Dedicated Short Bias Hedge Funds — Just a one triggony?

Ciara Connolly
Department of Accounting, Finance & Information t&yss
University College Cork
College Road, Cork, Ireland.
Tel +353 21 490 1850
Email: ciara.connolly@ucc.ie

Mark C. Hutchinson
Department of Accounting, Finance & Information t@yss
and, Centre for Investment Research
University College Cork
College Road, Cork, Ireland.
Tel +353 21 490 2597
Email: m.hutchinson@ucc.ie

This Version: February 2010
JEL Classifications: G10, G19

Keywords; Hedge Funds, Put Options, STR modelsitSuailing



Dedicated Short Bias Hedge Funds — Just a one triggony?

Abstract

During the recent period of significant market wtrem 2007 and 2008 dedicated short bias (DSB)
hedge funds exhibited extremely strong resultsemmiany other hedge fund strategies suffered badly.
This study, prompted by this recent episode, ingasts the DSB hedge funds performance over an
extended sample period, from January 1994 to Deee@®08. Performance evaluation is carried out
both initially at the individual fund level and then an equally weighted dedicated short bias hedge
fund portfolio using three different factor modgbesifications and both linear and nonlinear
estimation techniques. We conclude that DSB hddgds are indeed more than a one trick pony.
They are a significant source of diversification ifovestors and produce statistically significaudls

of alpha. Our findings are robust to the spedifica of traditional and alternative risk factors,
nonlinearity and the omission of the flatteringditerisis period.



Dedicated Short Bias Hedge Funds — Just a one triggony?

The period between early 2007 and late 2008 isndrieh most hedge fund managers would prefer to
forget. Market participants witnessed unprecedtptents over this period; the collapse of Lehman
Brothers, rapidly falling prices in asset markedsd investors rushing to withdraw funds from
investments. One hedge fund investment strateggicdted short bias, (hereafter DSB) revelled in
these conditions. DSB hedge funds are pooled imezdt vehicles which focus their energy on short
selling as the main source of their returns. Ahdhey make money when the markets fall in value,
the perfect vehicle to capitalise on the marketddmns of 2007 and 2008. Some critics may argue
that DSB hedge funds strong performance during@nedit Crisis” was just a product of the times.
A period when all forces conspired to provide DSBds with ideal conditions in which to prosper
and that DSB is a trading strategy which is fla&teby such periods. However following an in-depth
investigation of the performance of these hedgeldume find that DSB hedge funds are much more
than just a one trick pony. Our results suggest ti@ only do DSB funds provide excellent
diversification benefits and protection in marketaah turns but they also are an investment strategy

which provides significant levels of alpha - thdyngrail of hedge fund investment.

There is significant debate on the classificatibralpha and whether hedge funds really produce
“superior returns” due to hedge fund manager’d,skilwhether the superior returns reported asaalph
in the literature are simply the misspecification“alternative beta’(Jaeger and Wagner [2005]).
During our research we examine four distinct buhpementary performance measurement models.
Our first model consists of traditional risk factaand as such decomposes hedge fund returns into
alpha and “traditional beta”. Our second modelsists of an alternative risk factor which is desigin

to capture the specific risk return features of O&Blge funds, as such it decomposes the returns of
the DSB hedge fund strategy into alpha and “alteredeta”. Our third model consists of traditional
and alternative risk factors and as such decompbgereturns of the DSB hedge fund strategy into
alpha, traditional beta and alternative beta. Re$tom estimating the two models which include a
risk factor designed specifically to capture thenlimear profile of DSB hedge funds suggest the
strategy exhibits statistically significant leva@lalpha. Further, when we estimate our finaldine
model across two distinct time periods, before afiter the current financial crisis we find alphabto
statistically significant during the less favoumlpre credit crisis period. Finally, in our fourth
specification, to allow for time variation in riskkposure, we model the returns of DSB hedge fund
managers using a nonlinear logistic smooth tramsittegression specification. Results from

estimating this model find further evidence of hedignd manager alpha.

So what does all this talk of alpha mean for inees2 Well it means that DSB hedge funds may be

an extremely useful and complementary asset fogsitors to add to their portfolio. Firstly, DSB
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hedge funds have the ability to earn positive retuturing market downturns (favourable trading
conditions) which will act as a hedge against lsssdfered by other assets in the investor’s pliwtfo
over the same time period. Secondly if these daoh “alpha” production during periods of
unfavourable trading conditions are substantidted investors gain a second time, as despite the fa
trading conditions are unfavourable the managdils & implementing a DSB trading strategy will

make it an efficient hedge against future fallasset prices.
Hedge fund data and difficulties developing perfornrance measures

