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Abstract

Asset pricing anomalies are one of the most lively and debated topic in mod-
ern finance. '

In chapter one I present and discuss the database that I use for the
empirical analyses in the following chapters. I also illustrate the methodology
that I used to form two portfolios that capture a couple of asset pricing
anomalies, the "size effect”" and the "value effect". Finally, I introduce a
measure based on the higher-order moments of the return distribution.

In chapter two I develop a theoretical model that explains how the motives
behind agent trades make the asset expected returns deviate from those
predicted by the one-factor Capital Asset Pricing Model. In addition, I
analyze empirically the relation between the two portfolios’ excess returns
and trading volume.

In chapter three I consider the role that the three measures illustrated in
Ehﬂc‘e first chapter play in the risk-return relationship of equity-oriented hedge

fund indexes.
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Introduction

Since the beginning of the 1980s empirical evidence has mounted on the
preserice of anomalies in asset pricing. An anomaly is ”a documented pattern
of price behaviour that is inconsistent with the predictions of traditional
efficient markets, rational expectations asset pricing theory”! The financial
anomalies are mostly departures from the predictions of the Capital Asset
Pricing Model (CAPM).

The anomalies were first identified on the U.S. stock markets. Stattman
(1980) and Banz (1981) show that variables measuring some firm character-
istics, namely the market value and the book-to-market ratio, have reliable
power to explain the cross-section of average returns. These deviations from
the CAPM are denominated the size and the value effect, respectively.

Later, De Bondt and Thaler (1985) and Jegadeesh and Titman (1993)
find evidence of long-term return reversal and short-term return continuation,

respectively. The latter pattern is known as momentum eftect.

Despite the first studies on these issues date back to much more than
a decade ago, financial anomalies, in particular the size effect, the value
effect and the momentum effect, are still a very active field of theoretical and
empirical research.?

1See Brav and Heaton (2002), p.1.
?Some of the more recent contributions are Jordan (2004), Jostova and Philipov (2004),
Zhang (2004} and Zhang (2004).

vii
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Chapter 1

Asset pricing anomalies and

- multi-factor models*

* I thank Andrea Beltratti for insightful discussions on this issue. All remaining errors

are mine.
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1

’ 1 .1 Introduction

i {
The empirical analysis carried out in the next chapters deeply rests on a

newly assembled database. The database contains data on equities quoted

on the main U.S. stock exchanges. Such data are used totcreate Fama and
French portfolios and a factor based on the conditional skewness of the return
distribution, constructed by Harvey and Siddique (2000). ’

11.1.1 The origin of the Fama and Fre_nch%factors 1

Since the beginning of the 1980s empirical evidence hasé mounted onithe |
presence of anomalies in asset pricing. An anomaly is ”a documented pattern |
of price behaviour that is inconsistent with the predictions of traditional
efficient markets, rational expectations asset pricing theory”! The financial
anomalies are mostly departures from the predictions of the Capital Asset
 Pricing Model (CAPM) and are related to the securities characteristics. :

‘The anomalies that were first identified concern the cr(;‘tss-section of Il,TS '
stocks are the size effect and the value effect. Banz (1981) detect theiso- |
called size effect. According to the author, the market value augments(the
explanation of the cross-section of average returns promded by the market
3s. More precisely, average returns on stocks with low ma.rket value areltoo
high given their 3 estimates and average returns on stocks with high market ‘

!

value are too low. |

Stattman (1980) discover the so-called value effect, related to the bc!rok-' ji
to-market ratio. This measure is the ratio of a firm’s booki value of COI’IlI.!l’lOI’l
equity to its market value. According to the author, ﬁrmé with high book-
to-market ratios earn returns in excess of those predicted ‘by the CAPNﬁ |

Fama and French (1993) investigate the relation between the cross—sectxon |
of returns on stock and bonds and some common risk factors The authors
introduce as possible risk factors two zero-investment portfolios, SMB and

1See Brav and Heaton (2002), p.1. ! | :
: ! I |
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1.1. INTRODUCTION , : 3

HML, aimed to capture the effect of size and book-to-market ratio.

The SMB (small minus big) factor measures the excess returns on a port-
folio long on securities with low market capitalization (small stocks) and
short on assets with high market capitalization (big stocks). The HML (high
minus low) factor measures the excess returns on a portfolio long on securities
with high book-to-market ratio and short on assets with low book-to-market
ratio.

The authors conclude that "there are common return factors related to
size and book-to-market equity that help capture the cross-section of aver-
age stock returns in a way that is consistent with multi-factor asset pricing
models".

1.1.2 The origin of the conditional higher-moment fac-

tor

The Fama and French three-factor model, based on SMB and HML portfolios
in addition to the market portfolio, has been widely adopted in the empirical
studies, but also brought into question. Ferson and Harvey (1999) test the
empirical performance of the Fama and French medel on conditional expected
returns. The authors concentrate on the ability of the model to explain com-
mon dynamic patterns, captured by a set of lagged, economy-wide predictor
variables. Their analysis lead to the rejection of the three-factor model as a
conditional asset pricing model, even in a sample of equity portfolios simi-
lar to the ones used to derive their factors and conclude that " Loadings on
lagged instruments reveal information that is not captured by these pOpIula;r
factors for the cross section of expected returns. This should raise a caution
flag for researchers who would use the FF factors in an attempt to control
for systematic patterns in risk and expected return."?

Indeed, several studies highlight the importance of conditional asset pric-

See Ferson and Harvey (1999), p. 33
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ing models for the cross-sectional variation in stock returns. Jagannathan
and Wang (1996) argue that a conditional version of the CAPM perform
well in explaining the cross-section of average returns. Lettau and Ludv:ing—
son (1999) find that conditional consumption CAPM perform as well as the
Fama and French three-factor model. ‘

% '
Finally, a strand of the literature focus on the role of higher-order irno—
ments of the return distribution.? In particular, Harvey and Siddique (2000)
propose several measures of conditional skewness, thereby linking condition- |

ing information and return distribution higher-order moments.* : ,

1.2 A new database of U.S. stocks |

i
1

As far as I know, the empirical studies on U.S. stock markets employ the .
SMB and HML portfolios originally formed by Fama and French.® Harvey |
and Siddique (2000) is not an exception. Furthermore, the authors use] the
same source of data as Fama and French to create the skewness meas?tu'e.
However, some authors have cast doubts on the accuracy of the data use by

Fama and French. = i

1.2.1 Potential weaknesses of the Fama and French |
data |

In order to form the SMB and HML portfolios, Fama and French (1993):i use |
data. from the CRSP and the COMPUSTAT databases.® | 1

3See Ang, Chen and Xing (2001) and Dittmar (2002).

4For more details on this issue see chapter 3, section 2.2,

5The data are available on Kenneth French's website,
http://mba.tuck.dartmouth.edu/ pages/faculty /ken french/data_libfary.html. ! ;

5'he Center for Research in Security Prices is a financial research center at the Univer- |
sity of Chicago Graduate School of Business. The COMPUSTAT database is the Standard
and Poor’s database of U.S. and Canadian public companies. ‘

' i

1




1.2. A NEW DATABASE OF U.S. STOCKS 5

Kothari, Shanken and Sloan (1995) argue that';two related survivorship bi-
ases iﬁ COMPUSTAT data may partially explain the relation between book-
to-market ratios and security returns. They idéhtify two potential sources
of selection bias in the COMPUSTAT database: A possible source of bias
is data “back-filling”. When COMPUSTAT adds a firm to its data file,
it might fill in data for the firm back to five years before. Consider high
book-to-market firms. These firms were likely to be performing poorly in the
subsequent years (low market value relative to book value). After five years,
some of them will be no longer on the market, while some will overcome their
financial distress. Hehce, ex-post the latter are more likely to be added to
the COMPUSTAT file. _

A second source concerns firms that become financially distressed. They
may stop reporting financial results. Then, only firms that ultimately recover
from financial distress may report financial data retroactively, for the period
they stopped reporting. Again, there is a potential bias toward having data
in the database for firms that ultimately recover from distress. Overall, there
could be upward bias to the measured relation between returns and book-to-
market ratio.”

Fama and French (1993) address these issue and construct book-to-market
based portfolios in a manner designed to minimize the effects of the biases,
i.e. include only firms with 2 years of COMPUST{XT data before the portfolio
formation date. They argue that COMPUSTAT rarely includes more than
two years of historical data when it adds a firm to the database. However, it
is not clear whether this completely eliminates the bias in the COMPUSTAT
tapes.

Breen and Korajcyk (1995) and Barber and Lyon (1997) investigate on
these potential biases.

Breen and Korajeyk (1995) adopt a new criterion to select securities:

"The authors propose to purge the two potential selection bias in the COMPUSTAT
files by using an alternative data source, that is they use the book-to-market ratios and
share prices for approximately 100 industries reported in the S&P Analyst’s Handbook.
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firms will only appear in the dataset in the month they were actually added 1
to the file, so that they could avoid the selection biases. As a result, 1 the |

authors do not detect any value effect in the sample.

In contrast, Barber and Lyon (1997) agree with Chan, Jegadeesh jand
Lakonishok (1995) that the survivorship bias in COMPUSTAT data is small. |

1.2.2 A new source for the data 1

I colleci the data from the Datastream database. This database is main-
tained by Thomson Financial and provides both market and accounting cgia.ta.
on a wide range of securities. My choice is not unique: Annaert, Cron{bez,
Spinel and Van Holle (2002) evaluate the returns for a cross-section of Buro-
pean stocks, using the Datastream data. ‘

The dataset gathers qualitatively and time-series data on stocks quoted
on the U.S. major exchanges, Amex, NASDAQ and NYSE. '

Qualitatively data include for each stock:

e the name of the issuing company {
e the name of the index in which the stock is currently included
¢ the date on which the stock started to trade on the :given excha.ng:e

e the date on which the stock stopped to trade on the given exchange
!

Time-series data include for each stock: '

¢ the market value, that is the product between the stock price a.nd| the. I;

shares outstanding

¢ the book-to-market ratio, where the book value is ‘Fdeﬁnes as the; to--

tal asset, excluding the intangible assets, less total liabilities, minc}rity
interests and preference stock®

8Excluding intangible assets (R&D, trademarks and-patents), which are t1p1cally|hlgh
for securities with low book-to-market ratios, makes the comparison between dlffcrent
stocks more transparent.
: |

i




1.3. PORTFOLIO FORMATION PROCEDURE 7

e the return index, a measure of the theoretical growth in value of a

share, assuming that dividends are re-invested: Rf; = RI,_, * %.

I consider monthly data.

The sample covers the period from January 1990 to June 2002. However,
since the coskewness measure is based on past information, I process also
data for the period January 1985 - December 1989.

Some securities have been listed on a given exchange only for a sub-period
" and then delisted, therefore I also include data on "dead" stocks. This data
correct a potential survivorship bias in the sample.

Folowing Fama and French (1993), I consider only common stocks. Hence,
I exclude ADRs, REITS, units of beneficial interest and close-end funds.’

However, the Datastream classification is not so detailed as the CRSP, so
[ focus my attenition on the assets classified as "equity". This asset class
contains both preferred and common shares, thus I use the Datastream
mnemonic code to further restrict the set to common stocks.

In addition, following the authors, stocks with no accounting data at
the end of December of year ¢t — 1. This last restriction, which is rather
conservative, ensures that the accounting variables are known before the
returns they are used to explain.

1.3 Portfolio formation procedure

In order to form the SMB and HML portfolios, several step are undertaken
at the end of June £, ¢t = 1990, ..., 2002.

First, stocks listed on the three major U.S. exchanges are ranked accord-
ing to market capitalization, that is size. The median size of the securities

#The ADRs - an acronym for American depositary receipts - are based on foreign com-
pany ordinary shares. Their value is determined by several factors beyond the performance
of the company, as political risk, exchange rate risk and inflationary risk. The REITs - an
acronym for real estate investment trusts - are securities that sell like stocks on the major
exchanges and invest in real estate either directly through properties or mortgages.



