-Strategy Index

Income

Futures
Market Timing

Global/Macr

Value

Opportunistic

Market Neutral Securitie!

Aggressive Growth

Fixed Income Arbitrage|

Convertible Arbitrage

DU ey sy e Market Neutral Arbitrage|
S&P 500 Special Situation:
Distr

Correlation Event-Driven

-1,0 -0,8 -0,6 -0,4 -0,2 0,0 0,2 0,4 0,6 0,8 1p

Source: Self-made figure, based on the data proviethe VAN Company, BARRA Inc. and the
Federal Reserve.
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6.3 Elaboration of a Forecasting Model

The second part of the empirical analysis contains the elaborateofordcasting
model for the returns of hedge funds, which are included in the VAN&bdse.
The author utilized the principle component analysis as the basle ohddel
building process. Via PCA, the author wants to extract principle comfmne
which contain information about the common performance characteo$tibe
different predefined hedge fund indices. The first extracted PCbwilused to
generate an “artificial” time series. The aim is to builchedel, which is able to
explain this time series. In doing so, the time series model sheulable to
reproduce the main return generating procedures of the examined hedge f

Consequently, this model can be used for the prediction of hedge fund returns.

In order to maintain a reliable result of the time seriesyaisalthe first PC should
explain at least 85% of the total variance within the underlyingbdse. If this
level of significance is not reached in the analysis of the caengltaset, which
includes all strategies, the author will utilize the clustalysis to form a smaller
group of hedge fund indices. This smaller group should own “similar”
performance characteristics, so that the result of the PQAevignhanced. Then,
the PCA will be applied again to this smaller data set, in dalextract a first
PC, which generates a more significant time series. The falipvigure

illustrates the procedure:

Fig. 33:  Model Building Procedure

Principal Component Time Series Generation
Analysis

YES

1. PC explain:
85%

Time Series Analysis
of varianct

Performance
Measurement

Cluster Analysis

Source: Self made figure
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6.3.1 Principal Component Analysis among all Strategies

Fig. 34:  Results — Principal Component Analysis of all Strategies
. . Proportion Cumulative
Eigenvalue Difference in % in %
1 9,871 8,144 58,1% 58,1%
2 1,727 0,452 10,2% 68,2%
3 1,274 0,508 7,5% 75,7%
4 0,767 0,192 4,5% 80,2%
5 0,574 0,038 3,4% 83,6%
6 0,537 0,045 3,2% 86,8%
7 0,492 0,021 2,9% 89,7%
8 0,471 0,187 2,8% 92,4%
9 0,283 0,048 1,7% 94,1%
10 0,235 0,028 1,4% 95,5%
11 0,207 0,019 1,2% 96,7%
12 0,188 0,032 1,1% 97,8%
13 0,156 0,063 0,9% 98,7%
14 0,093 0,017 0,5% 99,3%
15 0,076 0,027 0,4% 99,7%
16 0,049 0,048 0,3% 100,0%
17 0,001 0,001 0,0% 100,0%
()
3 124
g 9.9
S 10
=y
L 8-
6 4
4 4
1,7
24 ’ 1,3
| 08 0,6 0,5 0,5 0,5 0,3 0.2
0 T I I T o T = T = T = T
1 2 3 4 5 6 7 8 9 10
Number
70% -
s 58,1%
S 60%-
8 50%-
2
O 40%
30% -
20%1 102% - oo
10% - | ' 45%  34% 32% 2,9% 28% 1,7%  14%
0% T I T I T 1 T = T - T 0 T
1 2 3 4 5 6 7 8 9 10
Number

Source: Self-made figure, based on the data proMigethe VAN Company.
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The principle component analysis of the 120 datasets among all hedge fund
strategies obtains a component structure, which is dominated byshéhfee
components. Within this structure the first principal component expjasts
about 60% of the total variance of the underlying database, having anaige

of 9,871. The second and third component still has eigenvalues, which deg grea
than one (?1:1,727, & 1,274). Hence, according to the MINEIGEN criteria, this
PCA delivers three principal components the end, these three components
account for 75% of the total variance. The eigenvectors of these companent

the related factor loadings (correlations of eigenvectors andgsésitare given in

the following figure:

Fig. 35:  PCA of all Strategies — Eigenvectors and Factor Loadings

Eigenvectors Factor Loadings

1st 2nd 3rd 1st 2nd 3rd
1 Event-Driven 0,296 0,018 -0,149 0,931 0,023 -0,169
2 Distressed Securities 0,235 0,154 -0,254 0,737 0,202 860,2
3 Special Situations 0,293 -0,026 -0,111 0,928 -0,034 ®,12
4 Market Neutral Arbitrage 0,234 0,351 0,060 0,736 0,461 068,
5 Convertible Arbitrage 0,181 0,431 -0,186 0,567 0,566 10,2
6 Fixed Income Arbitrage 0,099 0,563 -0,108 0,310 0,740 -0,122
7 Aggressive Growth 0,286 -0,230 0,058 0,900 -0,302 0,066
8 Market Neutral Securities 0,223 0,090 0,226 0,701 0,118 ,25@
9 Opportunistic 0,291 -0,117 0,105 0,913 -0,153 0,118
10 Value 0,294 -0,158 -0,072 0,922 -0,208 -0,081
11 Global/Macro 0,230 0,108 0,311 0,724 0,142 0,351
12 Market Timing 0,251 -0,204 0,297 0,788 -0,268 0,335
13 Futures -0,013 0,204 0,762 -0,042 0,268 0,860
14 Emerging Markets 0,251 -0,033 0,022 0,788 -0,043 0,024
15 Income 0,208 0,172 -0,037 0,653 0,225 -0,041
16 Multi-Strategy Index 0,283 -0,126 -0,100 0,890 -0,166 113,
17 Short Selling -0,261 0,330 0,058 -0,819 0,433 0,065

Source: Self-made figure, based on the data pravigethe VAN Company.

A closer look at figure 35 and figure 43 (correlation matrix inappendix) gives
information about the disappointing result of the PCA. Figure 43 showmtsit
of the hedge fund strategies are highly correlated with each. dBurin

particular, the two strategiegtitures (13) as well as Fixed Income Arbitrage

(6) form the exception. As one may see in the last row of fig8rall the other

® MINEIGEN criteria: the eigenvalue of the prindigamponent has to be greater than 1.
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strategies have average correlation intensities, which arerhigre 0,4. On the
opposite, the Fixed Income Arbitrageindex only owns an average intensity of
0,23 and the Futures index even shows an average correlation intensity of 0,1.
Consequently, these characteristics can probably not be captured bgnenly
principal component. If one additionally considers figure 35, one mayatte

2" component accounts on a massive scale for Eveed Income Arbitrage
index and the "8 component for theFutures index. This leads to the conclusion
that at least the strategies (6) and (13) should not be consideredthar

examinations. The cluster analysis will obtain deeper insights.

6.3.1.1 CLUSTERING

In order to enhance the explanatory power of the first principal compahent
author decided to apply a cluster analysis to the underlying dat&yagmuping
all the strategies together, which are highly correlated, @& &f these groups
should deliver more significant results. The correlations of thst fiive
eigenvectors and the seventeen strategies (factor loadings) ssrasis for the
estimation of the original Euclid-distance matrix, D.

dy - dy
D= : . | i=1..17

The distances between each strategy have beenagsdinaccording to the

following equation:

d, = Z(Ci - ¢ )2 , fori # j (6.1)
n=1

Where:

d; Euclid-distance between strategy i and j (i,j=1,7.ahd #))

C The i factor loading (i=1,...,17) of the K eigenvector

(k=1,...,5) represented by the correlation of eigetwek and
strategy i
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The factor loadings matrix and the Euclid-distamcatrix are presented in the
appendix (figures 44 and 45). Strategies and aremtimated clusters, which
have the least Euclid-distance, are clustered hhegeThe resulting new distance
matrix within this procedure has been calculatedoating to the average

linkage method

The results of the cluster analysis are illustratetthe figure 46 (Plot of*land 2d

main-plane in the appendix) and in the followingufie:

Fig. 36:  Custer Analysis — Dendrogramm

Distance

By
A
—
T—'—‘ Strategy

17 13 6 5 4 8 2 1 3 14 15 7 9 10 16 12 11

1 Event-Driven 10 Value

2 Distressed Securities 11 Global/Macro

3 Special Situations 12 Market Timing

4 Market Neutral Arbitrage 13 Futures

5 Convertible Arbitrage 14 Emerging Markets

6 Fixed Income Arbitrage 15 Income

7 Aggressive Growth 16 Multi-Strategy Index
8 Market Neutral Securities 17 Short Selling

9 Opportunistic

Source: Self-made figure, based on the data proMethe VAN Company.

One may see from the Dendrogramm (illustrated guré 36), there exist four
main clusters (A, B, C and A including strategy bi)‘similar’ strategies. One

can see that the strategieBiXed Income Arbitrage “Futures and “Short
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Selling show the least similarity to other strategies.isTlstrengthens the
conclusion made at the end of section (6.3.1). Hetlwese strategies will not be

matter of further investigations.