It has been well documented that various hedge $tradegies exhibit a number of unusual statistical
characteristics (See Brooks and Kat [2002], Furdytsieh [2001] and Mitchell and Pulvino [2001]
for examples). These characteristics usually faldar three main headings; non-normality,
nonlinearity and autocorrelation. These statibtid@racteristics make hedge funds performance
difficult to measure and/or benchmark. Not onlg #re returns series of hedge funds distinct from
those of traditional asset classes such as stockb@nds, they are also often extremely differeof
each other on an individual level. Therefore iinportant to analyse the performance of any hedge
fund strategy in isolation to gain a true underditag of its performance. We therefore examine the
performance of DSB hedge funds in isolation to wheilee the statistical characteristics associated
with this specific strategy, and correct for thegeen developing performance measures for DSB
hedge funds. The layout of the rest of the papasisollows; the next three sections identify DSB
hedge funds main statistical characteristics. Ravidentified these, we then examine the
performance of the DSB funds against three distineir models and over two time periods, before

estimating a nonlinear specification. Finally veaclude with a discussion of our main findings.
Non-normality

Non-normality is a statistical characteristic asst@d with most hedge fund strategies (See Fung and
Hsieh [1997], Mitchell and Pulvino [2001], Agarwahd Naik [2004], and Getmansky et al [2004] for
examples). This non-normality is usually charastdi by negative skewness and excess kurtosis.
Brooks and Kat [2002], for example, find that hefigeds indices are on average negatively skewed
and suffer from excess kurtosis. Negative skewiratisates an increased probability of an extreme
loss while excess kurtosis indicates a high prdivalif larger gains or losses than in the casa of
normally distributed data set. The events of B167 and early 2008 showed how risky it is to be
exposed to an investment strategy with negativevs&ss. Funds which were marketed as low risk
and well diversified such as equity market newral equity long/short had some of the largest sse

during the credit crisis.

We utilize the TASS database as our source of hidgkreturns. In total there are forty eight DSB
funds listed in the database. Of these forty eitiitty three are dead at the end of December 2008



However, there are quite a few funds with multiphare classes listed in the database. We remove
all duplicate funds and are left with a final saepif thirty five funds. Of these thirty five DSB
funds, twenty four are dead at the end of 2008.okimg at exhibit 1, which reports descriptive
statistics for the sample it is clear that thesaensoof high kurtosis and negative skewness ar¢heot

case for DSB hedge funds.
INSERT EXHIBIT 1 HERE

Exhibit 1 shows that in the case of DSB hedge fuhdse are relatively low levels of both skewness
and kurtosis and that the asymmetry which theyleiis on average positive not negative. What does
this mean for investors? Interestingly, the infadtiora presented above indicates that DSB hedge
funds offer excellent diversification benefit whemxed with other asset classes such as stocks,
bonds, and most other hedge funds strategies, wjeicrally exhibit negative skewness and kurtosis.
DSB hedge funds may provide a hedge to the downigkénherent in not only traditional portfolio
assets but also other hedge funds due to thehaicthey appear to suffer from negative skewneds an

high kurtosis while DSB hedge funds exhibit positskewness on average and low levels of kurtosis.
Autocorrelation

Autocorrelation is another statistical characterigthich hedge fund returns series tend to exlfgae
Brooks and Kat [2002], Getmansky et al [2004] arudldh and Pool [2008] for further discussion).
Autocorrelation in hedge fund returns is often ttueedge funds investments in illiquid or difficedt
price assets. The existence of autocorrelation iaturns series means that the true risk assdciate
with the hedge fund strategy will be underestimateith a corresponding overstatement of
performance. So what is the situation as regantiscarrelation and DSB hedge funds? Again, it

appears that DSB hedge funds are on average &eetlfiis characteristic of hedge funds.
INSERT EXHIBIT 2 HERE

The findings of no autocorrelation in DSB hedge dsirseem sensible given their short selling
mandate. A short selling strategy is one whereirtiaestor borrows a security, sells it at the curren
price hoping to profit in the future by buying tbecurity at a later date, hopefully at a cheapieepr
and returning it to whoever they borrowed the sgégcimom. It would therefore be unwise for a fund
running a DSB trading strategy to short sell illaystocks which may be difficult both to borrow

and/or cover.
Nonlinearity

The majority of hedge fund returns series have lbeend to be nonlinearly related to market returns
(see Fung and Hsieh [1997, 2004], Mitchell and ol\j2001] and Agarwal and Naik [2004] for



further discussion.) This means the returns of ynhedge funds typically exhibit a nonlinear
relationship with the risk factors that are thersewf their returns. A relationship which is nowar

can be difficult to model. Traditional linear factmodels such as CAPM are inadequate at modelling
this relationship. Therefore a large body of reslgaboth academic and industry driven, has emerged
surrounding nonlinear hedge fund performance measemt. Fung and Hsieh’s [2004] seven factor
asset-based style factor model (hereafter ABS factodel) is a well defined model which has
become one of the leading benchmark performancesunesin the hedge fund industry. Fung and
Hsieh [2004] find that this specification it to bapable of explaining up to 80% of the monthly netu
variation for a diversified hedge fund portfoli@his is compared to less than 25% using regression

factors based on traditional asset classes.
A factor based model - Fung and Hsieh ABS factor nuel