. groups, "small”, S and ”big”, B. Stocks listed on the NYSE are also ra.nked i

" both in the "small" group and in the "low" group. ; | |

- value-weighted returns allows to minimize the variance of firm-specific faétors, :

i
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listed on NYSE is computed and used to split all common stocks into1 two

on the basis of the book-to-market ratio, in order to define the breakpomts
for the bottom 30% ("low”, L), middle 40% (” medmm”! M) and topi30% |
("high”, H) values. In this case, I exclude securities with negative book- "
to-market ratio. The common stocks listed on the thre€ markets are Tthen: i

assigned to one of the groups defined by the breakpoints. As Fama‘ and ! "

French (1993) underline, the splits are arbitrary and essentially follows from |
the evidence in Fama and French {1992) that the book-to-market value has
a stronger role in average stock returns than size. : |

| 3
Second, 1 construct six portfolios by combining the |isize and book-to- |
market group. For example, the SL portfolio contains the stocks that are

Third, I compute monthly value-weighted returns onithe six portfé_lios,
from July ¢ to June t + 1. As Fama and French (1993) underline, using

and results in mimicking portfolios that capture the different behaviour of '

securities with dissimilar characteristics. | i

Fourth, 1 compute the simple average of the returns'_ on the portfolios
grouped according to stock features. For instance, I compute the simple :

average of the returns on the three small-stock portfolios, that is SL, SM|and
SH. | |

Finally, I form the SMB and HML portfolio. The SM}? portfolio I'Qt?,lI‘IlS ]
are the difference between the simple average of the returns on the three
small-stock portfolios and the three big-stock portfolios. 'I;‘he HML portfolio
returns are the difference between the simple average of the returns on the
two high-book-to-market-stock portfolios and the two loxif-book-to-magket- ‘j
stock portfolios. : :

Hence, the SMB portfolio contains securities with about the same weiéhted-»-
average book-to-market value. Thus, the SMB returns should be largelylfree
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of the influence of the book-to-market value, focusing instead on the dif-

~ ferent behaviour of low and high market capitalization stocks. Similarly,

the HML portfolio should capture the different behaviour of high and low

book—po—market value stocks.

The market portfolio contains all the stocks in the six sorted portfolios

plus the negative book-to-market stocks excluded from the portfolios.

All the returns are in excess of the one-month Treasury bill rate.!®

Table 1 and the following graphs show the resulting portfolios.

Table 1: Summary Statistics

January 1990 - June 2000

Market Portfolio
Mean SD Median Skewness Kurtosis Min., Max.
Fama-French 095 3.98 1.27 0.77 4.83 -16.2  10.30
New 164 3.8 1.47 0.57 512 -957 1746

SMB Portfolio

Mean SD Median Skewness Kurtosis Min. Max.

Fama-French
New

000 4.04 -0.17 1.00 1112 -1662 21.83
039 617 0.12 -0.08 3.62 -20.20 16.21

HML Portfolio

Mean SD Median Skewness Kurtosis Min. Max.

Fama-French
New

012 325 -0.08 0.40 4.99 -12.65 9.21
051 315 0.61 032 4.38 -744 1206

WSource: Kenneth French's website.
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PORTFOLIO FORMATION PROCEDURE

SMB portfolio
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Figure 1 to 3 compare the new portfolios to the Famag and French p!ort—. |

folios.

Monthly excess return (%)
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Market portfalio

Monthly excess return (%)
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Figurs 1 - --- my portfolio ... Fama and French portfolio
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Monthly excess return (%)
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HML portfolio

Monthly excess return (%)

.20 F

.5 1 1 3 1 1 ] 1 ]
July 800 Mar.83  Dec.86 Sep. 88  June @1 Mar.94  Dec.97  Sep. 99  June 02

Figure 3 - --- my portfolic ... Fama and French porfolio
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1.5 Appendix - Matlab codes

¢ MainNew - tidy time-series data

(i) MainNew1
Create the file with the time-series data for NYSE, NyseTS.
Check that the completeness of time-series data
Add to MNyseQuality a comment on the completeness of the data
Check whether time-series data are repeated
~ Clean the file from the series that are not complete and that are
double
Check whether the stock was suspended or delisted/dead. If so, put
to S or to 0 the following observations

¢ SecondPart - compute size and book-to-market breakpoints
and form the 6 portfolios

(i) SecondPartNyseSize
Create a file with the stock code and an index to take into account
the quoting year on NYSE, NyCode.
Create a file with the median size for each year, SizeNyse
Form 2 portfolios, according to the market value of the stock with
respect to the median, SmallNyse and BigNyse.
Note. The median size should be computed only considering NYSE
stocks, the portfolios should include all the stocks
(il) SecondPartNyseBM
Create a file with the 30th and 70th percentile values for book-to-
market ratio for each year, BMNyse
Form 3 portfolios, according to the book-to-market value of the stock
with respect to the percentile values, LowNyse, MedNyse and HighNyse.
Note. The percentiles should be computed only considering NYSE
stocks, the portfolios should include all the stocks
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I

Function: FormPort. Form 6 portfolios by combirning size and biook- |
_ to-market portfolios, SLPort, SMPort, SHPort, BLPort,. BMPort and BH- :

Port, 1

i

e ThirdPart - compute the 6 portfolios returns: and FF fact%ors '

i |
(1) ThirdPart t 1
For each portfolio compute value-weighted returns.
Compute the FF factors, SMB and HML, SBHL. : 1

Workspace: AllPort ' '

|

'

e FourthPart - compute the coskewness measure |

(i) FourthPart i

Create the market portfolio, taking into account the stocks in Small- :

Nyse and BigNyse, MK Tport. :

Compute excess return on market portfolio, MKretum }

1
Compute the coskewness factor

|

(2) check which stocks have enough (60 months) past data to
compute coskewness a.nd create the file PCosk \

(3) compute the residuals of the stocks in PCosk |

(4) compute coskewness and cokurtosis of the stocks in PCosk

(1) compute the residuals of the excess market return

(5) compute the 30th and 40th breakpoints with respect to |
coskewness and cokurtosis and create the file Coskew and: Cokurt. The first

breakpoint should be negative, the second one positive.

(6) form 2 groups, according to the sign of past coskwness’and
cokurtosis, NegCos, PosCos and NegCok, PosCok i |

(7) compute value-weighted returns for S- (IIllOSt negative past |

coskewness) and S+ (most positive past coskewness) portfolio returns

{

[ODELS*




Chapter 2

Asset pricing anomalies and

trading volume*

* I thank Andrea Beltratti and Eduardo Rossi for insightful discussions on this issue. All
remaining errors are mine.
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5 |
5 1

4

2.1 Introduction

Notwithstanding the attention that academics and practitic’)ners have deviotcd |
to asset pricing anomalies, there is not any conclusive explanation about thelr '

- presence and nature.! ; |
i
One view about anomalies deals with incomplete 1nf0rmat10n

Merton (1987) show why the size effect might arise in a two-period model
with heterogeneous investors. The author assumes that s some traders hawe

incomplete information about a subset of the traded assets and so invest, |
. " . Lo L

only in securities for which they know the parameters describing the refurn |

process. An agent invests in a particular stock only if the asset is in his infor-

. N .
mation set. Hence, trade always occurs between equally-informed investors.
I

However, since different traders hold information about different subset of ;

stocks, the distribution of information across agents have price effects. Thus,

one can characterize cross-sectional differences in expected returns. The dif- |

ferences depend on the ratio between the relative weight of a particular stock

in the market portfolio and the fraction of all investors who know about the !

stock. However, the author come up with an indeterminate conclusion albout
the size anomaly since he cannot determine the sign of the relation betwcen
the stock’s o and its relative market value. ; |

1
1

Brav and Heaton (2002) compare different theories al;)out asset pri:cing |

anomalies, siressing the importance of the structural uncertainty that arises

from incomplete information. The authors consider an economy in which a |

representative investor has incomplete information on the true distribution

of a single stock returns. The investor employ fully Bayesian methods,!but |

he does not know whether the stock expected return is stable or not. Thus,
his estimator for the expected return should incorporate this ignorance. The
authors also address the issue of the disappearance of the anomalies [and
consider the role of learning and arbitrage in explaining t}:ﬂs point.

!Campbell (2000) provide a fairly comprehensive review of the literature.

4
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Following these contributions, I consider a multi-period model in which
some agents have incomplete information on the stock return generating
processes. Furthermore, I consider an additional source of agents’ hetero-
geneity, related to trading patterns in stocks with different characteristics.

Many empirical studies find that distinct classes of U.S. investors trade
in stocks with different features. According to this literature, traders can
be classified into three main groups: large institutional investors, that is
institutions with more than $100 million of securities under discretionary
management, households, that is individuals, small institutions and invest-
ment partnerships and insiders, that is investors who are required to report
their transactions to SEC according to Section 16(a) of the Securities and
Exchange Act of 1934, Large institutional investors mainly trade large and
liquid stocks.? Households and insiders trade also small and illiquid stocks.?
The reasons behind diverse trading behaviours could be several: prudence
issues, regulatory restrictions, legal liability, transaction-cost motives, costly
SEC reporting requirements, agency problems, different access to valuable

information.?

Given that different trading patterns are due to distinct motives, one can
naturally group agents according to the reasons behind their portfolio alloca-
tion. In fact, insiders trade essentially to exploit their superior information.
Large institutions trade because they are more informed than households,
but they also face several constraints that affect their investment choices.’
Finally, households can use only publicly available information in making
portfolio decisions and are not able to distinguish the real motive behind

2See, among others, Gompers and Metrick (1998) and Sias (2002). Evidence on value
and momentum trading is mixed.

%See, among others, Barber and Odean (1998), Cohen (1999) and Lakonishok and Lee
{2001).

4See Gompers and Metrick {1998) and the literature cited herein. See also Cohen
(1999) and Cohen, Gompers and Voulteenaho (2001).

SDennis and Weston (2001) provide evidence about the superior information of insiders
and institutions.
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information and some kind of constraints affect the tradiné pattern of differ-

ent investors, leading some agents to earn abnormal returns. In other words,

the different motives behind distinct investors’ trades can justify the presence !

. of stock market anomalies.

This work deeply rests on Wang (1994), which Emalyz:e the rela.tion! be-
tween stock returns and trading volume when agents a.rei heterogeneous in

information and investment opportunities. In-particular,isome agents hold
private information about the stock dividend process and invest both in the |

regulated markets and in assets that are not publicly traded On the CO[ltIId.l'y,
the remaining agents receive only a noisy signal about future dividends! and
allocate their portfolio in stocks and bonds. In contrast to Merton (1987)

Wang (1994) consider the issues of gaming between informed and unmformed

investors since trading occurs between investors holding dlfiferent information.

“about the securities. !

. More precisely, the private investment opportunity concerns alternative as-.

: . o . : T | .
I modify the model in two directions. First, I consider many risky assets in

order to take into account different stock characteristics. The generalization |

" of the framework to many stocks allows me to capture the dlfferences in asset.

allocations from distinct investors. ; [

Second, I re-interpret the private investment opportunity in order tc:, in-

troduce in the model the limits in the trading behaviour of large institutions. :

sets that informed agents trade when their investment ché)ice is affected by

external constraints. Thus, some investors can either trade because they hold

superior information (insider-type behaviour) or because they have access to |
alternative investment opportunities (large-institution-type behaviour), In. |

" contrast, the remaining, uninformed investors behave as _hbuseholds.

As a result, I can highlight the importance of the motives behind{the-

trades of different investors in determining their portfolio' allocation and in
turn the extra-returns of the portfolios investing in particular stocks. Sup-
|

.
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pose that risky assets and non-traded assets are substitutes. Then, if in-
formed agents’ trading is motivated by a higher expected return from the
private investment technology, informed traders reduce their stock holdings
and uninformed investors earn abnormal returns. In contrast, if informed
investors trade on the basis of their superior information, informed agents
increase their stock holdings and earn abnormal returns.

The rest of the paper is organized as follows. Section 2 describes the
model. Section 3 solves for the equilibrium. Section 4 discuss the model
implications on volume and proposes an empirical analysis on the relation
between stock volume and prices. Section b provides some further comments
and concludes.

2.2 The economy

Consider a simple economy with a good that can be either consumed or
invested.

The economy is populated by risk-averse agents who are grouped in two
classes. The first class, a fraction w of all traders, is given by informed
investors and is denoted by I. The second class, a fraction 1 — w of all
traders, is given by uninformed investors and is denoted by U. All agents
have a constant absolute risk aversion (CARA)} utility function and maximize
expected utility of the form:

[=.¢]
Et —_ Z ﬁse—qct+s ,
5=0
where 8 is the common time discount factor and + is the common risk
aversion parameter.

Agents trade K risky assets (stocks) and one riskless asset on financial
markets.



24CHAPTER 2. ASSET PRICING ANOMALIES AND TRADING VOL UME*

The riskless asset has an infinitely elastic supply at a positive constant

rate of return 7. Its gross rate of return is R=1+7r5 - '
The risky assets are classified in two groups, according to some stock

peculiarity. Assume that stocks &, & € (1, ..., k;) have a common feature {and
stocks k, k € (k; + 1,..., K) display the opposite feature.” '

Each share of a stock k, & = 1,..., K, pays a dividend D‘f at time t. The -

dividend process is: |

k_ kg ok
Df = Ff +ep,

i

where FF is the persistent component, the ”"fundamental” of the sﬁ.ock

and £}, is the idiosyncratic component. The fundamental follows an AR(1)
process:

Ftk=aFFtk_1 +€’;‘,t OS aF_<_ ].

