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Abstract

With hedge funds, issues such as finding common factors that de-

fine alternative strategies or the tracking of hedge funds have been

discussed more or less recently in the financial literature. We propose

here the use of recent developments in estimation of factor models

to unveil the five latent (unobservable) "strategies" that underlie the

performance of the hedge fund industry. We use the comprehensive

TASS database, and perform our analysis without prior separation of

the hedge funds into subgroups. This is done by estimating latent

factors which represent de hedge fund indices associated to each of

these "strategies".

Finsrisk keywords: FE, PM, X
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1 Introduction

Investment in hedge funds (HF) is nowadays a widely accepted strategy for

portfolio diversification. Indeed, HF manage over $2 trillion in assets world-

wide (Institutional Investor Hedge Fund Daily March 2007). The total net

inflows into HF in 2006 exceeded USD 126 billion. Individuals but also pen-

sion funds and other institutional investors located both within the U.S. and

abroad are increasing their allocations to HF. The total number of HF and

funds of HF is approaching 10,000 showing an increase of about 9% over

2006, see also e.g. Whitelaw and Banerjee (2007). The analysis of the role of

HF within investment processes is therefore an important task. A substantial

part of the academic research has been oriented towards the development of

linear and then nonlinear factor models (based on Sharpe 1992, see also Fama

and French 1993) for then the tracking and replication of HF results; see e.g.

Fung and Hsieh (1997), Fung and Hsieh (2001), Lhabitant (2001), Brown

and Goetzmann (2003), Agarwal and Naik (2004) Kat and Palaro (2006),

Kat (2007), Fung and Hsieh (2007), Hasanhodzic and Lo (2007). The factor

models assume the existence of a given number of systematic factors, also

called asset classes. Based on Sharpe (1992) theory, they are constructed

exogenously from the HF returns to represent asset classes such as equity,

bond, currency and cash classes. More recently, Goltz, Martellini, and Vais-
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sié (2007) propose to build common factors within the HF database itself

following the concept of factor replicating portfolios (see e.g. Hubermann,

Kandel, and Stambaugh 1987). These common factors correspond to the

benchmark-style indices in Glosten and Jagannathan (1994) and the style

factors in Fung and Hsieh (1997). The aim is among others to increase the

correlation between the HF returns and the common factors and eventually

track the common factors with a linear combination of a minimal number of

investable HF. This is done by performing a principal component analysis

(PCA) on subsets of HF that follow the same “official” strategy and retaining

the first principal component as the common factor (see also Fung and Hsieh

2001).

Our paper goes along these lines and aims at providing a quantitative

method for HF classification based on implicit factors. These factors could

then be interpreted as HF style or simply used to classify HF into different

and relatively independent groups of HF similar in terms of their risk and

performance. Following Goltz, Martellini, and Vaissié (2007), the factors can

then in principle be used to form a portfolio of a small number of HF in

the same group that is most correlated with the factor and hence making

the resulting procedure applicable in practice (i.e. the resulting portfolios

which are actually simplified factors become investable and even more easily

trackable). However, instead of extracting each factor separately from each
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subset of HF having the same “official” strategy, we propose to let the data

to speak for themselves and construct factors without prior knowledge of the

HF group, neither their number, nor their composition. In other words, and

as it will be explained below, the factors are constructed simultaneously from

the whole database of available HF returns. This guaranties independence

between the factors and avoids biases due to HF that might be associated

with a given “official” strategy but behaves (in terms of risk and performance)

more similarly to HF associated to another “official” strategy.

This can only be done using recent statistical methods based on the con-

cept of latent variable modeling that extends PCA. Indeed PCA is based on

the correlation matrix of all HF returns that must satisfy some mathematical

properties (definite positive). These properties cannot be satisfied when the

number of HF is larger than the number of returns per HF, which is the case

if one considers all possible HF at once. We actually use a database with

1016 HF over a 30 month period. With the proposed method, we are able to

construct independent factors, determine their number so that each HF can

be associated to the “nearest” factor that can be here interpreted as a latent

(hence unknown) strategy, and consequently classified into a group “inde-

pendent” from the others from which for example optimal portfolios can be

constructed. Since our aim is to provide a methodology for a classification

method, a comparison will be made with other classifications proposed sofar
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for HF. This will reveal that the approach used here outperforms the others

in terms of classical classification error indicators.

For this study, we have considered the Lipper TASS live database which

is made of the past monthly returns of 3408 funds. The TASS data is recog-

nized as the most accurate and comprehensive HF database available today.

The TASS R° Research Database, which lists in excess of 7,000 funds and

managers, provides information on a global and extensive range of alterna-

tive investment funds and managers. The latest returns we used were the

ones of April 2005. In order to ensure uniformity of treatment between HF,

the raw data have been slightly standardized in the following ways:

• The fund of funds, the funds with less than 31 monthly NAVs as well

as one fund in BRL (i.e. Brazilian real) have been dropped. The

remaining funds amount to a total of 1413.

• All non-USD return series have been fully hedged in USD

• Since the data analyses we perform are sensitive to extreme returns

(influential observations), we chose to keep only the funds whose stan-

dardized monthly return1 are smaller or equal to 4 in absolute value.