The Fung and Hsieh [2004] ABS factor model spesifieree trend following factors for bond

(BdOpt), currency (FXOpt) and commodities (ComOpt)p equity orientated risk factors; an equity
market factor (S&P) and a size spread factor(SCa) two bond orientated risk factors; a bond
market factor (10yr) and a credit spread factoe@Spr). Using these risk factors we initially estien

the following regression:

Rti = a;+ Z%V:1 IBILc Fe + eti 1)

WhereR} is the return on hedge fund i during monthxt,is the intercept for hedge fund over the
regression periog. is the average factor loading of hedge fundn thek-th factor during the
regression periodFy; is the excess return on tkeh factor during month tk(= 1,..., K) where the
factor could be any of the seven ABS factors giglan error tern.

Due to their construction, these ABS style factapture much of the option like features of hedge
funds while preserving the general lack of coriefatvith standard asset benchmarks. They thereby
replicate the risk return profile of the hedge fsimduch better than a traditional linear benchmark

model.
A parsimonious Fung and Hsieh ABS factor model

Given that Fung and Hsieh’s [2004] model is cortderd to estimate the performance of a broad
based hedge fund portfolio it includes a numbeindépendent variables which might not be related
to DSB returns. To identify the most appropriatetdérs we carry out a stepwise regression procedure
to identify the ABS factors applicable to our DSBdige fund data set. Having carried out the
stepwise regression on our DSB hedge fund seridsaehe risk factors which the DSB hedge fund

has significant risk exposure to are the two equitgntated risk factors; S&P and SCLC.

! Data for the trend following factors is downloadesm David A. Hsieh’s database and the remainamdrs
are constructed using data from DataStream.



INSERT EXHIBIT 3 HERE

The results reported the first panel in exhibitr& @r the equally weighted DSB (hereafter EWDSB)
hedge fund portfolio, formed from the thirty fiverfds in our data set, benchmarked against S&P and
SCLC. The result of negative betas on both theteaquarket risk factors is as expected given the
nature of the stratedy.DSB hedge funds have an average S&P 500 beta@f46 and an average
small cap spread of -0.5288. Both of these fingliage reasonable as a negative exposure to the
market is consistent with their short selling maedand negative exposure to small cap stocksds als
guite rational due to the higher potential for campfailure (and therefore price decline) of sraafb

stocks.

Although the parsimonious Fung and Hsieh [2004] eh@cplains a large portion of the performance
of the strategy (adjusted’ Rf 74.40%), neither of the factors exhibit theioptike features of hedge

fund returns so we may not be capturing “alterrabeta” with this model. Next, to investigate this
possibility, we construct a theoretically appealimgtion based factor which should more closely

replicate the nonlinear risk return profile of 8B hedge fund series.
Development of put option risk factor

As mentioned previously hedge fund returns have lbeend to be nonlinearly related to traditional
asset returns. Fung and Hsieh [2001] find thatéerns for a specific trading strategy (commodity
trading advisors - CTA’s) tend to exhibit optiokdifeatures. These returns tend to be large and
positive during the best and worst performing merghasset markets. Mitchell and Pulvino [2001]
also find evidence of nonlinearity in hedge funtlires for a different strategy — risk arbitrageheT
results of this study indicate that risk arbitragtirns are uncorrelated with market returns inetad
appreciating markets. However, in months wherentilaeket is severely depreciating, risk arbitrage
and equity market returns are positively correlateditchell and Pulvino [2001] find that risk

arbitrage returns are akin to writing a put optionthe market.

In a similar manner we can consider the payofh@DSB strategy to be a long put option. The DSB
strategy recognises small losses on an ongoing batti infrequent large profits. If a risk arbea
strategy’s risk profile can be proxied by takinghert position in an equity index put option then i
seems reasonable that the risk associated withBadDr&tegy could be proxied by a long put option

position.