The principal component analysis of the cluster8and also C whereas, should
lead to better results than the first PCA of athtggies. The repetition of the PCA
to the clustered groups should result in the etttnacof first principal

components, which explain larger portions of the&ltovariance among each
dataset of strategies. Because the cluster A, stimgi of the strategies
“Aggressive Growth “Opportunisti¢, “Valu€', “Market Timing and “Multi

Strategy represents the group of “most similar” strategitbss cluster is subject
to further factor analysis and time series analyie results of the factor analysis

of the other clusters can be found in the appe@ii»48).
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6.3.2 Principal Component Analysis of Cluster A

Fig. 37:  Results — Principal Component Analysis of the clustered Strategies

Eigenvalue Difference Proiﬁclzlon Curim:]u(!/e: tive
1 4,315 3,969 86,30% 86,30%
2 0,346 0,180 6,92% 93,22%
3 0,165 0,074 3,31% 96,53%
4 0,091 0,009 1,83% 98,35%
5 0,082 0,082 1,65% 100,00%
g
= 57 4,3
>
o 41
=)
L
3 i
2 -
1 -
U 0,2 0,1 0,1
0 1
1 2 3 4 5
Number
S 100% 86,3%
2 80%-
o
& 60% |
40%
20% -
’ S 3,3% 1,8% 1,6%
0% 1
1 2 3 4 5
Number

Source: Self-made figure, based on the data proMethe VAN Company.

The factor analysis of the datasets, which are pgdutogether in cluster A,
obtains the desired explanatory power of the etachfirst principle component.
Already the first factor accounts for more than 86f4he total variance among

the underlying dataset. The corresponding eigeoveand their factor loadings

are presented in figure 38:
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Fig. 38:  PCA of clustered Strategies — Eigenvectors and Factor Loadings

Eigenvectors Factor Loadings
1st 2nd 3rd 1st 2nd 3rd
1 Aggressive Growth 0,464 0,044 -0,111 0,963 0,026 -0,045
2 Opportunistic 0,451 0,143 -0,787 0,936 0,084 -0,32(
3 Value 0,456 -0,375 0,093 0,947 -0,220 0,038
4 Market Timing 0,421 0,752 0,465 0,875 0,443 0,189

5 Multi-Strategy Index 0,444 -0,520 0,379 0,921 -0,306 0,15

1,0 - 1,0
m 4
: 05-
05 .4
1st Eigenvector 2 1st Loadings =2
0,0 : : —*r — a1
03 0,4 0,4 05 05 00 01 02 03 04 05 06 07 08 09 14
=3
m5
5 3
>
051 9 u5 051 @
= =
5 k]
> ]
= o
L o
© °
= =
-10J o~ -1,0° W«

Source: Self-made figure, based on the data peaviy the VAN Company.

6.3.2.1 STABILITY SURVEY OVER TIME

Besides the problem of the explanatory power offitts¢ component, which the

author had to face during the analysis of all hedge strategies, one has to cope
with another problem within the underlying databaBa&s additional problem is

related to the stability of the performance chamastics among the clustered
strategies during the time. Because the author sventuse the generated time
series as a basis to build a time series modah®purpose of prediction, it has
first to be proved, if the principal component slsawe same characteristics over
time. If this is not the case, the prediction woblase on assumptions, which

count for little in the future. Consequently, thregliction would not make sense.
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For this reason, the author split the time serfdb@ strategies within cluster A in
two parts. On part contains the data of the pefad1995-Dec.1999 and the other
part contains the data of the period Jan.2000-Ded.2If the factor analysis of
these two datasets shows similar results, thistpam stable connections within
the complete underlying database. The analysisstmtwon the survey of the
development of the eigenvalues, eigenvectors agidféctor loadings. The results
are presented and illustrated in the figures 485he appendix (stability survey).

The main facts are summarized in the following:

» The development of the eigenvalues seems to bdasdnsver time
since the differences between each pair of eigaegadoes not exceed

the margin of a tenth

» The portion of variance explained by each factasdiot vary during

the two periods (maximum deviation about 1%)

= By means of the linear regression of the first aadond eigenvector
in the periods 95-99 and 00-04, one can observethigadirection
slightly changes (perfect fit is not reached by rineaway value of the
market timing indexp but it still indicates stable relationships over

time

= Comparing the two regression lines of the factadings, strengthens
the statement made on the basis of the regressiorgyenvectors,

although the result is less significant

Over all, the results show that the main charasties of the examined strategies
seem to be stable over time. This means that the Beries analysis of the

clustered dataset makes sense for the purposeditpon.

6.3.3 Time Series Analysis

The result of the factor analysis applied so famis extracted factor, which
explains as much as possible of the total variameng the group of examined

strategies (86,3%). A time series, which is credtgdhe factor loadings of this
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factor would consequently hold the main charadierieatures of the examined
strategies. Therefore, a model, which is able tpla® and to reproduce this
artificial time series can be used to predict tlmnthly returns of funds within this
group of clustered hedge fund indices. Such a modelbe estimated via time

series analysis (in the following TSA). The focdishas section is:
= Elaboration process of the time series model

= Evaluation of the estimated model.