The remaining funds amount to a total of 1016 which represents 72% of

1We standardized the returns by means of medians and median absolute deviations
(MAD). See the appendix 7.1 for details.
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1413. Other choices for the limiting value of 4 have also been considered

(see later).

2 Latent variable modeling

Classically, when faced to a set of correlated variables from which one aims at

constructing another (smaller) set of uncorrelated variables so that from the

later one can reconstruct the former (the original variables) with a minimal

loss of information, one can use alternatively two well known statistical meth-

ods, namely principal component analysis (PCA) or factor analysis (FA)2.

The advantage of such methods is that the information contained in the orig-

inal set of (observed) variables is reduced with a minimal loss of information

into a smaller set of independent (latent) variables. The later can then be

used for different purposes such as HF indices and/or classification of the

original variables into groups.

Let y(j)t be the return of fund j at time t, with j = 1, . . . , N and t =

1, . . . , T , and yt =
³
y
(1)
t , . . . , y

(N)
t

´T
the vector of returns of all N funds at

time t. PCA and FA are statistical methods both based on the covariance

matrix of the returns, i.e.

Σ = cov (y)

2For a technical presentation of these methods, see the appendices 7.2 and 7.3.
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which is estimated from the observed returns yt, t = 1, . . . , T . Since Σ is

a covariance matrix, it is by definition positive definite. A consequence is

that it needs to be of full rank, or in other words one can invert it, i.e. Σ−1

exists. When it is estimated from the data, in order to achieve a full rank

matrix, T has to be larger than N , sometimes a lot larger. In our situation

(N = 1016), as in most situations, this is not the case and hence PCA and

FA cannot be used. In practice however, one could use modified covariance

matrices estimates: the estimated covariance matrix is transformed so that

it can be inverted. The consequence of this procedure is that it can lead to

more or less severely biased analysis, the bias being more severe when the

gap between N and T is larger.

We propose here an approach based on the FA model but with an esti-

mation method that doesn’t imply the estimation of the covariance matrix.

The model is given in the appendix 7.3 at equation (1) and the following

hypotheses. The resulting estimator is an (approximated) maximum likeli-

hood estimator, called Laplace Approximated Maximum Likelihood Estimator

(LAMLE) which has been developed in Huber, Ronchetti, and Victoria-Feser

(2004)3. It uses a so-called Laplace approximation to approximate the log-

3In fact the results in Huber, Ronchetti, and Victoria-Feser (2004) are more gener-
ally applicable to generalized FA models, i.e. Generalized Linear Latent Variable Models
(GLLVM), which permit the analysis of non normal manifest variables such as ordinal,
binary, etc. variables.
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likelihood function and hence indirectly avoid the prior estimation of the

covariance matrix of the manifest variables. The formulation of the Laplace

approximated log-likelihood function is given in the appendix 7.4.

3 Construction of the latent strategies from

the TASS database

We use the FA model with the LAMLE to determine the different indepen-

dent latent variables (or latent factors) that form the basis of the observed

returns. These independent latent factors can then interpreted as underlying

strategies and used to classify the HF into different groups. The estimated

latent factors can also be used as HF indices for the underlying strategies.

The first step in the analysis is the determination of the most appropriate

model in terms of the number of the latent factors and in terms of the correct

time length T 4. Given the structure of the problem, i.e. a large number of

manifest variables (N = 1016) and a small number of periods (T <<< N), we

propose here to use a pure data analysis approach which consists in evaluating

4For that purpose, there are different available statisitcal tools. A global measure of
fit is given by the well known Akaike criterion (Akaike 1973) and can be used to compare
different models. No formal test can however be done to directly test the goodness-of-fit of
a model. One can also test the significance of the factor loadings using a standart t-type
test. An estimated model with too many non significant factor laodings would then be
considered as not suitable.
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the stability of the different models over different (overlapping) periods. That

is, given a number of latent factors Q, the model is estimated for a chosen

T , then estimated again by rolling back in time, i.e. starting for example

3 month earlier and finishing at T − 3, etc. We use the same procedure

for choosing the appropriate time length T , which should be a compromise

between the stability of the results and the length that should not be too

long for practical reasons. The criterion used to measure the stability is the

correlation of the latent scores estimated by the model over different periods5.

Indeed, since the latent factors need to be estimated from the data (so that

their values depend on the chosen sample) and since they constitute the

central information in that they will be used to classify the HF, if they are

found stable (i.e. the estimates are highly correlated) then we will conclude

that the model is appropriate6.

We also used the same procedure to determine the limiting value (num-

ber of standard deviations, say sigma) outside which a standardized return

is considered as extreme and or influential (see section 1). Here again a com-

promise should be sought between a too low value which will remove too

many HF from the database and a too large value which will leave in the

database influential observations diminishing the stability of the results.

5For deatails, see the appendix 7.5.
6We also checked that given the chosen model, the resulting classification of the HF

into groups remains stable over time (see section 4)
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We formally tested several configurations of T, sigma and Q. For T , we

considered first 24 months and increased the value up to T = 30. We found

that the later value was the best compromise between length and stability.