We construct the payoff of this put option riskttaan the spirit of Agarwal and Naik [2004] but we
construct a portfolio mimicking the payoff to a pput option, by trading in the underlying rather

than buying and selling the actual options. Taidane for two reasons. First, trading the undegly

2 Results at the individual fund level are similadavailable from the authors on request.
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stock is a much more cost effective manner of cagitig the DSB hedge funds trading strategy than
trading options directly. Second, options tradieepdata is difficult to obtain. We replicate the
option payoff using a Black-Scholes pricing modebetermine the delta of an at-the-money (ATM)

put option with two months to expiry.
The delta of a European put is:
A=e—qt[N(d; —1)] (2)

where

_ ln(‘%o)+<r—q—%2)T 3
ey (3)

andA is the delta of the optioi,is the dividend yield on the underlying asSeis the time to expiry
of the asset, &3s the asset’s share price on any given #aig, the fixed strike price of the optiom.is

the return on the risk free asset the market y{#hdee-month constant maturity U.S. Treasury
securities) an@ is the volatility of the option (annualized stardtldeviation for the previous trading

year)?

The mechanics of the replication strategy are Hewie: on the first day of trading in January we
calculate the delta of an ATM put option expirimgHebruary (two-months to expiry). Using the total
return (including dividends) on the S&P 500 as timglerlying, we take a position which would
produce the same factor return as trading the ptibro directly. The delta of the ATM put option
changes on a daily basis as the inputs (time tanbgt stock price, risk free rate, volatility and
dividend yield) of the Black Scholes pricing modelry. We therefore buy or sell the underlying
stock on a daily basis relative to the changingedef the option and compound the daily return eto
monthly return. At the end of each month the predesgins again. For example for February we
would calculate the delta of an ATM put option wéttMarch expiry and rebalance our stock position
to mimic this option. This produces a time seriesnonthly returns which we then use to proxy the

risk profile of the DSB hedge fund strategy.
The descriptive statistics for the put option fig&tor (PutOpt) are reported in exhibit 4.
INSERT EXHIBIT 4 HERE

The put option variable has an average return.0D%b. In stable and upward trending markets DSB

hedge funds would be expected to recognise snssek Given that over the period January 1994 —

% Data for constructing the put option factor isnfr@ataStream.
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December 2008 (the duration of our study) priceshim markets were on average on an upward
trajectory a small negative average return for rigk factor seems appropriate. The put option risk
factor exhibits low levels of positive skewnesslé#2 and has excess kurtosis of 5.26. We find no
evidence of autocorrelation in the put option netgeries. Due to the put option risk factor's
construction it shares many characteristics of Di8B hedge fund series, positive skewness, low
levels of excess kurtosis, and no autocorrelatis.such it appears to be both theoretically and
statistically an appropriate benchmark for DSB leetignd returns. We can see from exhibit 5 that

the put option mimics the return profile of the DB&lge fund strategy quite closely.
INSERT EXHIBIT 5 HERE

The results from estimating our put option risktéacmodel are reported in the second panel of
exhibit 3. We can see that both the put optiok factor coefficient and the alpha figure are
statistically significant at the 1% level. As egpad the DSB hedge funds have an average put option
beta which is positive. With this model, the adigure is a statistically significant 1% per munt
This model improves on the linear model as it sssftdly incorporates the nonlinear risk return
profile which DSB hedge funds exhibit as a restitheir use of unconventional investment technique
(i.e. short selling). The alpha of 1% per montemse an extremely impressive level of return to
attribute to manager’s skill but we would cautitwe reader that the explanatory power of this model
is lower than the linear factor model. Ignoring &hgoosure to traditional risk factors (traditiobata)

may lead to misspecification. To avoid this we stamct a combined factor model which will

decompose the returns of our DSB strategy intatioa@l beta, alternative beta and alpha.
A combined traditional and alternative beta factormodel

The combined model consists of our specificallystnrcted put option risk factor, PutOpt, along

with the Fung and Hsieh [2004] ABS factors whiclreviound to be significant explanatory variables
(S&P and SCLC). The traditional risk factors sashS&P and SCLC are quiet adept at explaining
the returns of the funds that result from the as#lety invest in, but these factors do nothing to
explain the returns due to the dynamic manner iithvthe fund manager invests (use of short selling
techniques in the case of DSB hedge funds). Whesdéthsthe PutOpt risk factor, it explains the

returns of the fund which are due to the dynamtaneeof the DSB investment strategy but it does not
fully capture the returns attributable to the uhdeg asset. By constructing a model which includes
both types of risk factors we have a model whichath theoretically appealing and has a high level

of explanatory power.

We can see from the third panel of exhibit 3 tHa tombined factor model has the greatest
explanatory power of the three models we have exaanihus far, at 76.30%. We can also see from

exhibit 3 that all our explanatory variables (PutCp&P and SCLC) and also the alpha figure are



statistically significant. Not only are the coeféints statistically significant but they also haklie
anticipated sign, as our EWDSB hedge fund portfdimegatively related to both our equity risk
factor and positively related to our put optiorkriactor. As with our previous model the alpha figu

in our combined model is again statistically sigriht, this time at a level of forty three basisn®

per month. This equates to manager skill of appnaxely 5% per annum. This level of alpha is
reasonable and in line with findings from otherdséts (see Jaeger and Wagner [2005] and Kat and
Miffre [2008] for examples).