[}

\ i
Note that f, , and €%, are i.i.d. shocks to Df and FF, respectively.
Since dividends have an unconditional mean of zero, the two processes

can be thought as deviations in the dividend from its unconditional méan,

which can be any positive constant.

and fully determines the expectations of future dividends.

The shares of stock k are perfectly divisible and are traded at no cost in
i i
a competitive stock market. ‘

Let PF be the ex-dividend share price of stock k. Then, in each period -

the stock yields a dividend Dy and a capital gain P} — PF . Thus, the excess
return on one share of stock k, i.e. its excess share return is: '

Qf = Pf+Df — RPS, s |

and the excess rate of return is Q¥ /P,

SSince the interest rate is given exogenously and the bond supply is elastic at that rate,
I do not require the bond market to clear. These assumptions simplify the ana.lysis! and
allow me to focus on the stock market. . :

"For instance, one can distinguish between small and large stocks or value and growth
stocks. : i

| |
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2.2.1 Agents’ Heterogeneity

Trading occurs because agents are heterogeneous in both the information
that they hold and the effective investment opportunities that they have.

All traders observe realized dividends and market prices of the stocks, but
informed agents hold more and better information about the fundamentals
that drive stock dividends. They have perfect private information, whereas
uninformed traders receive only noisy signals:

St"cZFtk"'Eg“t, kz——l,...,K

where €, is the 1.i.d. noise in the signal.
Let the variance of the noise in the uninformed investor's signal about
stock k, ag,k, be a measure of its precision.® Then,

0%, >0 vk,

i.e. signal precisions determine the information asymmetry in the stock
market: the higher ag,k, the less informative are the private signals to the
uninformed agents, the higher the asymmetry between the two classes of
traders.

In addition to superior information on the stocks, informed agents have
access to an alternative investment opportunity, a risky technology on assets
which are not publicly traded.’

This opportunity is such that if ¥, units are invested at time £, the total
payoff at time ¢ + 1 will be (1 + r; + g.31), where g1 is the excess rate of
return for period ¢t + 1. Let

Gey1 = 2y + Egt+l

81 dropped the t subscript because the noise is assumed i.i.d. over time. See next
section.

% According to Wang (1994) "One can literally interpret them as investing in durables,
human capital, non-trade assets, and so forth."
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i |
where Z, is the expected excess rate of return and ¢4, is i.i.d. random

shock to the return. Assume that the expected excess|return follows an
AR(1) process:
| |

I
Li=az% 4 +Ezp 0<az< 1.:

The innovation £z, is assumed to beii.d. over time. Indeed Z, determines !

the private investment opportunity of the informed agenté.

Uninformed traders do not have any information about the return;s of

the alternative investment opportunity. They only knovir the return prior

4

distribution. ! 1

Given the information structure of the economy, the information set of |

the agents at time ¢ are: 1

Il = {D¥, P} FF, 2,k =1,..,K|s < t} for the informed investors
I = {Dk Pk, S% k=1,..,K|s < t} for uninformed investors. ;

Finally, the structure of the economy is common know;ledge. }

and

2.2.2 Distributional assumptions . |

Suppose that the prior of all investors are normal.

Assume also that all shocks, €}, €k, €21, €qt, eg,t!, Y k, are joi’intly |

normal and i.i.d. over time. Normality is assumed purely for mathematical i

tractability. , P
| |
Let the matrix of shocks be Z, = [ef, ek, €5, 40 €%,], &k = 1,5 K.

Then, Z; ~ N(0, ), where ¥ is the covariance matrix of the shocks.

Ll
)

{ B
In order to focus on the second source of heterogeneity, I assume thag all |
shocks at, time ¢ are uncorrelated except €%, k = 1,..., K and &,,. More

precisely,

3

o pr,y = cov(eh ,, €91) > 0 ifk=1,.., !|cj ‘
Opkg = COU(EIBM EQJ) <0 if k= kj +1,.., K.
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If the covariance between the shock to stock k dividend and the shock to
~ the alternative investment expected excess return is positive, the returns on
asset k are positively correlated with the returns on the private technology.
Hence, investing in stock & and investing in the private assets are substitutes
to the informed traders. Thus, if the expected return on the alternative in-
vestment opportunity is high, the informed agents will increase their holdings
in non-traded assets to earn highér returns and decrease the holdings in the
correlated stock to control the risk of their overall portfolio. '
Conversely, if the covariance is negative, the returns on stock & and non-
traded assets are negatively correlated. Hence, given a high expected return
on the alternative investment, informed agents increase their stock £ holdings.

2.3 Equilibrium

Assume that the structure of the economy is common knowledge. Assume
that the initial point of the economy is -oc, so that the economy is transla-
tionally invariant in time. Then, I shall consider only steady-state equilibria.

To define the equilibrium of the economy I consider agent behaviour.
Traders rationally make inferences from the stock prices, so they should con-
jecture a form for the price functions. Since investors have rational expecta-
tions, in equilibrium such conjectures are correct.

Under CARA and time-separable preferences over lifetime consumption
and Guassian processes for asset returns and income, one can only consider
lmear equilibria of the economy, that is equlhbna in which the stock price is
a functlon of the state variables of the economy, Zyand FF k=1, K.Y
The first variable determines excess returns on non-traded assets, while the

WThe CARA preferences, under the assumption of normality of the shocks, show some
nice properties. The first one is homotheticity, which implies that the results of the model
are invariant to proportional scaling of the variances of all shocks and investors’ risk
aversion. In addition, investors’ stock demand are independent of wealth and so there is
no income effect. Hence, the equilibrium price of the stocks will be independent of the
wealth distribution of the investors as well as the level of aggregate wealth.
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remaining variables determine the stock future cash ﬂowsj

Informed traders observe the state variables and are able to conjecture |

price functions on their basis. In contrast, uninformed ahents receive only
private signals on Ff, k = 1;..., K and observe realized dividends and pr'ices.
So, given their information set, they form conditional e)épectations onl the |
state variable values. Thus, in order to determine conjectured price functlons,

one solves a Kalman filtering problem to assess the cond1t1onal dlstr1but1on '
| .

of the state variables. - < ,
For simplicity, consider only the case in which o px >[0, k=1,.., ki.“

It can be shown that, within the class of linear equilibria, only the condi-

" tional expectation on stock k fundamental, F¥ = E,(F¥|IY) is relev&nt.‘ So,

the state of the economy and in turn the steady-state eq{lilibrium are fully

determined by Z,, F* and F}. The rational expectation etquilibrium is éllch '

that stock & price is: * | i

|

where a = ap(R—ap)™, p§, pz > 0and 0 < pk < a_mi 1

So, the equilibrium stock k price provides information e;),bout future stock
k dividends and non-traded asset expected returns to u%ﬁnformed ag(ints.
More precisely, phF¥ — pzZ,, the linear difference between F} and Z,, 1s1 the
information content of the current price. Hence, !

Ptk = (a - p'}‘)Fak + P?‘Ftk - (ToéT +PZZt)%

PRF —pzZo=phF —p2Z.
' |
where 2, = E,(Z,|IV), that is any innovation in dividends and private

)
signals that changes the expectation of Ff also changes the expectation of

UIn the case of negative correlatlon between the rlsky assets and the alternatlve in-
vestment opportunity, that is for stocks k; + 1,k; 4+ 2,..., K, the followmg analysis ylclds‘
similar results. {

2 The proof is a generalization of the proof that Wang (1994) show lin Appendix A. Note
that in order to determine the set of parameters (p, pz, p&), V &, it is necessary to Solve |
the stock market clearing condition using numerical methods. |

CELEE T

e = em
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Z;. Moreover, the linear relations between state variables implies that if
uninformed investors over- (under-) estimate Fy, they also over- (under-)
estimate Z,. '

However, market clearing prices are not fully revealing. Since stock &
and non-traded assets are substitutes to informed investors, both bad news
about future dividends of firm & (low F}*) and a high expected return on the
alternative investment opportunity (high Z;) can lead the informed agents
to sell stock & and the stock & price to drop. Thus, observing the price is
not sufficient for the uninformed investors to identify the truly reason behind
informed agent tradings.

Given equilibrium stock prices, one can derive the process of excess stock
returns and solve the agents’ optimization problems.

The solution to the linear filtering problem shows that f‘f‘ is determined
by two components, the expectation of F{* based on previous information
and the update in expectations based on new information from surprises in
stock & price, dividend and signal. Thus, given P¥, F¥ and Z, the excess
return on stock £ is:

Qky =7k + (B —a.)pzZ, — (R—ae)(a— p)OF + b,

where (R—a.)pz and (R—ak)(a—pk) are not negative and ©F = F¥— £k,
The latter represents the error of the uninformed agents in estimating stock
k fundamental. It can be shown that ©F follows an AR(1) stationary process
without drift:

OF = a0}, + €5, 0<af <1

where E’é,t is linear in the shocks =,. Since thl_ie estimation error is mean-
reverting to zero, it is expected to be corrected eventually. However, un-
informed trader corrections do not eliminate the asymmetry in equilibrium
because the state of the economy is changing over time.

The unconditional expectation of stock & excess returns is constant over
time: '
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| : ;
i |
as the unconditional expectations of Z; and ©F are zeto. | !
For informed traders the conditional expectation of sto_ck k excess refurns |
" s : I

| : !
' :

EQi 1) = ok + (R — an)puZ, — (R—ab)(a- phyo%. |

E(Qf+l) = "'P’S Z 0!

Indeed, ©F represents a profitable opportunity for the informed inveLtoré
to forecast and exploit the correction of uninformed tra.:ders’ expectations
and the corresponding price change. '

|
For uninformed agents the conditional expectation of asset k excess re-
turns 1s: i | l

; o
.

where Z, is the conditional expectation of the alternative investment ex-
cess return. ‘Given the linear relation between Ft and _Zt, mnovatloqs in
dividends or signals, by affecting ﬁt’“, can change uninforimed investors] ex- |

pected excess return, even though they are uncorrelated with the true value |
. of -Zt- X |

| 1‘

" Investor i’s optimization problem, i = (I,U), is: ! |

| o |
Jr= ma.xEt [— Z(:;o ﬁs exp(—’YC;+s)|I:]

¢t X1yt i |

st Wiy = ROW} = &) + XiQun + yiausy |
l |

( t+1|IU) = "'po (R - az)ngt

2.3.1 Optimization problem

where X} is a vector of stock shares, X} = {X“ XpH X, Qt+l1 =1
[Qh41 QFq ... QF,] is the vector of the corresponding excess returns and wi

is trader 7’s wealth at time ¢. ‘

]
| 1
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Since uninformed agents trade only on financial markets, they invest only
in stocks and the risk-free asset. Hence, y” = y¥ = 0.
The solution to informed investors’ optimization problem is:

JIU’W% Z4;04t) = _ﬁt exp[—aWtI - VI(ZE: et)]

¢l = =y~ n(—y18J! JOW )

Xt.l — a_1F[ Et(Qt+1|Ig) _ 0.‘_1 hIX(Zt, et)
v Ey (gl 1)) hi(Zi, ©,)
where O, is the vector of the uninformed traders’ estimation errors on

stock fundamentals, ©, = [0} ©F ... ©f].

The solution to uninformed investors’ optimization problem is:
JU(WY, Zst) = -8 exp[—osz'— vY(Z)]
el = —y Ln(—y1aJY JOWY)
X = TV E(QulIY) - a_lh)U((Z:)

where o = /¥R is the intertemporal risk aversion coefficient and I'* are
positive definite matrices of constants. Finally, V¥(.) and k% (), j = X,y are
functions of the realization of the state variables that agent ¢ either observes
or conjectures.

Thus, optimal portfolios have two components. The first component,
expressed by the first addend, is a mean-variance efficient portfolio. It obeys
the CAPM pricing relation, reflecting the trade-off between expected return
and risk. Indeed, the term I'" is a function of the inverse of the covariance
matrix of asset returns for investor .

The second component is a porifolio reflecting investor ¢’s hedging needs.
In fact, expected returns on stocks and the alternative technology change over
time. Since returns on risky assets are correlated with changes in expected
future returns, the portfolio provides a vehicle to hedge against changes in
future investment opportunities.
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| |
+ 2.3.2 'Trading strategies ] !_

The optimal portfolios of the two classes of agents deter!mine their trz‘,tding.
* strategies. In order to clarify the trading mechanisms in the economy, restate |

* optimal stockholdings in terms of the variables that characterize investors’
A {
opportunities. ; i

Informed investor stockholding are: ’ ]
= f§ + f42:+ f48, f} constent] j = 0,2,0. |

l
Hence, informed agents’ stock allocation is driven byl; two forces. Flrbt

informed investors trade because they have access to the private a.lternatlve '

- technology. If the expected excess return on non-traded assets, Z, chapges,
informed agents optimally reallocate their portfolios. ‘ i

Suppose that Z; increases. Then, since the alternative;investment opi)porv

: tunity is a substitute for stock &, k € (1 o k;), mformed agents invest in |
the non-traded assets. Moreover, they lower stock & holdmg to control the |
portfolio risk. The opposite conclusion holds if the excess returns on risky

and non-traded assets are negatively correlated.