For the standard deviations and the number of latent factors, we considered

sigma = 3, 4, 5, 6,∞ and Q = 4, 5, 6. Outside these values (i.e. sd < 3 and

Q < 4) the results were very bad. In the appendix 7.6 are shown the detailed

results for all combinations. The study of the stability of the results given by

the correlation between the estimated latent scores show that the appropriate

number of standard deviations is sigma = 4, and the appropriate number of

factors is Q = 5. The results are given in Table 6. This table presents the

results of the following procedure:

1. Fix a value for T, sigma and Q. Let the newest observation be tN

2. Consider the database from which HF with standardized returns ex-

ceeding sigma in absolute value have been removed

3. Estimate the FA model with Q latent factors on this data base for

the dates tN − T to tN . Get the estimated factor scores, say bz(q) =³bz(q)tN−T , . . . , bz(q)tN

´T
, q = 1, . . . , Q.

4. Estimated the FA model with Q latent factors on this data base, this

time for the dates tN−T +r to tN+r. Get the estimated factor scores,
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say bz(q0) = ³bz(q0)tN−T+r, . . . , bz(q0)tN+r

´T
, q0 = 1, . . . , Q.

5. Compute the correlation between bz(q) and bz(q0) on the overlapping pe-
riods, i.e. tN − T to tN − T + r (note that r < 0)

These correlations are reported in Tables 2 to 15, for each factor, for

different tN and for different values of r.

4 Classification of the HF into groups

Given the independent latent factors found previously, we now use them to

classify the HF of the corresponding database on the basis of the correlation

between their returns and the estimated latent scores. A HF will be classified

in group q (q = 1, 2, 3, 4 or 5) if this correlation (in absolute value) is the

largest compared to the ones obtained with the other factors. It should be

noted that this indicator (correlation between return and latent scores) is

also used by other researchers to classify HF, construct indexes or portfolios

of HF (see e.g. Fung and Hsieh 1997, Martinelli, Vaissié, and Goltz 2004)

Using this indicator as a criteria, we were able to classify all HF in one of

the 5 groups (this classification is available from the authors upon request).

It should be noted that we also tried other classification methods such as

the classical cluster analysis. Unfortunately, this method lead to ill defined
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groups in the sense than one group was made of 99% of the HF and the others

contained each only a few HF. One explanation for this relatively bad result

lies in particular in the fact that cluster analysis is a stepwise procedure and

hence doesn’t look at all possible groups (not optimal).

Other classifications can be found by considering HF indices provided in

the market. Indeed, the HF in our database can be classified into different

groups (i.e. corresponding to the different indices given by the same provider)

using the same criteria we used for our classification, namely the maximal

(in absolute value) correlation with the index. This means that we can

now compare our classification with the ones one would obtain using market

benchmarks given by the different available HF indices. For the later, we

considered to following list7:

• Altvest (12 indices) (see www.investforce.com)

• Dow Jones (4 indices) (see www.djhedgefundindexes.com)

• EACM (13 indices) (see www.eacm.com)

• Hennessee (23 indices) (see www.hennesseegroup.com)

• HFRI (28 indices) (see www.hedgefundresearch.com)

• MSCI Hedge Fund 1 (5 indices) (see www.msci.com/hedge)

7More details are given in the appendix 7.7.
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• MSCI Hedge Fund 2 (3 indices)

• MSCI Hedge Fund 3 (6 indices)

• FTSE (8 indices) (see www.ftse.com)

• EDHEC (12 indices) (see www.edhec-risk.com)

• Tuna (30 indices) (see www.hedgefund.net)

• Barclay (16 indices) (see www.barclaygrp.com)

• CISDM (13 indices) (see cisdm.som.umass.edu)

• VAN (17 indices) (see www.vanhedge.com)

• EuroHedge (9 indices) (see www.hedgefundintelligence.com/eh/indices.htm)

• InvestHedge (6 indices) (see www.hedgefundintelligence.com/ih/indices.htm)

• CS/Tremont (12 indices) (see www.hedgeindex.com)

• CS/Tremont Investable (10 indices)

In order to evaluate the adequacy of our classification, we used two dif-

ferent indicators. One is given by the average of the correlations between

the returns of all pairwise combinations of HF within the same group (see

also Martinelli, Vaissié, and Goltz 2004). This criteria favours classifications

with larger numbers of groups since in the extreme case were the number of
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groups equals the number of HF, the average correlation would be of one.

The other criteria is given by the average of the ratio of the Manhattan dis-

tances between each HF returns and the index of the group and between

each HF returns with the index of the nearest group8. As opposite to the

previous one, this criteria favours classifications that lead to groups that are

really different. This criteria, that we call average silhouette (see also Kauf-

man and Rousseeuw 1990) is positive and a smaller value indicates a better

classification (groups are more distinct). So while the average correlation

measures the homogeneity within groups, the average silhouette measures

the heterogeneity between groups. A good score on both criteria (high on

average correlation and low on average silhouette) is a desirable property for

a good classification.

We calculated the average correlation and average silhouette on our data-

base for our classification (which we call Factors), as well as for the classifica-

tions made by means of the different HF indices cited previously. To be more

precise, the criteria were computed according to the following procedure:

1. For each sets of HF indices, classify the HF of the database in the

group for which the correlation between the HF returns and the index

is the largest one (in absolute value). For our new classification, the

8For a technical explanation, see the appendix 7.8.
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correlation is computed between the HF return and the estimated latent

scores which can indeed be seen as well as indices.