Alpha — The result of favourable trading condition®

Our sample period (Jan 1994 — December 2008) erassep one of a long period of sustained price
increases, accompanied by several shorter peribgsice declines. Any fund with a negative
exposure to equity factors over this time periodulddbe facing a constant battle trying to produce
positive returns in unfavourable trading conditiod$herefore if a DSB hedge fund produces positive
returns it seems reasonable to assume that thadd e as a result of DSB hedge fund managers
exhibiting skill in implementing their short selfjrstrategy. A concrete illustration of this poiande
seen by examining the performance of the DSB sgfyatanitting the very favourable credit crisis
period of 2007 and 2008. January 2007 is chosaheasirning point to allow for two full years of
data relating to the “Credit Crisis” time seriebhe findings of the sub-period analysis are dispthy

in exhibit 6.

INSERT EXHIBIT 6 HERE

As we can see from this sub-period analysis DSRy&dédnds managers are adept at producing alpha
in periods of less favourable market conditionshisTmakes practical sense as when market
conditions are unfavourable the fund managers rimaptement their trading strategy extremely
skilfully in order to survive. We can also seenfrexhibit 6 that in the period where market
conditions were favourable (i.e. in 2007 and 2008 only significant explanatory variable was
S&P500.

These findings that DSB hedge fund managers alilsiki implementing DSB hedge fund trading
strategy in periods of unfavourable trading cownditi, further supports the argument that DSB hedge
funds are a useful diversification tool. Not onlg @SB hedge funds demonstrate the ability to
produce positive excess returns in periods of mat@&e/n turns but due to their skill at implementing
a short selling trading strategy they also manadeefficiently in periods when market conditiorre a

less favourable.

Allowing for time variation in risk exposure
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Much recent research has demonstrated the impertainallowing for time variation in risk factor

exposure when modelling the returns of hedge f8eae for example Bollen and Whaley [2009]).
Conversations with DSB hedge fund managers supbese findings. Typically as opportunity sets
evolve managers modify positions, gradually indregashort exposure in anticipation of markets

declining and reducing short exposure when maiket®xpected to increase.

To model this relationship we specify a Logistic &t Transition Regression (LSTR) model
(Terasvirta and Anderson [1992]). The LSTR modeh iform of threshold model which allows for
the existence of varying risk regimes. When theghold variable is above a certain level the
behaviour of the dependent variable is given by lovear specification, whereas when the threshold
variable is below a certain level the behaviougiien by an alternative linear specification. Wali
other threshold models, the LSTR model does nopjfimm one regime to another, incorporating

instead a smooth transition.
Estimation of STR models consists of three sta@ear(ger and Terasvirta [1993]):
(a) Specification of a linear model.
The initial step requires the specification of kinear model.
Ve = a+ [1S&P; + B,SCLC: + & (4)

Wherey; is the excess return on the EWDSB hedge fund gmrtfS&P, is the excess return of the
S&P500 andSCLG is the Small Cap Spread.

(b) Testing linearity and choosing the transitiamniable

The second step involves testing linearity aga81#®R models using the linear model specified in (a)

as the null. To carry out this test the following#iary regression is estimated:

Uy = Bo'X¢ + 1 Xeze+ o xp2E + B3’ xp 2] (5)

Where the values ai; are the residuals of the linear model specifiethin first step and; is the
transition variable. With nex anteexpectation for the transition variable, we tedieth the S&P500
and the Small Cap Spread to see which would bentst appropriate transition variabig, The null
hypothesis of linearity is §#t p1 =p2 =p3 = 0.

(c) Choosing between LSTR and ESTR
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If linearity is rejected next we must test for tmest appropriate form of transition function (eithe
logistic or exponentialj. The selection between LSTR and ESTR models ischas the following

series of nested F tests.

H3:p3=0 (6)
H2:B2=0|p3 =0 (7)
H1:B1=0|p2=p3=0 (8)

Accepting (6) and rejecting (7) implies selecting BSTR model. Accepting both (6) and (7) and
rejecting (8) leads to an LSTR model as well agjection of (6).

