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und of Hedge Funds Environment

 FoHFs are hedge funds that invest in other hedge
funds

— 20 to 30 portfolios of hedge funds
— Typical portfolio size is 30 funds
 Hedge fund universe is large: 5000 live fu
— Segmented into 10-15 distinct strategy types

 Hedge funds voluntarily report monthly performance
to commercial databases

— Altvest, CISDM, HedgeFund.net, Lipper TASS,
CS/Tremont, HFR

 Limited transparency Iis typical but that is changpgi
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Hedge Fund Universe

Livefunds

m Convertible Arbitrage

® Dedicated Short Bias

® Emerging Markets

® Equity Market Neutr:

= Event Driven

® Fixed Income Arbitrage

= Global Macro

= Long/Short Equity Hedge
Managed Futures

= Multi-Strategy

d:und of Fu@
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Risk Measurement and Management

o Quantify exposures to risk drivers

— Equity, rates, credit, volatility, currency,
commodity, strategy, etc.

e Quantify fund and portfolio risk

— Return standard deviation, value-at-risk (YaR
expected tail loss (ETL)

* Perform risk decomposition

— Contribution of risk factors, contribution of
constituent funds to portfolio risk

e Stress testing and scenario analysis
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allenges of Hedge Fund Return Da

* Reporting biases
— Survivorship, backfill

e Non-normal behavior

— Asymmetry skewnes) and fat tails (exces
kurtosis)

e Serial correlation
— Performance smoothing, illiquid positions

 Small sample sizes
 Unequal histories
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Hedge Fund Data: Characteristics

fundl fund2 fund3 fund4 f und5

Cbservati ons 122. 0000 107. 0000 135. 0000 135.0000 135.0000
NAs 13. 0000 28. 0000 0. 0000 0. 0000 0. 0000
M ni num -0.0842 -0.3649 -0.0519 -0.1556 -0.2900
Quartile 1 -0.0016 -0.0051 0.0020 -0.0017 -0.0021
Medi an 0. 0058 0. 0046 0. 0060 0. 0073 0. 0049
Arithneti c Mean 0.0038 -0.0017 0. 0063 0. 0059 0. 0021
Geonetric Mean 0. 0037 -0.0029 0. 0062 0. 0055 0. 0014
Quartile 3 0. 0158 0. 0129 0. 0127 0. 0157 0. 0127
Maxi mum 0. 0311 0. 0861 0. 0502 0.0762 0. 0877
Vari ance 0. 0003 0. 0020 0. 0002 0. 0008 0. 0013
St dev 0.0176 0. 0443 0. 0152 0. 0275 0. 0357
Skewness -1. 7753 -5.6202 -0.8810 -2.4839 -4.9948
Kurt osi s 5.2887 40.9681 3.7960 13.8201 35.8623
Rhol 0. 6060 0. 3820 0. 3590 0. 4400 0. 383

Sample: January 1998 — March 2009
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edge Fund Data: Unequal Histories
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Fund Level Linear Factor Model
Re =@ + BiFy +-- + B Fe + &,

=a; +BF +¢&,
1=1....,n;t=t ... T
Ft~ ("F’ZF)
it ~ (O1J§,i)

cov(F,,s.)= 0 forall ,i ,s and

jit ™I
cov(g, £ )= 0fori # | s and
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Performance Attribution

E[R.]=a, + G,E[F,]+--+ B E[F,]

Expected return due to systematic “beta” exposure

IgilE[Flt] e +18ikE[Fkt]

Expected return due to manager specific “alpha”

a;, = E[Rt] _(lgilE[Flt] —-E ikE[Fkt])
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Factor Model Covariance
R, =a+BF+e,

n><1 nx1  nxk k><1 n><1
var(R )=X., =BX_B'+D,
H dlag( gl Ezn)

Note: cov(R,,R,)=B; varG B, =B X.B.
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Portfolio Linear Factor Model
w=(W,...,w ) = portfolio weight

»w=1,w=0fori=1..n
1=1
R:=WR,=wa+wWBF +W's,

:iV\/iF\')t :iVVIa, +iVV|B|'Ft +ivvi€it
= =1 i=1 =1

=a, tB,R &,
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Factor Structure

 Traditional Market Factors

— Tradable indices that measure broad asset class
performance of equity, rates, credit, commodities
and currency. Factor is excess return on index.