2. For each classification, calculate the average correlation of all pairwise

HF in the same group (average correlation)

3. For each classification, calculate the average silhouette

The average correlations and average silhouette for the different classifi-

cations are given in Table 16. The corresponding graph is given in Figure

1.

On the average correlation, our new classification is among the best ones,

with mainly the classification with a large number of indices (more than 23)

doing better. An exception is given by the CS/Tremont Investable set of

indices. On the average silhouette, our classification is the best one, followed

by the Dow Jones which has only 4 indices. While performing comparably

well with classifications involving a large number of groups (within group

performance), our new classification outperforms the other classifications in

terms of between groups performance.
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Figure 1: Evaluation of HF classifications: Average correlation versus averge
silhouette

5 Conclusion

In this paper, following both rigorous statistical theory and practical data

analysis, we found that the “world” of hedge funds can be reasonably sepa-

rated into five distinct groups corresponding to five different “strategies”. We

have done that without using the prior knowledge on the official strategies

followed by the HF. Our contribution lies mainly in the statistical procedure

that we propose and a further very important issue would be to relate these
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statistical constructs (i.e. the latent factors) to macroeconomic variables or

other financial variables. This would allow one not only to understand the

different strategies, but also, and possibly, to have means to track the HF

indices with either a minimal number of indices, or by means of other types

of investable assets.
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7 Appendix

7.1 Standardization of returns

Let y∗(j)t be the return of fund j at time t, with j = 1, . . . , N and t = 1, . . . , T .

the median absolute deviation (MAD) is given by

MAD
¡
y∗(j)

¢
= mediant

¯̄̄
y
∗(j)
t −mediant

³
y
∗(j)
t

´¯̄̄

Hence the standardized returns are given by

y
(j)
t =

y
∗(j)
t −mediant

³
y
∗(j)
t

´
MAD (y∗(j))

HFwith standardized returns exceeding 4 in absolute value have been dropped

out from the database for reasons of robustness of the results.

7.2 Principal component analysis

PCA transforms the original set of variables into a smaller set of variables

which are linear combinations of the original ones, called principal compo-

nents. The later are such that they account for most of the variance of the

original set. Let u =
¡
u(1), . . . , u(N)

¢T
be a vector of N principal compo-

nents (the reduction to say Q < N principal components is done later); their
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relation with the original variables y =
¡
y(1), . . . , y(N)

¢T
is the following

u(1) = γ10 + γ11y
(1) + . . .+ γ1Ny

(N)

. . .

u(N) = γN0 + γN1y
(1) + . . .+ γNy

(N)

The coefficients (weights) γjq, j = 1, . . . , N, q = 1, . . . , N (
PN

j=1 γ
2
jq =

1,
PN

j=1 γjqγjq0 = 0,∀q, q0) are estimated so that the corresponding principal

components accounts for the largest remaining amount of the total variation

in the data. In other words, u represents another set of (orthogonal) coordi-

nates for the same observations, and the first coordinate u(1) is chosen so that

the projection of the data into this coordinate has the maximal variance, the

projection of the observations into the second coordinate u(2) has the second

maximal variance, etc. The solution is given by the decomposition of the

covariance matrix Σ =cov(y) of the original variables, estimated from the

sample, i.e.

Σ = P∆P T

where ∆ is a diagonal matrix (its elements are called eigenvalues), P is an

orthogonal matrix of order N whose jth column (called eigenvector) is the

vector of coefficients for the jth principal component.
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Since the trace of Σ (i.e. the sum of its diagonal elements, i.e. the sum of

the variances of the original variables) is equal to the sum of the eigenvalues

(the trace of ∆), the later can be used to choose the number of principal

components that suitably represent the original variables without significant

loss of information. Indeed, Q < N principal components can be chosen such

that the explained variance (ratio of the sum of the first Q eigenvalues over

the total sum) is large enough, typically over 80%.

7.3 Factor analysis

FA is basically an extension of PCA that is based upon a statistical model

that links the observed (manifest) variables y =
¡
y(1), . . . , y(N)

¢T
to a set of

latent variables (factors) z =
¡
z(1), . . . , z(Q)

¢T
, Q < N . The model is

y(1) = α10 + α11z
(1) + . . .+ α1Qz

(Q) + ε(1) (1)

. . .

y(N) = αN0 + αN1z
(1) + . . .+ αNQz

(Q) + ε(N)

or

y = α0 + Λz+ ε (2)
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withα0 = (α01, . . . , α0N)
T , Λ = (αjq)j=1,...,N,q=1,...,Q and ε =

¡
ε(1), . . . , ε(N)

¢T
.

Under the FA model, the following important hypotheses are assumed:

• z ∼ N(0;R) with generally R = I, the identity matrix, which means

that the latent variables are independent standard normal variables. R

could be relaxed to a correlation matrix with non null correlations, but

this is not done here.

• ε(j) ∼ N(0;ψj),∀j = 1, . . . , N , which denote a residual error. This

assumption implies that given the latent variables z, the manifest vari-

ables are conditionally independent normal variables.

• cov(z, ε) = 0 which implies that the latent variables and the residual

errors are independent.