At first the artificial dataset has to be generatedrder to apply the time series

analysis. The generation procedure is subjecteméxt paragraph 6.3.3.1.

6.3.3.1 TIME SERIESGENERATION

Fig. 39:  Time Series Generation — Factor Loadings of the first Eigenvector

Factor g 107
Loadings © 0.963
1st N 0,936 0,947
1 Aggressive Growth 0,963 et
2 Opportunistic 0,936 091
3 Value 0,947 oo
4 Market Timing 0,875
5 Multi-Strategy Index 0,921
0,8

1 2 3 4 5
Correlations

The time series generation is based on the faotmtimgs of the first principle
component. This means, the artificial dataset tedtdm the correlation of each
strategy and the first eigenvector. Consequertily, time series can be generated

by the following general equation (6.2):
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1 .
R ZE( fote,) i=1..k (6.2)
Where:
R Monthly return on the generated time series (1,8).in time

period t (t = Jan.1995,...,Dec.1999)

Thei factor realization(i=1,...5) at time t,

(t=Jan.1995,...,Dec.1999) represented by the eshlieturn

of thei™ strategy

B Thei" factor loadingrepresented by the factor correlation of
strategy i (i=1,...,5)

&, Theidiosyncratic error termn time period t,
(t=Jan.1995,...,Dec.1999)

In this special case, it follows that the time sgmwill be generated according to

equation (6.3), which is given next:

R = é(O,%SDrﬂ +0,9360r,, +0,9470r, +08750)r, +09210r,) (6.3)

The time series, which was generated by the apjicaof equation (6.3) is
illustrated in the figures 52 and 53 (in the appendAdditionally, the realized
monthly returns during this time period of the ¢dwed hedge fund indices, which

have been used to build equation (6.3) are pregente

6.3.3.2 TIME SERIESANALYSIS

This section deals with the analysis of the tinrgesge generated in part 6.3.3.1. A
deeper look at the plot of the artificial time sstirepresented in the figures 52

and 53 of the appendix, gives first indicationstfa nature of the series.

1. One can see that the plot varies around a conistegit Consequently,
neither a positive nor a negative trend is obsdevalithin the period
of 01/95 to 12/04. This obvious fact leads to tlnatusion of a
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stationary series. Therefore, one possibly doedhaet to consider an
integrated ARMA process¥ARIMA (p, 0, q)).

2. Additionally, the time series does not show anyutagty in the
variance during the examined time period. This&es the possibility

of a seasonal behavior among the hedge fund returns

These two assumptions are strengthened by theégesuhe Dickey-Fuller single
mean test for both, stationarity and seasonalithiwithe time series. The results
of the unit root test (0,001 at lag 1) as well lzes tesult of the seasonal root test
(0,001 at lag 1), lead to the conclusion that ctetiity as well as stationary
seasonality is likely at a significance level 0®®, This already points to a time
series, which is difficult to reproduce by the apgtion of an ARMA-process. A
closer look at the autocorrelations as well asphsial autocorrelations of the
examined time series will give more information wabothe underlying
characteristics of the series. These correlatisasrepresented in the figures 54
and 55 of the appendix. The main facts of the eratian of the autocorrelations

and partial autocorrelations are presented next:

= The time series generally shows weak autocorreistas well

as weak partial autocorrelations

= Both, autocorrelation as well as partial autocatreh show
values, which are statistically different from zeolag one>

this points to an underlying ARMA(1,1) process

= The autocorrelations among the lags 2 to 24 dceroted the

amount of+ 016

= The partial autocorrelations among the lags 2 tod@a4not

exceed the amount &f 0,2

= The manner of autocorrelation as well as partigb@arrelation
does not show any regularity in terms of intenaityg direction

(positive/negative) among the 24 examined lags
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6.3.3.3 MODEL ESTIMATION

All the information collected so far, point to ddfilties in modeling the
underlying generated time series by ARIMA proceduréhe following figure
represents the results of the application of an ARML)-process. The
corresponding predictions, made by the applicatbthe estimated model, are

represented in the figures 56 and 57.

Fig. 40: Results — ARIMA Modeling

Parameter Estimates of an ARMA(1,1)-Process
(Evaluation Range: Jan. 1995 - Dec. 2004)

Model Parameter Estimate Std. Error T Proit; ;! T |
Intercept 0,0117 0,0031 3,7188 0,03%

Moving Average (MA), Lag 0,1035 0,4787 0,2161 82,93%
Autoregressive (AR), Lag 1 0,2901 0,4605 0,6301 52,99%
Model Variance (62) 0,0007

Statistics of an ARMA(1,1)-Process Fit
(Evaluation Range: Jan. 1995 - Dec. 2004)

Statistic of Fit Value

Mean Square Error 0,0007
Root Mean Square Error 0,0271
Mean Absolut Error 0,0205
Mean Absolut Error (%) 1,4034
R-Square 0,0370

Source: Self-made figure, based on the data peavizy the VAN Company.