— Tradable market factors that measure -asse
class biases

o Geography, Sector, Style, Capitalization, Credit Quality,
Capital Structure, Yield Curve Shape

 Hedge Fund Specific (“Exotic”) Factors

— Tradable factors that capture performance of
passive investment strategies utilized by hedge
fu ndS © Eric Zivot 2011




Practical Considerations

 Many potential risk factors ( > 50)

* High collinearity among some factors

* Risk factors vary across discipline/strategy
* Nonlinear effects

 Dynamic (lagged) effects

* Factor sensitivities change over time

« Common histories for factors; unequal
histories for fund performance
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Estimation Methodology

e Choice of Factor Set
— Statistical variable selection/Data mining tecleis)
— Qualitative/subjective selection of factors
— Hybrid approach

e Estimation techniqgt
— OLS on full sample
— Rolling regression
— Regression on exponentially weighted data
— Kalman filter

* Use proxy models for funds with short history
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actor Model Fit: Example Fund
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Risk Measures
Return Standard Deviatio&D, aka active risk)

o=D(R)=(PLB+77)

Value-al-Risk (VaR)
VaR =q, =F(a), 0.0 a < 0.1(
F =CDF of returnR
Expected Tail LossHTL)

ETL, =E[R | R <VaR,]
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Risk Measures

= 5% ETL 5% VaR

E\

-0.15 -0.10 -0.05 0.00 0.05

Returns
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all Risk Measures: NeiNormal
Distributions

 Hedge fund returns are typically non-normal

 Many possible univariate non-normal
distributions

— Student’-t, skewert, generalized hyperboli
GramCharlier, a-stable, generalized Pareto, etc.

e Need multivariate non-normal distributions for
portfolio analysis.

« Small samples and unequal histories make
multivariate modeling difficult
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Factor Model Monte Carlo (FMMC)

o Use fitted factor model to simulate pseudo
hedge fund return data preserving empirical
characteristics of risk factors and residuals

— Usefull data for factors anwunequal history for
funds to deal with missing data

e Estimate talil risk and related measures non-
parametrically from simulated return data
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FMMC: Unequal Histories

Risk factors Fund performance
|:1,T === |:k T IQl,T IQn,T
|:1,T S |:k,T -T, Rl,T -T,
: Rn,T -T,
SN = \
Observe full history Observe partial histories
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Simulation Algorithm

SimulateB values of the risk factors by re-sampling
from full sample empirical distribution:

{F, ... . Fa}

 SimulateB values of the factor model residuals from
fitted nor-normal distributior

NS TS =th
e Create factor model returns from factor models¥er

truncated samples, simulated factor variables drawn
from full sample and simulated residuals:

R =G +pF +&,t=1...Bji=1..n

it?
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hat to do with{r}__{r}  {&]} ..

t=1" t=1

« Backfill missing fund performance

 Compute fund and portfolio performance
measures (e.g., Sharpe ratios)

o Computenon-parametric estimates of funi
and portfolio tail risk measures

« Computenon-parametric estimates of fund
and factor contributions to portfolio tall risk
measures

© Eric Zivot 2009
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Factor Risk Budgeting

Given linear factor model for fund or portfolio uens,

R=a+pF +&=a+pF +0,xz =a+PpF,
B=@,0)F=F.z)z~(01

D, VaR andETL are linearly homogenous functions

of factor sensitivitiesg§ . Euler’s theorereg
additive decomposition
k+1
RM (B) = Z B ORM (B) , RM =D, VaR_, ETL,

i

|
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Factor Contributions to Risk

Marginal Contributionto ~ dRM (B)

Risk of facton: 05,
Contribution to Ris} il ORM (B)
- J

of factorj: 05,

Percent Contribution to Ris}kg- ORM (B)
j

= RM (P
of factorj: 05, (B)
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Factor Taill Risk Contributions

ForRM = VaR, ETL it can be shown that

0VaR, ()
o8

OETL, (B)
o

=E[F,|R=VaR ], j=1... k+1

= E[Ifjt |IR<VaR ], ] =1... k+1

Notes:
1. Intuitive interpretations as stress loss scenario
2. Analytic results are available under normality
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Semi-Parametric Estimation

Factor Model Monte Carlo semi-parametric
estimates

B

IR IR =VeR 1= > F, I{VeR, ~#<R <VeR +4

t=1

l

VaR ] :ﬁ t: F. R <VaR |

I\

HF. IR
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Risk factor returns when fund return <
2000

1998
Factor marginal contribution
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Portfolio Risk Budgeting

Given portfolio returns,
R, =WR, => WR
=1

D, VaR andETL are linearly homogenous functio
of portfolio weightsw. Euler’s theorem gives
additive decomposition

AR ZW IRM (W)