The FAmodel can also be written in the following way: y|z ∼N (α0 + Λz;Ψ),

Ψ =diag
¡
ψj

¢
and z ∼ N(0;R). The coefficients α are called the factor load-

ings while the residual variances ψj are called the uniqueness, i.e. the part

of the manifest variable variance not explained by the factor structure.

The estimation of the model’s parameters (α0,Λ and Ψ) is done making

use of the following relationship

var (y) = Σ = ΛRΛT +Ψ
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or

Σ = ΛΛT +Ψ

when R = I. One can use least squares methods, or more generally, the

maximum likelihood method. For the later, the log-likelihood function is

given by (assuming α0 = 0 without loss of generality)

L(Λ,Ψ|y1, . . . ,yT ) = −T
2

£
log (|Σ|) + trace

¡
Σ−1S

¢¤
= −T

2

h
log
¡¯̄
ΛΛT +Ψ

¯̄¢
+ trace

³¡
ΛΛT +Ψ

¢−1
S
´i
(3)

where S is the sample covariance matrix estimated from the (vector of) ob-

servations y1, . . . ,yT .

Once the coefficients have been estimated, it is possible to also estimate

the individual factor scores, using for example the relationship (2), i.e.

bzt = ¡ΛTΨ−1Λ
¢−1

ΛTΨ−1yt

(Bartlett scores).
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7.4 LAMLE of the FA model

To define the LAMLE, one starts by writing the log-likelihood function from

the model defined by y|z ∼ N (α0 + Λz;Ψ), Ψ =diag
¡
ψj

¢
and z ∼ N(0; I)9.

The conditional density of y(j)|z is given by

f(y(j)|z) = 1p
2πψj

exp

½
− 1

2ψj

¡
y(j) − αj0 −αjz

¢2¾
, ∀j

with αj = (αj1, . . . , αjQ). The joint conditional density is simply
NQ
j=1

f(y(j)|z)

because of the conditional independence assumption. Since we do not ob-

serve the latent variables, one has the consider the joint marginal distribu-

tion of the manifest variables and therefore integrate the latent variable out

from the joint conditional distribution, i.e.
R NQ

j=1

f(y(j)|z)h(z)dz with h(z) =
QQ
q=1

1√
2π
exp

n
−1
2

¡
z(q)
¢2o

. The joint marginal distribution is used to define

the log-likelihood function. It contains an integral that is approximated us-

ing the Laplace approximation. The resulting approximated log-likelihood

9The extention to correlated latent variables, i.e. I is replaced by R is relatively
straigntforward but not needed here.
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function is

eL(Λ,Ψ|y1, . . . ,yT ) =
TX
t=1

½
−1
2
log (det (Γ (Λ,Ψ)))− bztbzTt

2
(4)

+
NX
j=1

⎡⎢⎣αjbzt
ψj

µ
y
(j)
t −

αjbzt
2

¶
− 1
2

⎛⎜⎝
³
y
(j)
t

´2
ψj

+ log
¡
2πψj

¢⎞⎟⎠
⎤⎥⎦
⎫⎪⎬⎪⎭

with

Γ (Λ,Ψ) =
NX
j=1

αT
j αj

ψj

+ IQ (5)

bzt = Γ (Λ,Ψ)−1
NX
j=1

1

ψj

³
y
(j)
t − αj0

´
αT
j (6)

Then optimizing (4) under the constraints (5) and (6) defines the LAMLE.

It should be noted, that (6) also implicitly estimates individual latent scores

(see Huber et al. 2004).

The optimization of (4) or indeed (3) doesn’t admit a unique solution, and

therefore a constraint needs to be added to the problem. Actually, one can

see the factor loadings as new coordinates for representing the observations

in a subspace of dimension Q. The different solutions (new coordinates) are

all orthogonal rotations of each other. Therefore, by choosing an appropriate

orthogonal rotation, one can make the solution unique. It is very common in

FA to use the so-called varimax rotation which leads to the solution which

maximizes the variance of the loadings, i.e. providing loadings with the most

25



extreme values (in absolute value), so that the results are more interpretable.

We will use this rotation in our analysis.

7.5 Criteria for evaluating the stability of a model

Even if formal procedures such as Akaike criterion or significance tests exist,

and given the structure of the problem (large N and relatively small T ), we

propose here to evaluate the adequacy of a model by evaluating its stability

over time. To do that, we use as criterion the correlation between the latent

scores estimated by the model over different periods. In other words, let

bz(q) = ³bz(q)1 , . . . , bz(q)T

´T
and bz0(q) = ³bz0(q)1+r, . . . , bz0(q)T+r

´T
be the estimated latent

scores for the qth latent factor when the model is estimated from the sample

yt =
³
y
(1)
t , . . . , y

(N)
t

´T
with respectively t = 1, . . . , T and t = 1+r, . . . , T +r.

In practice, we chose r = −9,−6,−3. The correlation is calculated over the

overlapping periods, i.e.