The parameter estimates, presented in figure 40, show that th& @RIy model
is not able to capture the performance characteristics of tihgzamdime series
properly. In particular, the standard errors of the MA and AR pasmet
emphasize this observation. Comparing the standard error with eaclatedt

parameter makes clear that the error is greater than tineatsl value itself.
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What this means to the predictions of the model itself can be seen in tles fgur

and 57. One can clearly observe that the generated time seddmé) shows a
sharp zigzag pattern, while the blue line (representing the ARiddel
predictions) runs at very flat level. This means, the model is not able to capture the
high volatility of the generated time series. Consequently, faseoaade by this
model would probably overestimate or underestimate the real valae, [spfthat

the model finally is not suitable to anticipate the returns of hedge funds.
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/7 SUMMARY AND CONCLUSION

7.1 Conclusion and Insights of this Work

In the final chapter, the author would like to summarize the insagiteved by
this thesis. These are differentiated into general perceptiongeasoinal insights

achieved by the author during this work.

7.1.1 General Insights of the financial Product: “Hedge Fund”

The extraordinary performance of HF, which differs from the retofiaditional
asset classes, forms the major reason why HF's became so papullae
beginning. Not least the political discussion in Germany about thallgotc
“Heuschrecken”, which included also the managers of HF's has leddeto
common use of the term “hedge fund” today. As the author has shown wighin t
thesis, this term can be very misleading today. Thereforendtisurprising that
this kind of investment vehicle is often misunderstood and consequently wrongl

judged.

For this reason, one objective of this diploma thesis was to expierdifterent
areas of hedge fund research. In particular this includes thepliesciand the
explanation of their unusual return characteristics. Consequently, qostamt
insight of this work is the definition of the term hedge fund itdelthe second
chapter the author presented a clear definition for the term hedde Through
the thesis, hedge funds were defined as all forms of investment tamdganies
and private partnerships that make use of derivates for directional investinly, whi
are allowed to go short and additionally use a significant portiorevarage

through borrowing.

Besides the definition of the term itself has emerged another problem. This kind of
definition dilutes the differentiation of hedge funds from traditionakstments.
Additionally, the definition does not clearly explain the origin of thmeque
performance characteristics of hedge funds. For example, hedge ftinds a

similar markets as mutual funds and also take positions in traditrorestment
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vehicles, but still they can not be differentiated just by the kirmgbsitions a fund
manager acquires. In order to find out, what forms the original eliféer of hedge
funds, the author delivered the insight of the term investment stye.
additionally considering this term, it is possible to explain on timel lae unique
performance characteristics of this particular investment \eh@h the other
hand, it is possible to differentiate hedge funds from traditional timesgs
through the use of the term investment style. Put differently, hiechglereturns
differs from conventional assets not because they invest in diffassets but
because of the way the underlying investments are managed. Thybt irssi
illustrated in the following figure:

Fig. 41:  Traditional Investments — Alternative Investments

Managed
Futures

Opportunisti

Event
Driven

Relative
Value

Equity
Hedge

Buy & Hold -,
(Long anly) Traditional Investments

Real Venture

Bond Stock Commodity Spreads

Estate Capital

Source: Joint Seminar “Asset Management and BendtshiaVlarch 5-7, 2003, Tokyo. The
content of the presentation represents co-studyitliam Fung and David A. Hsieh.
http://www.saa.or.jp/english/fung.pdf (06/2005)
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7.1.2 General Insights of Equity Factor Models

On the basis of the gained perceptions into the matter of the heudentiustry,
the author set up priorities in the modeling of hedge fund returns. Hammther
objective of this thesis was to present a general overview of facior models,
which are used to describe the extraordinary performance chatictesf HF's.
Insights into this subject are provided in the chapter’s three toTihe main facts

of these parts are summarized in this paragraph.

The author showed that the application range of multifactor modets ignited

to the area of equity factor models. But, starting from the “@apiset Pricing
Model”, multi factor models are indispensable in economic model building
processes these days. The reasons, why factor models have found ihie wasy
application to economic matters, are one important insight of thisgbahe
thesis. During the third chapter, the author presented the gredly \a@rieulti
factor models. This variety is determined by the multitude of reiffie and
applicable factors. Finally, this leads to a wide adaptabilithisfmodel class. On
the other hand, the author showed the simplicity and parsimony of thesks mode
For sure, this combination is the main reason, why these modelslareceived

by model builders.