Second, the informed investors trade because they recelve private infor-

mation on stock cash flows. As ©; changes, stock prices 'devxate from their
*fundamental value” due to uninformed traders’ estima.t|ion eITors. I—I%:nce1 |
informed agents take speculative positions against expected future correc-

. tions. In this case, informed investors trade at favorable prices and |earn it

abnormal returns.

Suppose that ©,; raises, that is uninformed traders gl)verestimate stock
persistent components and in turn expected future dividends. Hence; un-

informed investors increase their investment in the rlsky| assets and ccmse—

quently stock prices rise. In the following period, the fundamentals become |
publicly known and the realizations of dividends and prn;es turn out to be |
lower than expected. As a result, the uninformed traders realize that they |
" have overinvested in the risky assets and sell the stocksi. So, stock prices }

| |
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decrease. Since informed traders know the realization of stock fundamen-
tals, they can take advantage of the correction of the uninformed agents’
expectation and the corresponding price reduction.

Uninformed investor stockholding are:

XV = a 'TVE(Qu|IY) — o h¥(Z,)

XV =f+ ng, ij constant, § =0, Z.

Thus, Zt, the uninformed agents’ expectation on the non-traded asset
excess return, is the sole determinant of the uninformed investors’ portfo-
lio allocation This finding points out the inability of uninformed agents to
infer the real motive behind informed investors’ trade, even though unin-
formed investors know that they face agents with superior information and
an alternative investment opportunity.

When informed agents’ trade is motivated by the arrival of new informa-
tion, uninformed investors correct the errors in their previous trading and
lose. Indeed, if they overestimate Z;, they overinvest in stock k£ and in the
following period they will sell the risky asset to correct the bad trades made
previously.

In contrast, when informed agents’ trade is motivated by changes in Z;,
uninformed investors just take the other side of the trade. If Z, increases, the
informed investors sell stock k shares. The uninformed traders are willing to
absorb the shares as the stock & price drops and the expected return rises.
Hence, the uninformed agents earn abnormal returns.

Thus the trading motive behind informed and uninformed investors’ trade
are different and affect the optimal stockholdings in the economy.

2.3.3 Equilibrium trading volume

Since the economy is populated only by two classes of traders, informed and
uninformed agents, all the trading takes place between the two groups of
investors. Therefore, the equilibrium trading volume, V, is determined by
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the changes in the holdings of either the informed or uninformed agents. In
order to focus more carefully on the dynamics of the model, consider the '
trading volume generated by the informed investors: |

i
Vi=w | X{ - X\ =w |f§ + fL2,+ f50: — f§ + F5Zi-1 + 6O
=@ |} 12: — Zia| + @ | 4] 1€ — €, 4] ’

where Vi = [th A0 AR A VA ] Thus, volume is determined by
the absolute changes in traders’ stockholdings. It increa.lses if the expci:cted
excess return on the alternative assets, Z; and/or the error in the uninformed .
investor conditional expectation of the persistent component in dividends, ©;
change.

ﬁ l
In addition, the trading volume is actually the turnover since the number
of shares outstanding is normalized to one. ; !
r i

2.4 An application to asset pricing anomalies

The model outlined so far can be used to shed some light}on the presenFe of
asset pricing anomalies related to firm characteristics, like the "size effect”
and the "value effect”. , |
Consider the "size effect", that is the superior perf;ormance of srina,ll- ’
capitalization companies with respect to large-capitalization companies. Fama
and French (1993) capture the "size effect” by constructing a portfolio|that |
goes long on "small" stocks and short on "large" stocks, the "small minus {
big", SMB, portfolio. !
Suppose that "small" stocks are the risky assets in. the set (1,..,k;) |
whereas "large" stocks are the risky assets in the set (k; +1, ..., K)."® 'I%hen, :
given the empirical evidence on the relation between tyﬁe of investors and
classes of stocks, the model predicts the following trading patterns. The| "in-

formational trading" is the trading in the "small" stocks that occurs bet?veen
! .
137This hypothesis could be easily overturned without significantly affecting the conclu-
sions.
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the households (that is the uninformed agents in the model) and the insiders
(that is the informed agents in the model). When the are good news about
future dividends. of a "small" company, the insiders buy the stock and earn
abnormal stock returns, since the trade is information-based. In contrast,
the "non-informational trading” is the trading in the "large" stocks that oc-
curs between the households (that is the uninformed agents in the model)
and the large institutions (that is the informed agents in the model). When
there is a high expected return on the alternative investment opportunity,
the institutional investor sell the "large" stock and households earn abnor-
mal stock returns, since the trade is due to portfolio rebalancing reasons.
Hence, the "size effect” is observable when there are high future dividends
on stocks with a pesitive covariance with the alternative assets, F*, and a
high expected excess return on the alternative investment opportunity, Z,.'

2.4.1 Empirical analysis

The empirical literature on volume mainly concentrates on the relationship
between trading activity and aggregate returns. Few studies focus on indi-
vidual stocks.!® In contrast, the relation between trading volume and specific
trading strategies is not expressly in‘.restiga.ted.lé The only exception I am
aware of is Lee and Swaminatham (2000), which compare the performance
of a volume momentum strategy and a price momentum strategy.

The most used measure of a single stock trading activity is turnover, that

M A similar reasoning applies to the "value effect”, that is the superior performance of
"value", stocks, that is stocks with high book-to-market value, with respect to "growth"
stocks, that is stocks with low book-te-market value. The corresponding portfolio is the
HML portfolio.

SFor instance, Campbell, Grossman and Wang {1993) analize the relation between
aggregate stock market trading volume and the serial correlation of daily returns for both
stock indexes and individual large stocks.

'6For instance, Daniel and Titman (1997) use a measure of average turnover to investi-
gate if differences in factor loadings for stocks with similar capitalizations are significantly
related to trading volume, when portfolios are sorted by size, book-to-market and piefor-
mation HML factor loadings.
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is the ratio between the number of shares traded to the number of shares
. outstanding. However, there is no agreement in extending this measuire to i
the portfolio case because of the diversities in the trading activity of porttohos
following different strategies.

Lo and Wang (2000) discuss this issue at length and propose the following '
measure: | | o3
P= 2w ! 1
7 .
) [

where 7; is stock j turnover and wj, is the fraction of portfolio market
value invested in stock j, given that there are non—negatlve holdings 1in all
stocks. However, the authors warn that the measure does not necessarily
represent the turnover of a specific trading strategy and: that it ca.nnc!»t be
applied too broadly. In particular, they consider the cé?se in which short
sales are allowed and some portfolios weights are negative. In this case, the

measure can be misleading since the volume of short positions offsets the
| volume of long positions. A possible solution to the problem is to use the
absolute values of the portfoho weights. However, this measurc correctlon
could be only partially effective, if the turnover of two stocks are 1dent;1ca.l '
' and the weights sum up to one. In this case, the measure! would accounlt for
a lower portfolio volume than it really is.

=l

j i
Thus, there is no a completely satisfactory measure of portfolio turnover

. and, as a result, I follow three criteria. In addition, to gauge the robustness of |
" the volume findings, I consider two versions of the different turnover indexes.
The first one has signed weights, so that the weights assoéiated to shorti—sale -
positions are negative. The second one has weights in absolute values. |

The first index concerns an equally-weighted measure of portfolio vol:ume, i
namely the turnover weighted by the number of stocks in' the portfolio:j i

t =73 ZTJtr
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where J is the total number of stocks. The second volume index is a
share-weighted measure:

SWo__ Ny
Ty = Z:TVITJH
J

where NV; is the total number of shares outstanding for stock j and NV =
Y Nj is the total number of shares outstanding of all stocks in the portfolio.

J
The third turnover index is a value-weighted measure:
VW 1
Te =(ZW)ZM%*T-?¢,
i j

where MV; is the market value of stock ;.7

In order to follow the same procedure used to compute the SMB and HML
excess returns, the portfolio turnover index is calculated as difference between
the simple average of the turnover on six initial portfolios.'® Hence, the SMB
volume is computed from the turnover of three small stocks portfolios and
three large stocks portfolios. Similarly, the HML trading activity is computed
from the turnover of two high book-to market stocks portfolios and two low
book-to market stocks portfolios

Finally, most investigations use CRSP daily or weekly data. In contrast, I
collect data from Datastreamn and I choose the monthly frequency to make my
analysis comparable with the Fama and French study. For the same reason,
I do not employ any detrending method or take the natural logarithm of the
turnover series. Indeed, Lo and Wang (2000) show that, even if turnover data
display some kind of nonstationarity, the choice of the detrending adjustment
has a substantial impact on the time-series properties of turnover. Therefore,
the authors use raw data and consider several sub-periods.!*

1"The formula show the version of the indexes with signed weights.

18Gee the previous chapter on the definition and computation of the Fama and French
(1993) factor portfolios.

¥Lo and Wang (2000) admit that such choice is controversial, but they argue that it
is "perhaps the best compromise between letting the data "speak for themselves" and
imposing sufficient structure to perform meaningful statistical inference". '

1l
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It is generally accepted that the "size effect" has been observable till
the mid of the 1980s and then, after its disappearance, in the last ye.li;.rs.20 |
The time-series behaviour of volume measures reflect the performance c,;f the
SMB portfolio over time. Figure 1 and 2 show the th:ree turnover imea_‘—;
sures for the SMB portfolio, with signed weights and weights in abs!olute.‘
value, respectively. The turnover indexes have quite di:fferent behavﬂours, :‘
with the equally-weighted measure showing the highest ;variability in jboth |
cases. Nonetheless, irrespective of the weight methodolé)g;y chosen to! con-

struct the indexes, the turnover measures show a comnfmn pattern ai‘,t the :‘
! -|

From July 1980 to August 1984, on average the portfolio turnover is_: neg-
ative and its volatility is low. In September 1984 the portfolio volume varies
~ noticeably. The shift is very pronounced for all the turnover measures, eicept {
the signed value-weighted one. From September 1984 tc; August 1986, the :
gain from holding smaller stocks decreases and the portfolio volume chz!,mges
accordingly. In particular, in August 1986 the equally-weighted signed mea-

" sure becomes for the first time positive. It remains on aver:age positive during j
the subsequent months up to June 2000. In this period, cf»n average thei gain |
from the SMB strategy are null or negative. Finally, in tf_le last sample| sub- |
* period, from July 2000 to June 2002, all the signed turnoxi'er measures are on|
average negative, with a high volatility. During this pericéd, the "size effect"
. is again observable. Thus, overall the SMB strategy excéss returns seem to

beginning of the sample.

be related to a higher trading volume on large-capitalization stocks.
| J

I .
| |
l 1

20As outlined in the previous chapter, the profitability of holding smaller stocks over |
time has been put into question by many authors. For instance, Malkiel (2003) notc:: that {
the gain from holding these stocks have disappeared fromn the mid 1980s till the end of the |
1990s. l '
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Figure 3 and 4 show the excess returns and turnover of{the SMB portfolio.
The turnover weights are signed and the index is value—\#'reighted to make it
fully comparable to the excess returns. Since several authors address theissue
of stability of stock-specific parameters, I consider two séubperiods, namely

the period from July 1980 to June 1991 and from July 1991 to June ?002,*
respectively.?! '

i

21Gee Llorente, Michaely, Saar and Wang (2001).
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Fama and French SMB portfolio - 131 period
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Fama and French SMB portfolio - 2nd period n |
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The "value effect" has been not as striking as the "size effect", though

it has been more persistent. Indeed, it has not been observable from July
1980 until the end of 1981 and, afterwards, in 1999 and 2000. Figure 5 and 6

. show the turnover measures for the HML portfolio, which captures the "yalue
| :

effect", with signed weights and weights in absolute value, respectively! As {

in the case of the SMB strategy, the turnover measures have a common pat- 5

tern at the beginning of the sample period, from July 1980 to Septerber
1984. Then, they show different behaviours, although all volume indexes

have higher volatilities. As in the previous case, the equal,lly-weighted mea- |

sures show the highest variability. In addition, the equally-weighted signed

measure is almost always negative during the sample period, while the share- |
weighted and value-weighted turnover show the opposite behaviour. How- |

ever, all the turnover measures are negative during the, second period in

3
i

o
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which the "value effect" is not observable Then the value stocks produce
again higher rates of returns and the turnover indexes change accordingly.