ρ
(q)
T,r =

1

T − |r|

min(T,T+r)X
t=max(1,1+r)

³bz(q)t − bz(q)M

´³bz0(q)t − bz0(q)M

´
qbz(q)V bz0(q)V

with

bz(q)M =
1

T − |r|

min(T,T+r)X
t=max(1,1+r)

bz(q)t
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the mean of the estimated latent scores, and

bz(q)V =
1

T − |r|− 1

min(T,T+r)X
t=max(1,1+r)

³bz(q)t − bz(q)M

´2

the variance.

7.6 Data analysis results of the determination of the

FA model

In Tables 2 to 15, we give the values of the correlations between the es-

timated latent scores ρ(q)T,r, for different limiting values of the standardized

returns (sigmas) and for different models (with Q = 4, 5, 6). Note that for

all models, T = 30. Table 1 gives the number of HF in the database once

the returns exceeding the values of sigma have been excluded. The values

of the correlations have been marked in bold when they exceed the value of

0.9, hence when they are very high. Scrolling through the tables, on can

notice that the best compromise between model size and sigma is achieved

when sigma is equal to four for a five factor model. Increasing the number of

factors (for a given sigma) makes the estimated model less stable in general.

This is because to capture more structure in the data (more latent factors)

one needs more information. Likewise, a too small sigma (for a given number

of latent factors) leads to a less stable estimated model because there are less
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HF is the sample, but also a too large sigma makes the estimated models less

stable because of the extreme returns present in the data.

Sigma Number of HF Proportion of HF
3 765 54%
4 1016 72%
5 1212 86%
6 1305 92%
unlimited 1413 100%

Table 1: HF database size according to the value of sigma.

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4
Jul 02 - Sep 04 −3 0.7 0.8 0.8 0.8
Apr 02 - Jun 04 −3 0.7 0.9 0.8 0.7
Jan 02 - Mar 04 −3 0.9 0.9 0.9 0.8
Jul 02 - Jun 04 −6 0.9 1.0 1.0 0.5
Apr 02 - Mar 04 −6 0.9 1.0 0.9 0.8
Jul 02 - Mar 04 −9 0.8 0.9 0.8 0.6

Table 2: Correlation between estimated latent factors for a four factor model,
with returns not exceeding three sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5
Jul 02 - Sep 04 −3 0.6 0.8 0.7 0.6 0.6
Apr 02 - Jun 04 −3 0.7 0.9 0.7 0.7 0.6
Jan 02 - Mar 04 −3 0.9 1.0 0.9 0.8 0.5
Jul 02 - Jun 04 −6 0.7 0.9 0.8 0.8 0.7
Apr 02 - Mar 04 −6 0.8 0.9 0.9 0.9 0.6
Jul 02 - Mar 04 −9 0.7 0.8 0.8 0.7 0.7

Table 3: Correlation between estimated latent factors for a five factor model,
with returns not exceeding three sigmas
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Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5 Fact 6
Jul 02 - Sep 04 −3 0.7 0.8 0.8 0.8 0.6 0.0
Apr 02 - Jun 04 −3 0.7 0.8 0.8 0.7 0.7 0.6
Jan 02 - Mar 04 −3 0.7 0.9 0.9 0.7 0.7 0.5
Jul 02 - Jun 04 −6 0.6 0.8 0.6 0.4 0.3 0.1
Apr 02 - Mar 04 −6 0.8 0.9 0.9 0.8 0.6 0.5
Jul 02 - Mar 04 −9 0.3 0.4 0.3 0.3 0.3 0.3

Table 4: Correlation between estimated latent factors for a six factor model,
with returns not exceeding three sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4
Jul 02 - Sep 04 −3 0.9 1.0 1.0 1.0
Apr 02 - Jun 04 −3 0.9 1.0 1.0 1.0
Jan 02 - Mar 04 −3 0.7 0.9 1.0 0.9
Jul 02 - Jun 04 −6 0.8 1.0 1.0 1.0
Apr 02 - Mar 04 −6 0.9 1.0 1.0 1.0
Jul 02 - Mar 04 −9 0.6 0.8 1.0 0.9

Table 5: Correlation between estimated latent factors for a four factor model,
with returns not exceeding four sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5
Jul 02 - Sep 04 −3 0.9 1.0 1.0 0.8 0.7
Apr 02 - Jun 04 −3 0.9 1.0 1.0 0.8 1.0
Jan 02 - Mar 04 −3 0.7 0.9 1.0 0.8 0.6
Jul 02 - Jun 04 −6 0.9 1.0 1.0 0.9 0.9
Apr 02 - Mar 04 −6 0.8 0.9 1.0 0.8 0.7
Jul 02 - Mar 04 −9 0.9 0.9 1.0 0.9 0.7

Table 6: Correlation between estimated latent factors for a five factor model,
with returns not exceeding four sigmas
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Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5 Fact 6
Jul 02 - Sep 04 −3 0.8 0.9 1.0 1.0 1.0 0.6
Apr 02 - Jun 04 −3 0.8 1.0 1.0 0.8 1.0 0.3
Jan 02 - Mar 04 −3 0.6 0.8 1.0 0.7 0.7 0.6
Jul 02 - Jun 04 −6 0.6 1.0 1.0 1.0 0.6 0.2
Apr 02 - Mar 04 −6 0.9 1.0 1.0 0.8 0.8 0.4
Jul 02 - Mar 04 −9 0.7 0.7 1.0 0.6 0.5 0.2