INSERT EXHIBIT 7 HERE

The results of these hypothesis tests are presemtxhibit 7. The tests indicate that both the on
month lag of the S&P500 and the Small Cap spreaduaitable transition variablésAs the P-value
is lower we choose the Small Cap Spread. Withréfection of (6) the nested hypothesis tests point

towards the choice of an LSTR specification.
INSERT EXHIBIT 8 HERE

Exhibit 8 illustrates the estimated transition fiioie for the model. The left hand panel plots the
transition function against time and the right hgrahel plots the transition function against the
transition variableSCLC When the size spread is less than zero, apgrapeb%, the transition

function is equal to zero and DSB returns are glwen
Ve = @y + BT S&P; + BFCLCSCLC, + e, 9)

whereas when the size spread is greater than pproaching +2%, the transition function is equal to

1 and DSB returns are given by
Ve = (a1 + @) + (BFF+B57)S&P, + (BECHC+B5HC)SCLC, + e (10)

Between +2% the transition function lies betweean@ 1 and DSB returns are explained partially by
(9) and (10). We can see in Panel A that the mave: between the regimes is relatively evenly

spread throughout the sample.

INSERT EXHIBIT 9 HERE

* Details of the difference between the LSTR and E&¥Rlels are provided in the appendix.
® We conducted this test for each candidate fortttuesition variable drawing at lags from 1 to 8or Both
variables lag 1 was the most significant.
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The estimated coefficients are reported in exHbitThe first column present the total risk in each
regime:a,, B andBF¢L¢, when the one month lags of the size spread ssthem -2%; anda; +
ay), (BEF + B3F) and (BLC + B5CLC), when it is greater than +2%. The second colunesents

the change in risk from moving from one regime mothera,, 57 andp5c¢. The third column

displays corresponding T-Stats while the adjustei$ Reported in column four.

The results indicate that hedge fund managers tna@atest short exposure when the one month lag of
small cap spread is less than -2%. When the girasein this regime, alpha is significantly pogiti

(+44 basis points per month). When the one mamghoff the small cap spread is greater than this
level, managers begin reducing short exposure timéhches a minimum, when the small cap spread

is greater than + 2%, at which point alpha is closzero (-13 basis points per month).

The results from estimating the nonlinear LSTR nhoslgpport earlier findings of hedge fund
manager skill. Following a month of positive retsion the small cap spread, managers reduce short
exposure. In this regime alpha is zero. Whensthall cap spread is negative, in the prior month,
managers actively increase short positions an@lisnregime they earn positive annualized alpha of
5.4%.

Conclusion

Having examined the performance of DSB hedge funds$etail we report a number of interesting
findings. As expected DSB hedge funds are a maorce of diversification for investors. This is
due mainly to the fact that they exhibit negatixpasure to standard equity factors. Academics often
advocate the diversification qualities associatath wihe hedge fund industry and their lack of
correlation with standard asset classes (see fonpbkes Fung and Hsieh [1997], [2001], Mitchell and
Pulvino [2001] and Agarwal and Naik [2004]). Howe\t has also been noted that in periods of
market instability or market downturns hedge fuadd the performance of other asset classes such as
mutual funds become positively correlated. Thisdsthe case for DSB hedge funds. Therefore they
offer diversification benefits when incorporatedoirinvestors’ overall portfolio of assets. Another
interesting observation related to DSB hedge fusdsat they exhibit a number of unusual (for hedge
funds) statistical characteristics. We find noogotrelation and positive skewness on average tin ou
DSB hedge funds return series. The lack of autetation simplifies the analysis of performance as
we do need to unsmooth returns (Getmansky et ad420whereas the positive skewness has

important implications for investors as it can iy the overall statistical properties of portfslio

However, by far the most interesting finding reigtto DSB hedge fund strategies is their ability to
produce alpha. Conventional wisdom suggests ti& Bedge fund managers are skilful investors.
Looking at their risk return profile (limited upsgideturn and theoretically unlimited downside risk)

advocates of DSB hedge funds have argued thatrtosmgh a strategy the manager must have
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considerable skill. We find that a fully specifisabdel which includes risk factors designed to cagtu
traditional and alternative risk results leads finding of statistically significant alpha. Ounding
of alpha is robust to less than favourable tradimgdition. This means that DSB hedge funds are an

efficient mechanism for investors to manage dowasiguity market risk.

Prior literature stresses the importance of takig account the option-like feature inherent iclde
funds when analysing their returns. We find timathie case of DSB hedge funds nonlinearity can be
addressed by measuring the performance of theegjyratsing a long position in an ATM put option
as a risk factor. We observed that the short geliinategy can be well replicated by our put option
model, and that this model can serves as a benkmgaool to measure the performance of the fund

managers.

In our final analysis, we allow for time variatidn DSB risk exposure using a LSTR model
specification. The results indicate that DSB mamnaglo vary risk exposure in response to changes in
market conditions and the risk exposure and alpmaamagers is highest when the small cap spread is
less than minus 2%. As the small cap spread mabese this level risk exposure and alpha

decreases.