Thus, overall the HML strategy excess returns seem to be related to a
higher trading volume on stocks with a high book-to-market value.

Fama and French HML portiolio
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Fama and French HML parifolio - 1st pericd
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2.5 Conclusion '. -

In an intertemporal economy in which risky assets can be di[stinguished 01i1 the |

basis of some common features, some agents earn returns in excess of those |

of a mean-variance portfolio, if the motives behind trade are not publicly

known and traders are heterogeneous in information and effective investment

opportunities. Thus, these kinds of investor heterogeneity might heﬂp in
explaining some asset-pricing anomalies.

The empirical evidence on the trading volume of port:folios that capturé
the "size effect" and the "value effect" confirms the model findings about the

relation between specific stock volume and prices. ; i

The theoretical findings in the mode] are consistent wi;th the main ré:sult :
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in Merton (1973). Merton (1973) consider an intertemporal model in which
agents have homogeneous expectations. If the investment opportunity set
changes over time and one asset is perfectly negative correlated with the
change, agents are rewarded, in terms of expectéd returns, for the risk that
an "unfavorable" shift will occur. Hence, in equilibrium the CAPM relation-
ship is not satisfied. In my model, expected stock returns are driven by the
change in the non-traded asset expected returns. Indeed, the change occurs
exclusively in the investment opportunity set of the informed agents and af-
fects the financial market through the correlation between the stock and the
non-traded asset returns. Suppose that agents are identically informed, so
that the informational trading motive does not exist. The model predictions
are similar to Merton (1973) findings: expected stock returns have an ad-
ditional component with the respect to the standard CAPM model, since
investors are compensated for bearing both the :}:‘narket systematic risk and
the idiosyncratic risk associated to specific stock characteristics.
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Competitive non-linear payoff

risk factors in hedge funds*
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3.1 Introduction |

!
In the last years hedge funds have shown a great diffusion as alternative

investment vehicles in financial markets. ' }
Unlike more traditional funds, such as mutual funds, hedge funds arti? not

regulated by the United States Investment Company Act‘ In addition, 'they

are not subject to any SEC regulation.! As a result, hedge funds have much -

broader flexibility in terms of both information dlsclosure and mvestment

policies. !

In fact, in contrast to mutual funds, hedge funds widely temploy long/short |
combinations of assets and leverage and are not evaluated against a passive |

benchmark. Hedge fund managers have broad investment mandates: they are

i

not subject to any restriction about the types of securities and the degree -

to which the portfolio may be concentrated in a single; security. Hence,

the nature of hedge fund strategies is not simply deﬁné;d by the risk and :

return characteristics of the underlying securities, but also by the way the
assets are managed. Thus, hedge funds can follow strategies that help to
capture a wider set of risk-premia than those associated with more traditional
investment tools.? ; |

The kind of risks which hedge funds are exposed to has drawn grow-l

. . . | L
ing attention among scholars. However, the complex nature of hedge fund

strategies and the limited disclosure requirements make e)icamining this issue
a quite challenging task. ! l

A way to deal with hedge fund peculiarities is to f0c1:13 on hypothetical, |
specific trading strategies. Fung and Hsieh (2001) and Mitchell and Pulvino |

Indeed, as Goetzmann and Ross (2000) remark, there is no official list of hedge funds

in the United States and no official clearinghouse for information about them. !
2For instance, Goetzmann and Ross (2000) identify two major r:sks in pure hedge fund
strategies, the model risk and the convergence risk. The first source of risk deals with the

ability of the manager to fully account for the systematic risk of the underpriced security |

and the position used to hedge it. The second source of risk deals|with the convergence
process in the expected return for the two securities. '

IN.-HEDGEii
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(2001):‘ investigate on the "trend following" and "risk arbitrage" strategy,
respectively. The main motivation to their studies is the observation that
hedge fund managers typically employ strategies that are not linearly-related
to standard asset classes.® Indeed, the authors show that both the "trend
following" and "risk arbitrage" strategy payoffs are akin to the payoffs of
certain option investments.

Their results are in line with previous research on managed portfolio
performance showing the importance of option-like features in mutual fund
returns.

Merton (1981) analyze a multiple-investor economy in which one agent
holds some private information and uses it to make market-timing forecasts.
In order to exploit his information edge, the forecaster forms a mutual fund
which he manages in return for fees. The other agents invest in the fund
without knowing what the forecast will be, although they know it will be
correct. The agents also know the fund’s investment policy, namely that the
manager will either invest all the assets in stocks or in bonds according to
his forecast. As a result, the end-of-period value of the fund can be written
as the end-of-period value of a portfolio investing in options.?

Starting from the insight of Merton (1981), Glosten and Jagannathan
(1994) suggest a contingent-claim approach to evaluate the non-linear rela-
tion between managed portfolio payoffs and market returns. More precisely,
one can approximate the payoff on a managed portfolio using- the payoffs on
a limited number of options on certain stock index portfolios. If the options
are either traded or can be valued using arbitrage methods, one can arrive
at an approximate value for the manager’s investment by finding the value
of the options. Furthermore, Glosten and Jagannathan (1994) suggest that,
if prices on traded options are available, excess return on certain selected

3See Fung and Hsieh (1997).

4One possible strategy consists of holding bonds and one-period call options on shares
of the market portfolio. A different strategy consists of holding shares of the market
portfolio and one-period put options on shares of the market portfolio.



: ' |
. ‘ i
i
I
I

|
52CHAPTER 3. COMPETITIVE NON-LINEAR. PAYOFF RISK FACTORS

options could be used as additional factors in a linear model.
Building on this idea, Agarwal and Naik {2004) study hedge fund refurns {
using a modified multifactor model, augmented with simullated 0pti0n-t||wased
risk factors. The authors show that these factors are indeed significantly ;
associated to equity-based hedge fund index returns. This work extendé the I=

. Agarwal and Naik (2004) analysis in many respects. ;

First, I introduce a new measure to explain the hedge fund rlsk—returnli
relationship and evaluate its significance with respect to the optlon-}:l-ased'
factors. In fact, the option-based factors in Agarwal and Naik (2004) are
not duly interpretable and are only a small and not representatwe fra,ct;mn |
of all the possible strategies that a hedge fund manager can indeed pursue
The alternative risk factor takes into account conditional higher morpents |
in asset return distributions and stems from research on the cross-section of ;
stock expected returns.® Actually, such a measure is poténtially suitable to '
characterize hedge fund returns, which seem to be non—nolrrnally distribited. _

Dybvig and Ross (1985} argue that managed portfolio returns might fol:
- low a non-normal distribution if the information is asymnie_tric. The authors |

consider an economy in which the manager may have information that is

useful for portfolio selection, but is not possessed by the investor. If market- |

timing occurs, the information asymmetry may cause managed portfolio re-

turns to be not normal, even if the underlying asset returns and the 1man— :

ager’s signal are joint normally distributed. Indeed, the manager’s return is |
the product of normally distributed asset returns and normally distributed i

asset weights, which are function of his information. If thie two normal vari- |
- ables are correlated, the portfolio returns have a chi-squared term and are |
. not normal. ' '

Brooks and Kat (2001) and Kat and Lu (2002) examine two difflereni;?
sets of hedge fund returns. Brooks and Kat (2001) colnsider the indexes‘

'\ |

%See Ferson and Harvey (1999), Harvey and Siddique (2000) and Ang, Chen and Xing}
(2001).

INHEDGE |
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provided by several data vendors and fund advisors over the period January

1995 - April 2001. The collection, classification and aggregation methods
" differ substantially among the various data vendors, so that there can be
considerable heterogeneity between indexes aiming to reflect the same type
of strategy.® Nonetheless, all the index returns, irrespective of specific style
categorizations, show non-normal skewness and kurtosis values. Kat and Lu
(2002) study individual hedge funds and equally-weighted portfolios of hedge
. funds following the same strategy. The data are taken from an unique data
vendor and encompass the period June 1994 - May 2001. Both individual
hedge fund and portfolio returns exhibit distributions with not null skewness
and excessive kurtosis, in contrast to the moments that characterize normal
distributions.

Second, I adopt a new method to determine the models explaining the
hedge fund strategies. Agarwal and Naik (2004} assess the importance of
the competitive risk factors using a stepwise regression. This procedure is

»one of the most popular selection method because it provides parsimonious
models and it is easy to implement. However, it possibly leads to locally
rather than globally optimal solutions and invalidates most of the standard
statistical inference theory. Given these potential shortcomings, I also follow
out a different selection process, based on principal components. As far as |
know, this approach has never been used in previous hedge fund studies.

Third, the moment-based measure and the Fama and French (1993) fac-
tors are constructed employing a newly assembled database.”

The main finding of my study is that the conditional higher moment
factor plays a role in determining hedge fund payoffs. In particular, it signif-

' icantly characterizes the non-linear features of equity-based hedge fund index

- strategies. The relevance of this result is twofold. First, a coskewness-based

factor can and makes option-based risk factors at least less significant.

8Fung and Hsieh (2003) also discuss this issue, though from a different perspective.
"Chapter 2 of the thesis provides a detailed discussion about the new dataset and the
risk factors based on the data that I collected.
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| |
The rest of the paper is organized as follows. Sect‘.iion 2 describeé the :
data and the additional risk factors. Section 3 illustrates the variable selec: |
tion procedures. Section 4 presents the empirical results. Section 5 b{"ieﬁy'!
concludes and provides some further comments. ;

3.2 Data

Oy P —

3.2.1 Hedge funds and original factors | L

. Agarwal and Naik (2004) focus on equity-oriented hedge fund strategies

- More precisely, they study index strategies, instead of 1nd1v1clua.l hedge|fund
strategies. While this choice is not uncommon in the emplrlcal lltera.ture the
analysis of index strategies raises a number of issues, mainly related to'data
aggregation. Amin and Kat (2002) examine the return distribution features _
of individual hedge funds and equally-weighted portfoliti)s that contaln an |
increasing number of funds, with the portfolio including the entire populiation
being the index. They show that the aggregation of individual hedge funds in |
portfolios lead to lower standard deviation and skewness @d higher kurtosis.

' However, while the reduction in the standard deviation i31i a purely techuical

matter, the change in skewness and kurtosis is a truly empirical observfatiou :
and it is not attractive. ‘

To overcome the shortcomings of using index stra.te,"gies, Aga,rwaj and
Naik (2004) collect data from two different distributors, 'namely the Hedge '
Fund Research (HFR) and the Credit Suisse First Boston/Tremont {CSFB).

Since there is not a widely accepted classification for hedge funds, Agarwal
- and Naik (1999) divide the equity-oriented strategies according to the diagree
- of correlation with the market.? A first set consists o;f six HFR indexes}

= 1 '

8 As the authors point out, they analize hedge fund strategies tha.:t are mainly rela.:ted to
the stack market because high quality data on exchange-traded options on equity iqdexezs '
are easily availabile. ' '

YIndeed, the term "hedge” can actually be misleading. The traditional hedge fund is
actually hedged against market-wide shocks, that is it is market neutral. However, inuch

et ———

INHEDGE |

¢



3.2. DATA 95

which are based on non-directional strategies. These strategies take primarily
into account relative mispricing of securities, rather than movements of the
market as a whole. Merger Arbitrage, Distressed Securities, Event Driven,
Relative Value Arbitrage, Convertible Arbitrage and Equity Hedge form the
first group.l® The second set consists of two hedge funds which are based
on directional strategies, that is their payoffs arise primarily from taking
directional bets. HFR. Equity Non-Hedge and Short Selling form the second

group. !

The sample consists of net-of-fee monthly returns on the HFR indexes.
The HFR provides data from January 1990 to June 2000. The HFR. indexes
are comprlsed of domestic and offshore hedge funds selected among over 1600
listed on the HFR Database. The HFR indexes are equally weighted and so
give relatively more weight to the perforniance of smaller hedge funds.!?

Table 1, Panel A reports surnmary statistics for the HFR index returns
during the sample period.

In order to characterize hedge fund risks, Agarwal and Naik (2004) esti-
mate the strategy exposures to the risks captured by different security classes.
They use a multifactor model in which the risk factors are excess returns on
standard assets and options strategies.'?

. more common are funds that are not hedged. The Appendix provides a brief description
of hedge fund strategies. '

Y According to Agarwal and Naik (1999), during the period from January 1994 to Sep-
tember 1998, the Equity Hedge strategy was the least market neutral.

1 According to Agarwal and Naik (1999), during the period from January 1994 to Sep-
tember 1998, the Short Selling strategy moved in the direction opposite to the market
one.

12Gee www.hfr.com for the index construction details. Fung and Hsieh (2003) provide
an explanation for why value weighting is naturally unsuitable for the hedge fund industry.