Table 7: Correlation between estimated latent factors for a six factor model,
with returns not exceeding four sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4
Jul 02 - Sep 04 −3 0.8 0.9 0.8 0.7
Apr 02 - Jun 04 −3 0.7 0.9 0.9 0.9
Jan 02 - Mar 04 −3 0.9 1.0 1.0 0.9
Jul 02 - Jun 04 −6 0.7 0.9 0.9 0.7
Apr 02 - Mar 04 −6 0.8 1.0 1.0 1.0
Jul 02 - Mar 04 −9 0.8 0.8 0.8 0.7

Table 8: Correlation between estimated latent factors for a four factor model,
with returns not exceeding five sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5
Jul 02 - Sep 04 −3 0.7 0.8 0.9 0.9 0.8
Apr 02 - Jun 04 −3 0.7 0.8 0.8 0.9 0.9
Jan 02 - Mar 04 −3 0.9 0.8 0.9 0.8 0.5
Jul 02 - Jun 04 −6 0.6 0.7 0.7 0.7 0.4
Apr 02 - Mar 04 −6 0.7 0.9 0.9 0.9 0.2
Jul 02 - Mar 04 −9 0.7 0.8 0.8 0.7 0.7

Table 9: Correlation between estimated latent factors for a five factor model,
with returns not exceeding five sigmas

30



Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5 Fact 6
Jul 02 - Sep 04 −3 0.7 0.9 0.9 0.8 0.7 0.6
Apr 02 - Jun 04 −3 0.9 0.9 0.8 0.9 0.8 0.3
Jan 02 - Mar 04 −3 0.9 1.0 1.0 0.9 0.3 0.7
Jul 02 - Jun 04 −6 0.7 0.8 0.7 0.7 0.7 0.7
Apr 02 - Mar 04 −6 0.8 0.9 1.0 0.9 0.6 0.6
Jul 02 - Mar 04 −9 0.7 0.8 0.8 0.7 0.7 0.3

Table 10: Correlation between estimated latent factors for a six factor model,
with returns not exceeding five sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4
Jul 02 - Sep 04 −3 0.9 0.9 0.9 0.9
Apr 02 - Jun 04 −3 0.9 1.0 1.0 1.0
Jan 02 - Mar 04 −3 1.0 1.0 1.0 1.0
Jul 02 - Jun 04 −6 0.8 0.8 0.8 0.7
Apr 02 - Mar 04 −6 0.9 1.0 1.0 1.0
Jul 02 - Mar 04 −9 0.8 0.9 0.8 0.7

Table 11: Correlation between estimated latent factors for a four factor
model, with returns not exceeding six sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5
Jul 02 - Sep 04 −3 0.9 1.0 0.9 0.9 0.9
Apr 02 - Jun 04 −3 0.9 1.0 1.0 0.9 0.4
Jan 02 - Mar 04 −3 0.8 1.0 1.0 0.7 0.5
Jul 02 - Jun 04 −6 0.8 0.9 0.8 0.7 0.6
Apr 02 - Mar 04 −6 0.8 1.0 1.0 0.9 0.7
Jul 02 - Mar 04 −9 0.7 0.8 0.8 0.7 0.7

Table 12: Correlation between estimated latent factors for a five factor model,
with returns not exceeding six sigmas
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Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5 Fact 6
Jul 02 - Sep 04 −3 0.8 0.9 0.9 0.6 0.6 0.2
Apr 02 - Jun 04 −3 0.9 1.0 0.9 0.9 0.8 0.7
Jan 02 - Mar 04 −3 0.9 1.0 1.0 0.9 0.6 0.6
Jul 02 - Jun 04 −6 0.8 0.8 0.8 0.8 0.8 0.7
Apr 02 - Mar 04 −6 0.7 1.0 1.0 0.8 0.7 0.6
Jul 02 - Mar 04 −9 0.7 0.9 0.9 0.8 0.8 0.7

Table 13: Correlation between estimated latent factors for a six factor model,
with returns not exceeding six sigmas

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4
Jul 02 - Sep 04 −3 0.7 0.9 0.8 0.7
Apr 02 - Jun 04 −3 0.8 0.8 0.8 0.7
Jan 02 - Mar 04 −3 0.8 0.8 0.8 0.5
Jul 02 - Jun 04 −6 0.8 1.0 0.8 0.7
Apr 02 - Mar 04 −6 0.7 1.0 0.8 0.6
Jul 02 - Mar 04 −9 0.8 1.0 0.9 0.8

Table 14: Correlation between estimated latent factors for a four factor
model, with all data

Overlapping dates r Fact 1 Fact 2 Fact 3 Fact 4 Fact 5
Jul 02 - Sep 04 −3 0.7 0.9 0.8 0.8 0.7
Apr 02 - Jun 04 −3 0.8 1.0 0.8 0.7 0.7
Jan 02 - Mar 04 −3 0.8 0.8 0.7 0.4 0.4
Jul 02 - Jun 04 −6 0.8 0.9 0.8 0.6 0.5
Apr 02 - Mar 04 −6 0.8 0.8 0.8 0.8 0.7
Jul 02 - Mar 04 −9 0.9 0.9 0.9 0.8 0.8