DSB hedge funds are unique investment vehicless amigth a risk/return profile, statistical
characteristics and alpha producing qualities gpecific to them. However if correctly incorpotcte
into investors’ portfolio of assets the unique mataf DSB hedge funds, their ability to producehalp
and their unique statistical characteristics cootdexploited to improve the returns of investors’

overall portfolios.
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Appendix: ESTR and LSTR Specifications

Consider the following nonlinear model.

Ve =a'x + B'x.f(z) + e

Wherea' = (ay, ..., a;), 8" = (Bo, ---, Bt), X IS @ matrix of risk factors and the variabdgis the
transition variable. If (z,) is a smooth continuous function the risk factafioients will change
smoothly along with values af. The two particularly useful forms of the STR mbithat allow for a

varying degree of transition are the LSTR (LogiSIiER) and ESTR (Exponential-STR) models.

Choosingf(z;) = [1 + exp(—y(z; — ¢))]™* yields the logistic STR (LSTR) model wherés the
smoothness parameter (i.e. the slope of the trangitnction) and c is the threshold. In the liansty
approaches zero or infinity, the LSTAR model becemdinear model since the valuefit,) is
constant. For intermediate valuesypthe degree of decay depends upon the valag éfs z;
approachess, 6 approaches 0 and the behaviouyofs given byy, = a’x; + e;. Asz, approaches

+o0, 0 approaches 1 and the behaviouypfs given byy, = (¢’ + 8 )x; + e;

Choosingf(z;) = 1 — exp(—y(z; — ¢)?) yields the exponential STAR (ESTAR) model. For the
ESTAR model, ag approaches infinity or zero the model becomeseati model ag(z,) becomes
constant. Otherwise the model displays nonlinebaeur. It is important to note that the
coefficients for the ESTAR model are symmetric abg, = c. Asz; approaches ¢,(z;)approaches
0 and the behaviour ¢4 is given byy, = a'x; + e;. As z, moves further from @& approaches 1 and

the behaviour of, is given byy, = (a’' + B')x; + e;.
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Exhibit 1

Descriptive Statistics of DSB Hedge Fund Series (34-2008)

Fund 1-18 Fund 19 - 35
Fund p o SR Skew Kurt Fund 0 SR Skew  Kurt
1 0.0057* 0.03 0.25 0.12 -0.30 19 0.0088** 0.04 0.56 -0.02 0.49
2 0.0016 0.03 -0.18 0.84 2.28 20 -0.0097 0.15 -0.30 0.35 5.69
3 0.0020 0.07 -0.06 0.26 1.12 21 0.0061 0.10 0.10 -0.07 7.11
4 0.0290* 0.08 1.19 0.86 0.48 22 -0.0048 0.09 -0.31 0.58 0.76
5 0.0057 0.04 0.24 0.53 -0.80 23 0.0063 0.12 0.09 -0.11 9.58
6 0.0031 0.04 -0.01 0.62 0.51 24 0.0075*** 0.02 0.63 0.67 1.26
7  0.0075 0.05 0.32 0.65 -0.35 25 0.0013 0.02 -0.29 -1.00 0.88
8 0.0126 004 0.75 049 121 26 0.0148 0.17 0.24 0.27 -0.38
9 0.0056** 0.02 0.49 -0.87 0.70 27 -0.0071 0.06 -0.59 0.12 1.27
10 0.0218* 0.05 1.34 049 -0.27 28 0.0041 0.07 0.05 -0.18 1.84
11  0.0485*** 0.08 2.02 0.92 0.10 29 -0.0020 0.09 -0.21 0.42 0.19
12 0.0082 0.05 0.34-0.24 0.89 30 -0.0005 0.04 -0.34 0.76 2.66
13 0.0149 0.04 1.12-0.39 -0.54 31 0.0039 0.06 0.04 -0.02 1.68
14  -0.0060 0.08 -0.41 1.25 3.58 32 -0.0173*  0.06 -1.25 -0.08 -0.71
15 0.0020 0.04 -0.11 0.84 2.64 33 0.0076 0.04 0.39 122 205
16  -0.0022 0.13 -0.15 0.28 0.31 34 0.0092** 0.02 0.89 015 141
17  0.0067 0.07 0.18 0.62 1.05 35 0.0044 0.03 0.15 0.14 -041
18 0.0041 0.07 0.04 0.61 1.02 Average 0.0058 0.06 0.21 0.32 1.40

This table reports the descriptive statistics eftthirty five hedge funds included in the samgfer each fungk

is the mean monthly retura,is the standard deviation of the returns, SRésSharpe ratio of the fund, Skew is

the skewness of the funds return distribution and ks the kurtosis of the funds return distribatié**,** and
* indicate significance at the 1%, 5% and 10% leespectively

17



Exhibit 2

Average Autocorrelation of Individual DSB Hedge Fuml Series (1994-2008)