13As Fung and Hsieh {1997) show, if one assumes a long-only and buy-and-hold strategy
and uses traditional asset categories to explain hedge fund returns, the model has very
low explanatory power. :
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Table 1: Summary Statistics

|
I
- |
Panel A: HFR Hedge Fund Indexes ! i
Hedge fund strategy Mean SD Median Skewness Kurtosis Min. Max. | |
g T
Non-Directional .
¢ 1
Merger Asbitrage 1.03 132 1.33 -3.24 ¢ 17.18 6.46 2.90
Distressed Securities 1.2 190 1.35 -0.81 ' 8.88 -850 7.06
Event Driven 133 194 1.53 -1.62 . 942 -890 513
Relative Value Arbitrage 114 147 1.29 -1.24 1297 -5.80 572
Convertible Arbitrage 095 1.01 1.16 -1.48 6.30 =319 333 ||
Equily Hedge 1.82 265 1.82 0.19 . 4.57 -7.65 ‘]0.88 :
Directional
Equity Non-Hedge 171 408 2.28 -0.59 C447 -13.34 ‘:10.74
Short-Selling 0.07 640 -0.16 0.13 ' 4863 -21.21 ?2.84
. 1
Panel B: Risk Factors :

Risk factor Mean SD Median Skewness ‘Kurtosls Min. Max.

Buy-and-Hold Risk Factors

Russell 3000 138 368 1.65 -0.24 4.1 -11.52 12.70

MSC| World Excluding US 066 4.83 0.7 0.18 3.49 -13.47 1467

MSCI Emerging Markets 1.01 6.80 1.41 -0.86 5.44 -28.91 16.53 |

Fama-French SMB Factor 039 617 0.12 -0.08 . 3.62 -20.20 16.21 |

Fama-French HML Factor 051 315 0.61 0.32 | 438 -T44 1206

Harvey-Siddigue S- 170 355 0.64 1.07 v 6.54 -8.62 17.07

Bond

SB Government and Corporate Bond 0.63 128 0.77 -0.06 o324 -2.37 i4'65 i

SB World Government Bond 063 181 0.75 0.18 3.39 -3.63 61N .

Lehaman High Yield 1.27 383 1.18 0.63 16527 1482 2381 |,

Default Spread 1.84 0.1 1.75 0.54 2.38 129 265 ||

Currency J

FRB Competitiveness-Weighted Dollar 043 1.2 0.31 0.39 l 3.59 -2.79 §3.93

Commodity

Goldam Sachs Commodity 0.65 504 0.79 0.54 438 -12.28 18.52
Option-based Risk Factors :

S & P 500 At-the-Money-Call 41989 15691 4.84 1,16 4.08 -100 593.88

S & P 500 Out-of-the-Money-Call 44 .88 203.17 -52.29 1.74 6.05 -100 8;92.28

S & P 500 At-the-Money-Put -35.58 123.56  -100 247 9.67 -100 555.2

S & P 500 Out-of-the-Money-Put -36.06 148.08  -100 3.12 13.49 -100  753.99

e
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- Buy—and-hold strategies

* The first group of factors represents buy-and-hold strategies. It contains:

e indexes representing equities, Russell 3000 index (RUS) and one-period
lagged Russell 3000 index (LRUS),** MSCI World excluding USA index
(MXUS) and MSCI Emerging Markets index (MEM)'®

e indexes representing bonds, Salomon Brothers Government and Cor-
porate Bond index (SBGC) and Salomeon Brothers World Government
Bond index (SBWG)! and Lehman High Yield index (LHY)'7

. an index representing currency prices, Federal Reserve Bank Competitiveness-
Welghted Dollar index (FRB)®

¢ an index representing commodity prices, Goldman Sachs Commodity
index (GSC)Y?

¢ the change in default spread to capture credit risk (DS). The default
spread is defined as the difference between the yield on the BAA-
rated corporate bonds and the ten-year constant-maturity-rate Trea-

sury bonds, %

The buy-and-hold risk factors include also zero-investment strategies,

namely Fama and French (1993) SMB (small minus big), which captures
- the size effect and HML (high book-to-market minus low book-to-market),

“Data, source: Datastream. Argawal and Naik (2001) do not use the S&P 500 index
because' it covers a narrower universe of stocks.

15Data source: MSCI website. The MSCI World excluding USA index covers developed
markets besides US, ‘

6Now the index is denominated Citigroup WGBL

17Data source: Datastrearn. It takes into account returns from investing in distressed:
securities.

18Dat.a, source: Board of Governors of the Federal Reserve System.

YData source: Datastream.

Data source: Board of Governors of the Federal Reserve System.
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which captures the value effect. Agarwal and Naik (2001) point out ‘that

the Fama and French (1993) portfolios are not truly buy-and-hold strategy |

factors since they involve periodic trading. However, they are linear, as oppo-

site to non-linear, risk measures and so they are coupled with buy-and—lhold ‘

|
factors. .

|
Option-based strategies l 1

The option-based risk factors are based on highly liquid !European c:alli and

put options on the S&P 500 Composite index (SPX) trachng on the Chicago
Mercantile Exchange. ; i

| The trading strategy involves buying and writing one—hlonth—to—matprity

options with different strike prices. Indeed, Glosten and Jhgannathan (1!994)

show that one can approximate fund nonlinear payoffs by a linear combi- |
nation of options on some benchmark index returns with|different degree of |
moneyness. Hence, Agarwal and Naik (2004) consider at-the-money (ATM) .‘

and out-of-the-money (OTM) options.

For example, consider the purchase of an ATM call option. On the first

~ trading day of a month buy a call option at the Black—Sciholes price, hold it

for one month and on the first trading day of the followihg month sell|it at {

the Black-Scholes price. Repeating this trading pattern each month prov1des
a time-series of returns on buying an ATM call option.2! !

J

Due to the lack of data, I compute both strike prices and option p%"ices. ‘

Following an Agarwal and Naik (2004) observation about the average behav-

iour of the selected strike prices, I define the ATM option to be such that the .
ratio of the index price to the present value of the strike price is 1. Similarly, \

© the ratio of the underlying price to the OTM call (put) strlke price is
(1.01).%2

0.99

2'If the option expires in the money, one can compute the return on the initial mvest'.— 1
ment. If the option expires out of the money, one assigns a return of -100% for that |

month. *
22The choice of the degree of moneyness is arbritary. A widely—us{ed method is to adopt
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In addition I estimate the volatility in order.to compute Black-Scholes
prices. I consider daily returns on SPX and assume that are lognormally
distributed. Then I use the exponentially welghted moving average model
to compute daily volatilities at the end of each month:

o= 1= NS N = 72

where 7, is the continuously compounded retffurn on the SPX on day t.
The estimated volatilities depend crucially on th%: decay factor, A €(0,1), a
parameter which determines the relative weight applied to each obServatiohn,
and the effective amount of data used in the estimation.?® Indeed, this ap-
proach assigns higher weights to later observations than data in the distant

- past. Therefore, volatility reacts fast to shocks in the market and following

" a shock (for instance, a lé.rge return), the volatility declines exponentially
~ as the weight of the shock observation falls. Following the JP Morgan Risk
Metrics, I assume that the mean value of daily returns is zero and the decay
factor is 0.97.%

Given the daily volatilities for each month I compute the annualized
volatility and in turn I calculate the various option prices. Finally, I compute
the returns for the different option-based strategies.

The option-based risk factor abbreviations are the following: SPC, in-
dicates the ATM call option strategy, SPC, indicates the OTM call option
strategy, SPP, indicates the ATM put option strategy and SPP, indicates
the OTM put option strategy.

an OTM strike price of 2.5 points away from the ATM strike price. The authors, in
the robustness check section, consider OTM strike prices ranging from half a standard
deviation to two standard deviations away from the ATM strike prices.

BT use data from January 1988 onwards.

#The Risk Metrics volatility data set is used in many organizations worlwide to estimate
value at risk.
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3.2.2 Conditional-higher—-moment factori

Following recent studies on the importance of conditioning information in

explaining CAPM deviations, Harvey and Siddique (QOOQ) introduce ajnew |
risk factor to analyze the cross-section of expected stock returns. The chLCtOI' f

is based on asset's conditional coskewness with the ma.rket portfolio, that is
the component of a stock’s conditional skewness related to the market’s port- ;

folio skewness. The intuition behind the choice of a skewness-based factor |

is twofold. First, the authors observe that the classes of stocks which| give
rise to asset pricing anomalies are characterized by most; skewed returns:

Hence, "skewness may be important in investment decisions because of in- |
- duced asymmetries in ex post (realized) returns".* Second, given the evi- |
dence that unconditional return distributions cannot be adequately descnbed '

by the first two moments, it seerns quite natural to better characterize them
through the third moment.

"To understand how skewness affects the cross-sectlon of asset returns .

suppose that investors have non-increasing risk aversion, that is risk avelrsmn

do not increase if wealth increases. Then, the authors show that, other things
being equal, right-skewed portfolios are preferred to left-skewed portfohos l
So, assets that make a portfolio more left-skewed, namely that decrease its |

|
i

total skewness, are less desiderable and should have hlgher expected returns. :
To capture the effect of conditional coskewness, Harvey and Siddique |

(2000) use 60 months of asset returns to compute the standardized uncondi- |

|
tional coskewness for each stock i traded on Amex, NASDAQ and NYSE:

1

]
i
\ i
I

Eei,er1637 041)
\/E(‘?,t+1)E(fﬁf.t+a)

.BSKDi =

where €41 = 7441 — % — Bi{Tare+1) s the residual from the regression
i . -
of stock i excess return on the contemporaneous market excess return and .

€res1 = Taree1 = @ar — Bas(rargen) is the residual from the regression of the

© %Confront Harvey and Siddique (2000), p. 1264. [
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squared market excess return on the contemporaneous market excess return.
This measure represents the contribution of the stock to the coskewness of
the market portfolic.

On the basis of the unconditional coskewness, the authors form hedge
portfolios whose excess returns from the 61th month onwards are used to
proxy for systematic skewness. Following a procedure similar to the Fama
- and French (1993) approach, they rank stocks according to past coskewness.
Then, they form three value-weighted portfolios, one containing the 30 per-
" cent of the stocks with the most negative coskewness, 5~ one containing the
30 percent of the stocks with the most positive cciékewness, St and one con-
taining the remaining 40 percent. Next, Harvey and Siddique (2000) consider
both the spread between S~ and S* excess returns and S~ excess returns as
risk factors. Due to lack of data on the S* portfolio, I consider only the
second measure. Since the S~ portfolio contains the stocks with the most
negative coskewness, a high loading on this hedge portfolio should be asso-
ciated with high expected returns and so the risk premium associated to the
skewness factor should be positive.

Table 1, Panel B reports summary statistics for the buy-and-hold and
option-based strategies and the coskewness factor.6

3.3 Multifactor model

As Liang (1999) point out, there is a potential collinearity problem among
the risk factors. Table 2 shows the correlations among the various strategies
and indeed several factors are highly correlated. For instance, the Russell
3000 index exhibits high correlation with the MSCI indexes. The correla-

*6Excess returns on option-based risk factors have a higher order of magnitude compared
to the buy-and-hold strategies. Thus, I use scale them down by dividing the original values
by a factor of one hundred.

Note that the table reports the statistics for the default spread, while the risk factor
used in the analysis is its change.
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tions are even higher between the Russell 3000 index and |each option-based
risk measure on the one hand, and the coskewness factor on the other hand.