After explaining the organizational structure of equity factor nsode general,
the author directed attention to the modeling of the return genegticgss in
the special case of HF’s. The chapters four and five deal with this nTdtegeby,
the perception gained from the fourth chapter is that traditiontdrfacodels,
such as Sharpe’s asset class model, are not able to captuetuthebehavior of
HF’s. The failure of traditional factor models is based on thetfet HF's differ
from traditional investment vehicles due to their dynamic tradiragesfies. These
dynamic trading strategies lead to a non-linear return behaviorhwhit not be

reproduced by traditional (linear) factor models.

In order to cope with this problem, the economists William Fung anddDavi
Hsieh recommend the utilization of asset based style facttingnwnulti factor
models for hedge fund returns. They elaborated a particular methodalogy t

capture the special return behavior of hedge funds by means of ia tedge
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fund strategy, referred to as the trend following strategy. This methoddogsila
as the definition of the term “asset based style factorif itgere presented in
chapter five. Due to the presentation and explanation of this methoddiogyy, t
paragraph provided the perception that factor models are able to c#pture
performance characteristics of hedge funds, if the model usdasbassel style
factors. This fact was proved by FH during an empirical analygisch was

presented at the end of the fifth chapter.

7.1.3 Perceptions gained by the empirical Analysis and personal Insights

The last part included an empirical analysis, which is subdividedwdgarts.
One part consisted of a descriptive examination of the underlying Hadde
database and the second part dealt with the elaboration of a fimigcastel.
Due to the descriptive part, the author obtained some surprising insighthe

performance characteristics of the examined hedge funds.

The access to hedge funds as well as the capacity of hedge foadarsato act is
still limited in Germany today. Despite these restrictions &eflgpds already
developed into an essential enlargement of the traditional investaregg. Due

to their unique performance characteristics, shown in the descrpialgsis part,
hedge funds provide the possibility to enhance the efficiency of portfofios
institutional investors. Although hedge funds are often publicly denounced as
investments, which are exposed to high amounts of risks, the resulke of
descriptive analysis showed another picture of this investment vehicle. Mbst of t
examined hedge fund indices owned higher Sharpe ratios than the f&roen

the author’s point of view, the adjustment of the German environmenhdor t
establishment and utilization of hedge funds to international standards &n
essential move to reduce the regional disadvantage. In the end, iorsitas
well as private market participants should be able to take advanfages

particular investment vehicle.

9 Here, the author wants to point out that theselteare probably diluted by database biases. On
the other hand, it is unlikely that the databaseashan image, which is completely different from
reality on basis of these clear results. Henceglosions can be drawn.
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At the beginning of the second part of the empirical analysis, utmmawanted
elaborate a model, which should be able to forecast reliable hedgeetunaks.

But in the end, the achieved results were quite different from this ambitious aim.

The results of the factor analysis as well as the clustatysis were very
auspicious at first. Most of the examined hedge fund strategied lsewdssigned
to a certain group of funds, which owns similar performance chasticer
Consequently, these results pointed to common risk factors within ketéred
group of strategies. In turn, these risk factors should be captured by thetagplica

of time series analysis to form a particular multi factor model.

The fact that the first principle component, estimated via faatatysis of the
hedge fund strategies “Aggressive Growth”, “Opportunistic”, “Valu#arket
Timing” and “Multi Strategy” is able explain more than 85% of tlotal
variability of the examined group of funds, supported the expectation of promising
results of the time series analysis. But finally, the results of treed@ries analysis
have been very disappointing. The ARMA(1,1) model, presented in section
6.3.3.3 served as representative for the class of ARIMA models. Tamgiar
estimates of the ARMA model showed that the class of ARIMA tisoidenot

able to capture the characteristics of the examined group of hedge fund strategies
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Fig. 42:  Descriptive Statistics — Summary