Fund 1 -18 Fund 19 - 35
Fund LB pvalue Fund LB pvalue
1 0.046** 19 0.431
2 0.387 20 0.524
3 0.657 21 0.057*
4 0.754 22 0.514
5 0.723 23 0.037**
6 0.835 24 0.210
7 0.885 25 0.498
8 0.714 26 0.276
9 0.076* 27 0.952
10 0.022** 28 0.179
11 0.046** 29 0.094*
12 0.056* 30 0.049**
13 0.800 31 0.545
14 0.749 32 0.226
15 0.718 33 0.599
16 0.524 34 0.106
17 0.028** 35 0.472
18 0.702 Average 0.414

This table reports the p-values of the Ljung-Best fer first order autocorrelation up to a lagwétve. The LB
P-values are at an= 0.05 level of significance. ***** and * indicatsignificance at the 1%, 5% and 10% level
respectively.
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Exhibit 3

Results of Factor Modelling for DSB Hedge Funds Sategy (1994 -2008)

Model Specification Asset Class Factors Coefficignt-Stat Adj R2
Fung and Hsieh Factors S&P 500 -0.9146** | -20.51 | 74.40%
Small Cap Spread -0.5288*** -9.62
Alpha 0.0012 0.62
Put Option Factor Put Opt 1.7912== | 1451 | 53.90%
Alpha 0.0100%* | 3.79
Combined Factor Model Put Opt 0.6628*** 3.93 76.30%
S&P 500 -0.6414*** -7.85
Small Cap Spread -0.5348** | -10.12
Alpha 0.0043* | 2.13

This table reports results from estimating threedr factor model specifications for the equallyghiteed DSB
hedge fund portfolio from January 1994 to Decenft@d8. *** ** and * indicate significance at the 1%%
and 10% level respectively.
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Exhibit 4

Descriptive Statistics of Put Option Risk Factor (994-2008)

Variable 0 o Skew Kurt LB pval
Put Option 0.0208 0.0208 1.22 5.26 0.4103

This table reports summary statistics for the mitom risk factor. For the put option risk factoiis the mean
monthly return,c is the standard deviation of the returns, Skeuwhés skewness of the risk factor's return
distribution and Kurt is the kurtosis of risk facereturn distribution. *** ** and * indicate sigficance at the
1%, 5% and 10% level respectively
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Exhibit 5

DSB Hedge Fund Returns vs. Put Option Risk Factor
Returns 1994 -2008
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Exhibit 6

Pre and post credit crisis results

Model Specification Asset Class Factors Coefficient T-Stat Adj R
Time period: Pre Credit Crisis  Put Opt 0.5645**F 03. 78.60%
Combined Factors S&P 500 -0.7841**F -8.14

Small Cap Spread -0.5865** -11.02

Alpha 0.0048** 2.33
Time period: Post Credit CrisisPut Opt 0.1847 0.56 77.80%
Combined Factors S&P 500 -0.5572*%*F -4.10

Small Cap Spread -0.1708 -0.96

Alpha 0.0037 0.75

This table reports results from estimating the cioietb factor model for the equally weighted DSB hefignd
portfolio from January 1994 to December 2006 anaudey 2007 to December 2008. *** ** and * indicate

significance at the 1%, 5% and 10% level respelgtive
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Exhibit 7

Hypothesis tests to choose STR Model and transitidanction

Delay Ho H; H, Hs

Panel A: S&P500
1 0.0037 0.0006 0.8541 0.1126

Panel B: Small Cap Spread
1 0.0000 0.0034 0.0001 0.0674

This table reports P-Values for the STR hypothtesits. H is a test for non-linearity. H1H, and H are tests
for choosing between the LSTR and ESTR specifioatio
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Exhibit 8

Transition function for the smooth transition reggien model

Panel A: Transition Function / Time Plot Panel B: Transition Function / SCLC Plot
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The left hand panel plots the transition functi®) against time. Right hand panel pl&ig) against the
transition variable; for the DSB series.
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Exhibit 9

Results from estimating STR model for DSB equalgivesd series

Model Specification Asset Class Factors Coefficient | ACoeff T-Stat Adj R2
Smoothing Coefficient 280.05* 1.84 75.93%
Regime 1
Small Cap Spread <0 S&P 500 -0.996571** -18.65
Small Cap Spread -0.7704*%* -11.89
Alpha 0.0044** 2.22
Regime 2
Small Cap Spread >0 S&P 500 -0.852p 0.144Q** 2.07
Small Cap Spread -0.3603 0.4101*7* 4.62
Alpha -0.0013 -0.0057* -1.88

This table reports results from estimating the LSW8del for the equally weighted DSB hedge fund fobat
from January 1994 to December 2008. ***** and *dicate significance at the 1%, 5% and 10% level

respectively.
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