 RM =D, VaR_, ETL,
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und Contributions to Portfolio Risk

Marginal Contributionto  dRM (w)

Risk of fundi: ow,

— = | 0RM (w)
Contribution to Ris} 1
of fundi: |

Percent Contribution to Risk 1 ORM (w)
of fundi: " ow

RM (w)
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Portfolio Tall Risk Contributions

ForRM = VaR, ETL it can be shown that

avﬁ(\/v) =HR|R,, =VaR,(w)], i=1...,n
aEl;_;\,{(W) =ER R, <VaR W)], i =1...,n

Note: Analytic results are available under normyalit
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Semi-Parametric Estimation

Factor Model Monte Carlo semi-parametric
estimates

IR R, =VeR (W)=Y R TVeR ()£ <R, <\eR () +4

ARIRSVR W= o> R I{R, VR )
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FoHF Portfolio Returns and 5% VVaR Violations

5060 VaR Index

Constituant fund returns when FoHF returns <= 5% VaR
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xample FoHHRPortfolio Analysis

« Equally weighted portfolio of 12 large hedge
funds

o Strategy disciplines: 3 long-short equity ¢(E},
3 event driven mul-stra (EV-MS), 3 directior
trading (DT), 3 relative value (RV)

e Factor universe: 52 potential risk factors

* R of factor model for portfolie: 75%, average
R? of factor models for individual hedge furrds
45%
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FMMC FoHF Returns

Oy = 1.42%
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Factor Group % Contribution to Risk

Factor Risk Contributions

EWMA standard deviation

standard deviation

Expected Tail Loss

-20%

Factor Group

Il Equity

B Rates

Il Credit

B Currency

B Commodity

I strategy - Observable

B Strategy - PCA
Specific

5td Dev

46.3%
-1.8%
16.3%
-3.4%
4.8%
-0.5%
12.8%
25.5%
© Eric Zivot 2011

5td Dev

40.7%
-0.8%
9.4%
-1.0%
3.8%
0.3%
18.3%
29.3%

100%

Expected
Tail Loss
5d.8%
-2.0%
18.6%
-2.0%
5.6%
-B.1%
22.7%
7.3%



EWMA standard deviation

Standard deviation

Expected Tail Loss

Hedge Fund Risk Contributions

op & Programs by % Expected Tail Loss

Capital
Mlocation

Fund 3: L5-E
Fund 1: LS-E
Fund 4: EV-M5
Fund 9: DT-M
Fund 5: EV-M5
Fund 7: DT-M
Fund 6: EV-M5
Fund 12: BV-M5
Other

8.3%
8.3%
8.3%
8.3%
8.3%
8.3%
8.3%
8.3%
33.3%
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60% B0% 100%
EWMA SO S0 ETL
Contribution Contribution Contribution
23.5% 25.4% 24.9%
17.1% 15.7% 17.1%
12.1% 9.0% 15.1%
8.5% 9.2% 8.4%
6.3% 5.5% 8.1%
3.3% b6.4% 6.5%
12.4% 13.3% 6.3%
4.5% 4.4% 6.0
12.1% 11.1% 7.6%



Hedge Fund Risk Contribution

Tope 5 Programs by Lowvwest Marginal EWAMA Standarrd Deviation
Capital
Alloscation

Fund 11: R%W-R 2.3 0. 5%
Fund Z: L5-E S.5% 0.3
Fund 7= FT-M =S5 1
Fund 8: XT-F 2.5 1.1%=
Fund 1{: R%W-RS S.5% 1.2
Top 5 Programs by Lowest Marginal Standarrd Ceewiation
Capital
Alloscation
Fund Z: L5-E S.5% 0. 5%
Fund 11: R%-R =S5 0. 55%
Fund 10: BRW-kS S.5% 0.3
Fund 8: FT-F =S5 1. 25%
Fund 1Z: BR%W-/S S.5% 1.2%
Top &5 Programs by Lowest Marginal Epected Tail Loss
Capital Maginal

Frogranm Alocation ETL
Fund 8: O'T-F S.5% -0 83
Fund Z2: L%-E =S5 1.55%
Fund 11: R%-R S.5% 1.5%
Fund 10: R%W-/MMS =S5 2 rE
Fund 1Z: BR%W-/S S.5% 3.5=
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Summary and Conclusions

* Factor models for asset returns are widely used
In academic research and industry practice and
are well suited to modeling hedge fund returns

e Tall risk measurement and managemer
hedge fund portfolios poses unigue challenges
that can be overcome using Factor Model
Monte Carlo methods
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