Finally, the coskewness measure displays high correlationis with the opt'.;ion-‘ :

based strategies. To mitigate the collinearity problem ancii avoid the redun-

- dancy of predictors, Agarwal and Naik (2004) use a stepwise procedure. This |

method allows to identify a limited subset of statistically significant factors
that ex-post capture variation in hedge fund returns. In order to select such

variables, the authors estimate the following regressions:

K
R=cd+ Z’\chk.t +
k=1
where R} is the net-of-fee excess return on hedge funci index ¢ in mionth]
t, ¢t is the intercept term for hedge fund index ¢ in the sample period, /\l
_is the average factor loading on factor k for hedge fund ;index i duringlr, the
sample period, Fy; is the excess return of factor &£ in month ¢ and u; isI; the

L

error term.%’ i

3.3.1 Stepwise procedure

i
Agarwal and Naik (2004) give very few hints on the modél selection method

that they adopt.?? Following some comments in their pr;evious work, I ap-
ply a forward stepwise procedure.?® This method identifies the appropriate

regression model by gradually enriching a basic, initial model, given é set |
of potentially useful predictors. The initial model is the fegression of h:édge :
fund ¢ excess return on a constant. In order to deternﬁn& the first varjable |
to add to the model, I compute simple correlations betwefén the hedge fund 7}

*TExcess returns are computed using the one-month Treasury bill rate in order jto be |

consistent with the construction of the Fama and French (1993) and option-based factors.
28The authors employ a stepwise procedure, that add and delete| variables sequentially

on the basis of the F-value. In addition, they use robust standard errors. Finall}.r, the

authors cite the Bonferroni adjustment in the notes of Table 2. _ !
#*Confront Agarwal and Naik (1999} and Agarwal and Naik (2001). :

|
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Table 2 - Risk factor correlation matrix

LRUS RUS MXUS MEM SBWG SBGC LHY FRB GSC DS SMB HML SPCa SPCo SPPa SPPo

RUS | 001 1
MXUS| 0.06 056 1

MEM | 011 054 055 1

SBWG| 025 010 037 -007 1

SBGC|-013 033 018 002 05 1

LHY | 035 044 026 040 000 020 1

FRB | 0.09 -0.08 -0.28 -0.18 -043 -005 014 1
GSC | 026 010 -0.04 005 0.04 000 014 D03 1 |
ps | 008 014 020 027 000 005 011 -002 007 1

SMB | 0.23 -0.14 -0.03 016 -007 -020 0.16 0.03 018 019 1

HML | 001 -0.03 001 001 007 012 006 021 002 -0.02 001 1
SPCa|-008 080 045 033 020 040 028 -0.10 007 007 -0.29 001 1

SPCo | =008 073 041 028 022 041 025 -011 005 -0.05 -0.30 -0.01 098 1

SPPa | 0.01 -0.78 -0.44 -046 -0.1¢ -0.39 -043 -0.06 -0.02 -0.09 010 -0.04 -048 -0.39 1

SPPo | 003 -0.71 -041 -045 041 -0.39 -043 -0.05 -0.01 -011 008 -0.05 -040 -0.32 0.98 1

5- 005 068 040 033 001 016 009 -0.04 -008 010 -0.29 -0.04 058 051 -052 -0.47

excess return and each risk factor excess return. Then, [ include in the model
the strategy measure that has the highest correlation, in absolute value, with
the dependent variable.

Indeed, the selected risk factor is the one that explains the most variation
in the hedge fund i excess return. Not surprisingly, three out of eight hedge
fund strategies show the highest correlation with option-based factor returns.
Also, the two non-directional strategies and the Equity Hedge strategy show
the highest correlation with the Russell 3000 index returns.®®
As expected the augmented model is an improvement with respect to the

initial model, therefore I continue the stepwise selection. At each following

30Gee Table 3. The coefficient of the risk factor that has the highest correlation with
the hedge fund i strategy is reported in Italics font.
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step of the process, there can be one inclusion, followeéi by at most one |

exclusion.

The inclusion of the following predictors is based on t;he partial correla-
tions. At each step, I compute the partial correlations between the dependent
variable and the remaining risk factors, controlling for thP:; previously added
predictors. The risk measure that exhibits the highest partial correlation, in
. absolute values, i3 included in the model. i

If the risk factor contributes significantly to explain the hedge func:l re- {

turns, I keep the augmented model, otherwise I end the selection process
Thus, the procedure continues until a certain stopping rule 18 encountered

The latter is based on a partial F-statistic that evaluates the new model |

relatively to the restricted one: |
|
i
(N —- k s 2) tu.l[ Rreduced
Fult

where the suffix full refers to the augmented model with k+1 explanatory:
variables, the suffix reduced refers to the previous-step model with & regres-
sors and N is the number of observations. The new predictor is enterelld as
long as the statistic p-value remains below a specific maximum value.3!

If the "full" model is retained, then I check the s:gmficance of the regres—

sors that were identified in the previous steps. I perform two-sided t- tests for, {
all the predictors in the model but the last one. If the largeist p-value is a.;bove '

an established threshold, then I eliminate the corresponding variable.®? In
this case, I compute the adjusted R? value of the resulting regression model.

If the augmented model is not retained, I run again the restricted re-

. gression to compute the factor loadings and the adjusted R? value at 5% i

significance level and the process ends. :

31 Note that, for the inclusion step, in fact I test Hy: Fy,; = 0 and so the F—Stattstlc
value is exactly equivalent to the square of the corresponding t-statistic value.
32 A1l the tests are performed using a Newey-West covariance estimator, in order to take

i
into account the presence of heteroskedasticity and autocorrelation in the standard errors. t

] 1
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Thé stepwise procedure raises two main issues, which are closely related.
First, one should define the threshold values for adding and removing the
potential predictors. Second, one should consider the effects of multiple
comparisons when, as in the case of model selection, one performs several
tests on the same data. :

To avoid infinite cycling of the stepwise algorithm, the maximum value for
the inclusion should be at most equal to the maximum value for the exclusion.
However, both values are affected by the number of potential comparisons
that the process might perform. Several rules have been proposed in the
literature to take into account the multiple comparison issue. The most pop-
ular method is the Bonferroni criterion, but, as it is widely recognized, this
adjustment is extremely conservative. Thus, I choose to apply more refined
rules, that is the Sidak-Holm correction for the entry value and the Finner
adjustment for the exit value. Both procedures are step-down rules that ap-
ply a different critical value to each test. In both cases, the process works
as follows. First, consider a regression model with all possible explanatory
variables and get the estimated coefficients. Then, calculate the p-values of
the corresponding ¢-tests at the standard significance level, o and rank them
in ascending order. The Sidak-Holm procedure adjusts « to the following
inclusion threshold: of = 1~ ((1—a)Y*~7+1)) where K is the total number
of potential predictors and j is the ranking position of the p-value associ-
ated to the variable under examination. The Finner method determines the
following exclusion threshold: o = 1 — ({1 — @)*/¥). One can show that
aj<alVjj=1,.,K3%

Table 3, 4 and 5 show the hedge fund models resulting from the forward
stepwise approach.

#3Gidak-Holm and Finner procedures evaluate the regressors according to the p-value
ranking. My approach, based on correlations, follow a different ranking and therefore
a different ordering in variable selection. Nonetheless, I take into account the p-value
ranking when testing the significance of the estimated coeflicients.
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3.3.2 A principal-components method .

Although the forward stepwise procedure is probably the most popular vari-
able selection method, it has some drawbacks.?* Hence, .in order to assess
the validity of the previous findings, I use a different appr;oach to deter{niné
hedge fund models. The method is an application of Mundlak (1981) tech-

nique, which combines the principal components analysis' and the theofy of |

|
multiple comparisons.3 i ,
1

First, I compute the principal components from the sét of potential. pre-
dictors. Each principal component is a linear combination of the original |

risk factors and the new variables are orthogonal to each’ other. There:fore,-
there is no redundant information when one considers the principal compo-
nents and so this method allows to control for the collineaJéity among the risk
factors. [

However, the principal components are not interpretalble in term of the :

" original explanatory variables. To determine which original predictors are

indeed significant given the orthogonalization, Mundlak (1981) propose a de-

* composition rule on the principal component coefﬁcients' vector. The first

partition, 6, will contain the significant coefficients, whlle the second parti-

tion, d2 will contain the non-significant coefficients. The correspondmg parti-

tions for the principal components matrix are Py and P, respectwely Then,
the relation between the principal component coefficients vector and the orig-

~ inal variable loadings allows to determine the significant risk factors.
| The partition is made through the computation of t-tests on the principal
component coefficients. The squares of the t-ratios are subsequently orciered
from the highest to the lowest to give a rule of numbering for the prﬁnci- :
pal components. Then, an iterative procedure computes an F-statistic,jas a |
weighted sum of ¢-ratio squares. At each step the algorithim adds the lowest E

“Miller (2002) discuss at length about the stepwise regression procedure.

%Fung and Hsieh (1997) use the principal component analysis to group hedge funds |

with similar return characteristics together and overcome the potentlal unreha.blllty of
qualitative style categorization.

i
!
|
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j t-r-atio:square among the ones that are not yet included in the statistic. The
process ends when the statistic value exceeds the ‘critical value at 5% signif-
icance level. The principal components which contributes to the F-statistic
are those with non-significant coefficients, that is the algorithm establishes
P, and é;. Given the decomposition, the product between P, and 4, provides
the significant factor loadings and consequently the significant predictors are
identified. '

Table 6, 7 and 8 report the multifactor models determined through the

Mundlak (1981) methodology.
| N

3.4 Empirical results

3.4.1 Forward stepwise analysis

Table 3 shows the regression models established by the forward stepwise
- procedure if the set of potential predictors consists of Agarwal and Naik
(2004) risk factors. The table reports, for each hedge fund strategy, the
constant term, the significant {at 5% level) loadings on the selected variables
and the adjusted R? value.

Overall, the models are very parsimonious and display some differences
with respect to Agarwal and Naik (2004) findings. For instance, the HML
factor -is significant only for the Distressed Securities and Relative Value
Arbitrage strategies, whereas according to Agarwal and Naik (2004) this
measure explains the payoffs of all hedge funds but Convertible Arbitrage
and Equity Non-Hedge strategies.®®

However, my results on option-based risk factors are similar to Agarwal
and Naik (2004) outcomes. All directional strategies but the Distressed Secu-
rities and the Equity Hedge ones exhibit non-linear risk-return relations. On

30The other Fama and French (1993) factor, the SMB variable, is significant for all
hedge fund strategies, but the Convertible Arbitrage one. Moreover, the corresponding
coefficients have the same sign as in Agarwal and Naik (2004) regressions.
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the contrary, all non-directional hedge funds do not show sgigniﬁcant betéxs on ' |
. option-based factors. Moreover, the loadings on the opti(;)n-based meas.;;ures :
have the same signs as in Agarwal and Naik (2004} models. In particular, |
three hedge funds show significant exposures to the risk asssociated to wrfiting‘ '
a put option on the S&P 500 Composite index. In addition, the Event Driven |
" strategy reveals its non-linear risk-return trade-off througf} a long positic!)n in

the OTM call option on the S&P 500 Composite index. i ‘ Lo
i ' S

] )
Table 4 reports the multi-factor models originating from the selection |
" process in the case that the initial set of possible regressors includes: the

coskewness variable. The enlargement of the potential predictor group changes;

all the resulting regressions and leads to less parsimoniousimodels. In partic-
ular, the coskewness risk factor significantly explains four out of eight hedge i
fund risk-return relationships, even though it does not ha.ve the highest| cor-
relation with any of the hedge fund strateg_les. ' : I

The most striking result concerns the Merger Arbltrage strategy. In| fact |
" the coskewness factor replaces the OTM-put-option strategy as swmﬁcant
regressor. Hence, in the Merger Arbitrage strategy the coskewness me&}sure S
captures the nonlinear risk-return relation that previousl‘y manifested itself
. through the option-based factor. |

Similarly, the coskewness variable replaces the Rusself 3000 index;f:aluctor : » 1
_in the Event Driven model. Furthermore, the loading on the ATM-put-option
: strategy is no longer significant. A similar outcome occurs in the case of the |
Equity Non-Hedge strategy. The ATM-put-option factor is, together with ?
the coskewness variable, a newly selected predictor. Howe"ver, the coefﬁé:ient |
on the coskewness factor is significant at the 5% level, wl{ile | ‘

|
L

YIndeed, the hedge fund strategies show the highest correlat:on with the same rlsk
factor as in the case of the original set of potential predictors. : |
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Table 3
 Regression models - Agarwal and Naik {2004) risk factors
Forward Stepwise Procedure '
Merger | Distressed | Event Driven| Relative Value | Convertible | Equity Hedge |  Equity | Short-Selllng
Asbitrage | Securitles Arbltrage Arbltrage Non-Hadge
constant tarm a.27 0.61 0.23 0.43 0.19 0.94 0.47 L)
LRUS 0.08 0.13
RUS 0.14 ‘ 0.48 0.79 -1.24
MXUS
MEM 0.09 0.05 0.11
SBWG :
SBGC
LHY 0.08 024 0.08
FRB
GSC
DS
SMB 0.04 0.06 0.09 0.06 0.17 0.26 036
HML 0.13 0.08
SPCa
SPCo
SPPa 0.5
SPPo -£.37 639 -0.31
Ad] R squared | 33.00% | 50.08% 66.82% 36.60% 41.06% 51.83% 77.82% T569%.
Tha table shows tha regression modals resulting from the forward slepwise procedura, I reports the i Pt and the sk {a1 5% lavel) coatt on the risk
tactors. Tha tast tne shows the adjusted R, Halics indicates ihe risk factor which has the highest simpla correlation with hedge fund ratums.

the coefficient on the option-based measure is not.