Index Mean Std Dev  Variance Min Return Max Return Median Range Skewness  Kurtosis Sharpe Ratio
Event-Driven 14,7% 9,3% 0,9% -2,3% 24,2% 17,8% 26,5% -0,81 0,66 1,58
Distressed Securities 14,6% 8,7% 0,8% 1,8% 27,4% 17,6% 6925, -0,41 -1,04 1,67
Special Situations 14,8% 10,9% 1,2% -5,4% 27,0% 189% 982,3 -0,72 -0,70 1,36
Market Neutral Arbitrage 12,1% 5,7% 0,3% 3,6% 20,1% 10,3% 16,5% 0,12 -1,37 2,13
Convertible Arbitrage 13,6% 6,1% 0,4% 1,0% 21,6% 16,4% 620, -0,96 0,74 2,24
Fixed Income Arbitrage 11,9% 6,9% 0,5% -1,2% 20,4% 10,1% 1,6% -0,42 -0,33 1,72
Aggressive Growth 18,7% 25,4% 6,4% -12,0% 72,9% 17,5% %849 0,89 1,21 0,74
Market Neutral Securities 13,8% 6,9% 0,5% 6,0% 25,3% 24,1 19,2% 0,24 -1,50 1,99
Opportunistic 17,7% 14,6% 2,3% -0,5% 50,5% 18,7% 51,0% 1,14 2,07 1,21
Value 18,2% 12,5% 1,6% -4,7% 41,6% 19,1% 46,3% 0,05 1,02 1,46
Global/Macro 8,4% 14,1% 2,0% -13,6% 36,5% 4,3% 50,1% 0,58 67 0, 0,60
Market Timing 13,4% 10,0% 1,0% 0,9% 32, 7% 13,5% 31,7% 0,54 ,050 1,35
Futures 13,8% 7,3% 0,5% -0,2% 22,7% 15,8% 22,9% -0,80 -0,29 ,89 1
Emerging Markets 12,0% 27,8% 7,8% -28,0% 69,6% 7,3% 97,7% ,88 0 0,99 0,43
Income 8,6% 4,1% 0,2% -1,0% 15,8% 9,0% 16,8% -1,02 4,01 2,08
Multi-Strategy Index 13,9% 11,6% 1,3% -3,3% 39,5% 12,0% 8942 0,99 2,08 1,20
Short Selling -2,9% 18,8% 3,5% -24.,4% 26,5% -9,5% 51,0% 804 -1,56 -0,16
S&P 500 14,0% 21,1% 4,5% -22,1% 37,6% 22,0% 59,7% -0,73 5-1,0 0,66

US 90 Day Treasury Bills 3,8% 1,8% 0,0% 1,0% 5,9% 4,7% %4,8 -0,68 -1,41 2,08

Source: Self-made figure, based on the data proMigethe VAN Company, BARRA Inc. and the FedersgiRe.
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Fig. 43:  Correlation Matrix — Principle Component Analysis 1995-2004

Index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 Event-Driven - 082 099 064 053 028 079 061 082 084610, 063 -012 068 063 080 -0,75
2 Distressed Securities 0,82 - 0,71 054 051 032 052 042590 064 048 038 -0,10 058 055 059 -058
3 Special Situations 09 0,71 - 063 051 025 08 063 0888 061 066 -012 067 061 081 -0,7
4 Market Neutral Arbitrage 0,64 054 0,63 - 0,72 0,47 0556 570, 0,58 057 060 053 009 053 049 057 -044
5 Convertible Arbitrage 053 051 051 0,72 - 046 035 039,410 044 036 029 -004 036 041 045 -026
6 Fixed Income Arbitrage 028 0,32 025 047 046 - 0,13 02922 017 029 004 004 019 029 023 0,0
7 Aggressive Growth 079 052 082 056 035 0,13 - 061 089,890 062 0,83 -008 064 045 0,86 -0,8¢
8 Market Neutral Securities 061 042 063 057 039 025610, - 069 055 055 058 009 047 044 052 -04p
9 Opportunistic 082 059 084 058 041 022 089 0,69 - 085,670 080 -001 069 046 080 -0,78
10 Value 084 064 085 057 044 017 089 05 0,85 - 059 0,79,13- 074 054 091 -0,85
11 Global / Macro 061 048 061 060 036 029 062 055 067,590 - 058 020 063 040 056 -048
12 Market Timing 063 038 066 053 029 004 083 058 080740, 058 - 012 060 042 0,70 -0,72
13 Futures -0,12 -0,10 -0,12 0,09 -0,04 004 -0,08 009 -001,130 0,20 0,12 - -0,03 007 -015 0,15
14 Emerging Markets 068 058 067 053 036 019 064 047 906074 063 060 -0,03 - 059 0,71 -0,62
15 Income 063 055 061 049 041 029 045 044 046 054 040420 0,07 0,59 - 0,51 -047
16 Multi-Strategy Index 080 059 081l 057 045 023 08 20508 091 056 070 -0,15 0,71 0,51 - -0,8(
17 Short Selling -0,75 -053 -0,76 -041 -026 0,03 -089 504-078 -085 -048 -072 0,15 -0,62 -047 -0,80 -

Average Intensity ofCorr.| 066 052 065 053 041 023 062 049 063 064 051 054010 054 046 062 0,56

Source: Self-made figure, based on the data provigethe VAN Company.
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Fig. 44:  Cluster Analysis — Factor Loadings Matrix
Index 1st 2nd 3rd 4th 5th
Factor Factor Factor Factor Factor