The coskewness loading has the expected, positive, sign in all models, but
the Equity Non-Hedge one. The Equity Non-Hedge index consists of Hedge
funds that have relatively high net long exposure and follow a directional
strategy. The negative coefficient on the coskewness factor suggests that
the hedge fund managers were long on equities which less decrease market
skewness.
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1
Table 4 : [ ]
Regression models - Adding Harvey and Siddique (2000) risk factor |
. —— - . —
Forward Stepwise Procedure | !
Merger | Distressed | Event Drlven | Relativa Valua | Convartlbla | Equity Hedge Equity | Short-Selllng!
Arbltrage | Securitles Arbltrage Arbltrage 1 Non-Hedge
constantterm | 0.32 0.44 012 0.49 039 092 | 0.4 ,io.ro '
LRUS 0.07 013 i
RUS N 049 | 0.76 141
MXUS 0.05 5 | I
MEM 0.09 005 ! t.11 !
SBWG, 0,45 \
38GC 1
LHY 0.13 0.20 0.12 0.05 i
FRE 0.26 : .
" lasc 0.03 0.03 0.07 | '
03 0.42 | :
sMB 0.05 0.07 0.09 0.05 0.03 0.16 | 0.25 033
HML 0.1t 0.08 i |
SPCa
SPCo 0.1 , |
SPPa -0.26 061 : 041 i
SPPo 0.29 0.26
3. 0.15 o.11 ] -0.11 :o.ze
Ad]R squared | 34.99% | 61.50% 50.30% 34.12% " 43.64% 53.20% T8.17% 55.62%
Tho tabla showa the ragression modeds resulling from the forward stepwise procadura. llalica indicates the factor loadinga that are significant at 5% level. Tha tastiing uhm\:s
Lhe adjusled RY. Groy space indicates a risk factor thal s no longer signi when tha

s idared, Ligh! grey spaca indicatan a naw figk feclorn,
" i

| |

To further evaluate the relative importance of the coske\:arness factor i ex- |

plaining hedge fund returns, I add to the regression models identified th_rc}ugh
the first stepwise selection, the new measure. |

J

Consistent with the findings in Table 4, the coskewness variable replaces.

the option-based risk factor and has a significant loading in the Merger| Ar-
bitrage model. It also enters with a positive coefficient [in the Distrel;;sed
Securities and Relative Value Arbitrage models. '

Table 5 reports the augmented-model results. : [

i

i e = ——
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_ _ Table 5
Regression models augmented by the Harvey and Siddique {2000) risk factor
Forward Stepwise Procedure
Merger | Distressed| Event Driven | Relative Value | Convertible | Equity Hedge Equity |Short-Selling
. Arbltrage | Securities Arbitrage Arbltraga Non-Hedge
constant term 0.32 .51 0.15 0.41 0.19 .54 0.47 0.88
LRUS 0.08 0.13
RUS 0.48 079 -1.24
MAUS
MEM 0.07 0.06 o
SBWG
SBGC
LHY 0.13 0.24 Q.10
FRB
GSC
DS
SMB 0.05 0.08 .08 007 017 0.26 -0.36
HML 0.14 0.09
SPCa
SPCo
SPPa 0.76
SPPa ' -0.33 0.3
S- 0.15 0.08 0.08 )
Ad] R squarad | 34.32% 60.68% 64.79% 38.18% 41.06% 51.83% 77.82% 55.89%
[Tha table shows Ihe regression madals msulting from tha forward stepwisa p and tha suts ion of the coskewnasa factor,
It roports Lha intarcept and tha significant (at 5% level) coefficients on tho risk faciors. The last ling shiws Lha adjusted R®

To sum up, the majority of directional hedge funds, namely Merger Arbi-
trage, Event Driven, Relative Value Arbitrage and Convertible Arbitrage
strategies, shows significant exposures to non-linear risk-return relations.
The empirical evidence suggests that such non-linearities can be likewise
captured either by option-based strategies or by a coskewness factor. Fur-
thermore, the Merger Arbitrage strategy payoffs seem to be better explained
by the coskewness variable. In addition, there is some evidence that Dis-
tressed Securities and the two non-directional strategies present non-linear
risk-return features, too. In fact, according to my analysis, the coskewness
factor - but not the option-based variables - plays a role in explaining the

excess returns on these strategies.
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- 3.4.2 Principal components analysis

" Table 6 shows the hedge fund models resulting from the Mundlak (1981) ap- {
proach when the original set of explanatory variables contains only Agairwaﬁ

and Naik (2004) factors.

The principal component analysis identifies "larger" models than,l the |

' models selected through the stepwise process. In pcu."tlcular all the opt1on—
based risk factors are significant predictors of hedge funds excess returns.

Contrary to the previous findings, also the two non- d1rectlonal strategles

show option-based significant exposures.

Hence, overall the Mundlak (1981) methodology provides very différent ‘

models from the ones determined by the forward stepwise procedure.

o

41

Table 6 ' '

Regression models - Agarviral and Naik (2004) risk factors

I

; 1

Principal Components Analysis : |
i

|

Merger |Diatressed| Event Drivan | Relative Value | Convartible | Equity Hedge Equity Shon-SuIIin
Arbltrage | Securltias Arbltraga Arbitrage ’ Non-Hedge 1

constant term 0.58 1.54 1.13 07 0.17 152 1.13 1.09

o+ [LRus 0.15 0.14 0.03 0.1 - 0.05 096 -
RUS 021 0.2 0.33 .01 .0.05 052 0.76 © ez ]
MXUs 0.02 0.02 0.04 . oor 0.08 10,16

|mEM 0.12 0.07 0.01 0.09 0.09 0.09
SBWG -0.01 -0.03 -0.20 -0.11 -0.08 .06 ‘
SBGC -0.07 0.06 0.04 0.06 0.12 oM 0.09 0,22
LHY 0.08 0.04 0.03 001 0.08 -0.08
FRB 0.02 0.38 0.23 010 048 0.08 | 012 .02

" losc 0.06 0.02 0.02 |u.03 ‘
DS -0.01 -0.59 0,33 0.12 0.30 034 -0.52 032 i
SMB 0.05 0.02 : 0.24 033 |
HML 0.02 0.04 -0.06 {o.04
sPCa .29 -0.53 0.85 012 013 661 1,16 "265
SPCo 0.72 0.19 0.41 0.09 0.22 0.75 0.62 -1.74

_|spPa .25 -0.51 017 014 -0.11 -0.88 | 144 [3.01 .
SPPo EiXo]] 0.16 £0.37 043 -0.21 080 0.89 l-285 -
Ad[R squared | 34.34% { 6152% 81.77% | 41.54% 38.28% AB.00% 77.65% S4.54%

The losl lina shows the adjusted RY.

The tabia shows tha rogression models resulling from tha prncipal componenis analysis. It repors tha inlarcepl ond Lha slmlrmnlllul 5% lovel) coullicients on he risk lucu?ts‘.

. t— e
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Table 7 reports the outcomes of the Mundlak (1981) procedure when the
set of original variables contains also the coskewness measure.

The introduction of the coskewness risk factor slightly reduce the dimen-
sion of the regression models. However, the principal component analysis
. still identifies "larger" models than the models determined by the stepwise

procedure.

~ All the option-based risk factors are ‘still sig;iliﬁcant predictors of hedge
" funds excess returns. Contrary to the stepwise regression outcomes, also the
two non-directional strategies show option-based significant exposures.

The coskewness variable show significant loadings in all hedge fund strate-
gies but the Distressed Securities.

Hence, overall the Mundlak (1981) methodolbgy provides very different
- models from the ones determined by the forward stepwise procedure.

To sum up, the principal components analysis highlights non-linear risk-
return relations in directional and non-directional hedge funds. The empirical
" evidence suggests that a coskewness risk factor captures such non-linear risk

exposures, even though option-based strategies remain significant.
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Table 7 ‘E i

Regression models - Adding Harvey and Siddique (2000) risk factor

Principal Components Analysis , . i _

Margar Distrassed| Event Driven | Relative Value | Convartible | Equity Ha:dgo Equity Shoit-Salllng
Arbitrage | Securities Arbitrage Arbitrage 4 Mon-Hedge ¥
constant term 0.62 151 136 8.70 07 183. | 11 .08
LAUS 0.06 0.15 a.09 002 0.11 0.05 | 0.08 2.03
RUS 0.17 0.12 025 -0.04 007 0.50! 0.83 {142
MXUS 0.01 0.04 0.04 : 0.06 0.08 018
“[mem 0.12 0.05 0.06 0.09 009
SBWG 0.03 -0.01 013 .20 D11 .18, .07 201
SBGC 0.06 a.06 0.12 0.07 0.2 027’ 0.08 0.24
LHY 0.06 0.04 0,08+ 0.04 -0.01
kre 002 0.28 0.18 o1 019 004 0.14 -;o.or
GSC -0.02 0.03 0.02 0.02 | 02
b3 -0.13 0.59 048 0.10 0.29 -0.55/ .0.47 2,19
SMB 0.05 0.10- 0.05 0.03 0.15 0.3 030
HML 0.05 -0.08 2.04
3PCa 136 -0.53 078 0.18 .16 -1.35, -1.08 2.44
SPCo - 080 048 |- 045 0.12 0.24 071, 0.57 li 60
SPPa -0.34 0.5 0.25 0.16 £.10 082! -1.46 32
SPPo 0.02 0.16 053 .44 022 045" 0.92 22.92
5. 0.09 0.05 0.05 0.0 0,03 | 0.1 ‘6.29 ‘
Ad] Raquared | 44.65% 3% T1.60% 43.70% 56.21% 53.365% 31.05% Bi.6a%
The Latka shows tha regrassion models resulling from the principal components analysis, It raports the intarcep! and the signifl ('als‘lmsl) e onmar!i.ll:fm:.
| 1
i !
!
3.5 Conclusion 5' 1
! |

Equity-based hedge fund index strategies show non-linear risk-return . fea-
tures. Agarwal and Naik (2004) explain these hedge funds characteristics,
by means of a multifactor model. In particular, the authiors consider some
option-based strategies as risk factors and show the impor}:ance of such ;Ja.ri-
ables in capturing the hedge fund non-linearities. F ‘

In this work, I introduce as a possible risk factor a L.strategy based on |

the conditional skewness of stock returns. More precisely, I focus on candi-

tional coskewness, that is "the component of an asset’s skewness related to .

1
1
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the market portfolio’s skewness".3® The empirical evidence shows that the
" factor based on coskewness captures the nonlinearities in hedge fund excess
returns, calling into question the true relevance of option-based strategies.
| Furthermore, the analysis highlights the importance of conditional higher
moment measures in describing the risk-return trade-off of hedge funds.

An interesting extension of this work could be to consider additional
factors, such as the momentum strategy or a downside risk measure. Ang,
Chen and Xing (2001) shows that a factor based on downside risk explains
" the variations in the cross-section of stock returns. As the coskewness factor,
the downside risk measure is based on conditional information and takes into
account the correlations between asset returns and market portfolio returns.
Thus, it could play a role in characterizing the risk-return features of equity-
based hedge fund index strategies. |

Finally, Fung, Hsieh, Naik and Ramadorai (2005) nse market events as
samplé breaks to study the funds of funds performance. An empirical analysis
over a longer sample period, split up to take into account the breaks, could
- allow a better assessment of the importance of competing risk factors in
| determining hedge fund returns.

3.6 Appendix

Agarwal and Naik (1999} split the hedge fund index strategies in two groups,
"non-directional" strategies and "directional" strategies. Non-directional

strategies are:

e Merger Arbitrage: it goes long on the acquired company and short the

acquiring company

o Distressed Securities: it goes long {and occasionally short) on compa-
nies under Chapter 11 and/or under some form of re-organization

38Gee Harvey and Siddique (2000), p. 1265.
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¢ Event Driven: it exploits possible mispricing arising from company
event announcements (merger, restructuring, tender offer) |

e Relative Value Arbitrage: it goes long on and short; via cash or deriv- !

ative markets in government and corporate bonds and asset-bal.cked ;

L 1
securities . :

. d

¢ Convertible Arbitrage: it goes long on convertible sécurities (genérally ;

bonds) and short the underlying common stock | !

. [ :
s Equity Hedge: it goes long on equities and short stocks and/or s'!tock :
index options _ ] |

Directional strategies are: | {

e Equity Non-Hedge: it goes long on equities. It does%not always ha;ve al

hedge in place I *

¥ [

e Short Selling: it sells (over-valued) securities not ofwned by the s!eller' |

to take advantage of an anticipated price decline. 1 4

; I !

Goetzmann and Ross (2000) make a partly different distinction and group {
strategies into "relative value arbitrage" strategies, "event driven arbitr‘age"‘ '
strategies and "intertemporal arbitrage" strategies. Directional strategies are |

a subclass of the latter. : ;
| |
| |
! :

‘ 1
Agarwal, V. and N. Y. Natk, (1999), "On taking the "zl.lternative" route:
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