1 Event-Driven 0,931 0,233 -0,169 0,112 -0,063
2 Distressed Securities 0,737 0,202 -0,286 0,298 -0,025
3 Special Situations 0,928 -0,034 -0,126 0,042 -0,065
4 Market Neutral Arbitrage 0,736 0,461 0,068 -0,200 -0,165
5 Convertible Arbitrage 0,567 0,566 -0,210 -0,200 -0,370
6 Fixed Income Arbitrage 0,310 0,740 -0,122 -0,163 0,437
7 Aggressive Growth 0,900 -0,302 0,066 -0,172 0,026
8 Market Neutral Securities 0,701 0,118 0,256 -0,205 0,13
9 Opportunistic 0,913 -0,153 0,118 -0,135 0,061
10 Value 0,922 -0,208 -0,081 -0,009 0,030
11 Global / Macro 0,724 0,142 0,351 -0,038 0,307
12 Market Timing 0,788 -0,268 0,335 -0,146 -0,079
13 Futures -0,042 0,268 0,860 0,248 -0,114
14 Emerging Markets 0,788 -0,043 0,024 0,259 0,237
15 Income 0,653 0,225 -0,041 0,557 -0,106
16 Multi-Strategy Index 0,890 -0,166 -0,113 -0,067 0,079
17 Short Selling -0,819 0,433 0,065 -0,030 0,042

Source: Self-made figure, based on the data peaviny the VAN Company.
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Fig. 45:  Cluster Analysis — Euclid-Distance Matrix

Index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1 Event-Driven - 03 028 050 066 099 066 059 056 048690, 077 142 050 054 047 1,79
2 Distressed Securities 0,30 - 043 068 073 09 079 075720 058 080 09 1,39 048 0,38 0,58 1,69
3 Special Situations 0,28 0,43 - 062 081 1,13 040 053 03621 067 057 143 043 065 0023 1,82
4 Market Neutral Arbitrage 050 0,68 0,62 - 040 081 080 39, 068 076 066 078 121 079 081 073 158
5 Convertible Arbitrage 066 0,73 081 040 - 0,87 1,05 070,970 097 1,00 1,06 1,37 1,03 0,89 0,93 1,49
6 Fixed Income Arbitrage 099 09 1,13 081 087 - 1,28 1,0a,17 1,21 0,89 1,31 1,34 1,04 1,10 1,14 1,24
7 Aggressive Growth 066 0,79 040 0,80 1,05 1,28 - 0,53 0,17,240 0,64 031 143 056 095 025 1,87
8 Market Neutral Securities 059 075 053 039 070 1,00530, - 042 058 048 041 107 066 083 056 1,58
9 Opportunistic 056 0,72 0,35 068 097 1,17 017 042 - 024500 031 135 047 086 024 183
10 Value 048 058 021 0,76 097 121 024 058 024 - 065 048461 041 0,78 010 1,86
11 Global / Macro 069 080 067 066 100 089 064 048 050650 - 058 1,06 049 083 062 1,62
12 Market Timing 077 09 057 0,78 1,06 131 031 041 0,31 480, 058 - 1,19 064 095 050 1,78
13 Futures 1,42 139 143 121 137 1,34 143 107 135 146 10819 - 127 118 146 117
14 Emerging Markets 050 048 043 0,79 1,03 1,04 056 066 704041 049 064 1,27 - 055 042 1,71
15 Income 054 038 065 081l 08 110 09 083 08 0,78 083950 1,18 0,55 - 0,80 1,61
16 Multi-Strategy Index 047 058 023 073 093 1,14 025 605024 010 062 050 1,46 042 0,80 - 1,82
17 Short Selling 1,79 165 1,82 158 149 1,26 1,87 1,58 1,83861, 162 1,78 1,17 171 161 182 -

Source: Self-made figure, based on the data provigethe VAN Company.
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Fig. 46:  Cluster Analysis — Plot ofland 2 Main-Plane
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Fig. 47:  Results — PCA of Cluster B
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Fig. 48: Results — PCA of Cluster A including strategy 11
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Fig. 49:  Stability Survey — Eigenvectors Development
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Fig. 50:  Stability Survey - Plot of Eigenvectors 1 and 2
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Fig. 51:  Stability Survey - Plot of Factor Loadings
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Fig. 52: TSA — Generated Time Series during the Period 1995.1999
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Source: Self-made figure, based on the data peaviny the VAN Company.
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Fig. 53: TSA — Generated Time Series during the Period 2000-2004
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Fig. 54: TSA — Autocorrelations of the generated Time Series
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Fig. 55: TSA — partial Autocorrelations of the generated Time Series
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Fig. 56:  TSA — Model Predictions during the Period 1995-1999
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Fig. 57:  TSA — Model Predictions during the Period 1995-1999
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