Table 15: Correlation between estimated latent factors for a five factor model,
with all data
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7.7 List of HF indices

The list of HF indices we have considered as benchmarks is the following:

• Altvest (12 indices: Capital Structure Arbitrage, Currency Trading,

Distressed Securities, Emerging Markets, Event Driven, Health Care,

Long/Short Equity, Macro, Merger Arbitrage, Relative Value, Short

Selling, Technology)

• Dow Jones HF Strategy Bmk (5 indices: Convertible Arbitrage, Dis-

tressed Securities, Equity Market Neutral, Event Driven, Merger Arbi-

trage)

• EACM OffShore (13 indices: Relative Value Long/Short Equity, Rel-

ative Value Convertible Hedge, Relative Value Bond Hedge, Relative

ValueMulti Strategy, Event Driven Risk Arbitrage, Event Driven Bank-

ruptcy Distressed, Event Driven Multi Strategy, Equity Hedge Domes-

tic Long Biased, Equity Hedge Domestic Opportunistic, Equity Hedge

Global International, Global Asset Allocators Discretionary, Global As-

set Allocators Systematic, Short Selling)

• Hennessee (23 indices: Convertible Arbitrage, Distressed, Emerging

Markets, Europe, Event Driven, Financial Equities, Fixed Income,

Growth, Healthcare and Biotechnology, High Yield, International, Latin
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America, Macro, Market Neutral, Merger Arbitrage, Multiple Arbi-

trage, Opportunistic, Pacific Rim, Regulation D, Short Biased, Tech-

nology, Telecom and Media, Value)

• HFRI (28 indices: Convertible Arbitrage, Distressed Securities, Emerg-

ing Markets Asia, Emerging Markets Eastern Europe / CIS, Emerg-

ing Markets Global, Emerging Markets Latin America, Equity Hedge,

Equity Market Neutral, Equity Market Neutral Statistical Arbitrage,

Equity Non-Hedge, Event-Driven, Fixed Income Arbitrage, Fixed In-

come Convertible Bonds, Fixed Income Diversified, Fixed Income High

Yield, Fixed Income Mortgage-Backed, Macro, Market Timing, Merger

Arbitrage, Regulation D, Relative Value Arbitrage, Sector Energy, Sec-

tor Financial, Sector Healthcare / Biotechnology, Sector Miscellaneous,

Sector Real Estate, Sector Technology, Short Selling)

• MSCI Hedge Fund 1 (5 indices: Directional Trading, Multi-Process

Group, Relative Value, Security Selection, Specialist Credit)

• MSCI Hedge Fund 2 (3 indices: Equity, Fixed Income, Diversified)

• MSCI Hedge Fund 3 (Developed Markets, Emerging Markets, Global

Markets, Europe, North America, Japan)

• FTSE (8 indices: Hedge Convertible Arbitrage, Hedge CTA/CTAMF,
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Hedge Distressed & Opportunities, Hedge Equity Arbitrage, Hedge Eq-

uity Hedge, Hedge Fixed Income Relative Value, Hedge Global Macro,

Hedge Merger Arbitrage)

• EDHEC (12 indices: Convertible Arbitrage, CTA Global, Distressed

Securities, Emerging Markets, Equity Market Neutral, Event Driven,

Fixed Income Arbitrage, Funds of Funds, Global Macro, Long/Short

Equity, Merger Arbitrage, Relative Value, Short Selling)

• Tuna (30 indices: Capital Structure Arbitrage, Convertible Arbitrage,

Country Specific, CTA Managed Futures, Distressed, Emerging Mar-

kets, Energy Sector, Event Driven, Finance Sector, Fixed Income Non-

Arbitrage, Fixed Income Arbitrage, Healthcare Sector, Long Only,

Long/short Equity, Macro, Market Neutral Equity, Market Timer, Merger/Risk

Arbitrage, Mortgages, Multi Strategy, Options Strategy, Other Arbi-

trage, Regulation D, Short Bias, Short Term Trading, Small/Micro

Cap, Special Situations, Statistical Arbitrage, Technology Sector, Value

Average)

• Barclays Global (16 indices: Hedge Fund, Convertible Arbitrage, Dis-

tressed Securities, EmergingMarkets, Equity Long Bias, Equity Long/Short,

Equity Market Neutral, Equity Short Bias, Event Driven, Fixed Income

Arbitrage, Fund of Funds, Global Macro, Healthcare & Biotechnology,
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Merger Arbitrage, Multi Strategy, Technology)

• CISDM (13 indices: Event-Driven Distressed Securities, Event-Driven

Risk Arbitrage, Emerging, Global International, Global Established

Growth, Global Established Small-Cap, Global Established Value, Global

Macro, Market Neutral, Market Neutral Arbitrage, Market Neutral

Long/Short, Market Neutral Mortgage, Sector Technology, Short-Sellers)

• VAN Global (17 indices: Distressed Securities, Convertible Arbitrage,

Fixed Income Arbitrage, Merger Arbitrage, Statistical Arbitrage, Spe-

cial Situations, Aggressive Growth, Market Neutral Securities Hedging,

Opportunistic, Value, Macro, Market Timing, Global Futures, Emerg-

ing Markets, Income, Multi-Strategy, Short Selling)

• EuroHedge (9 indices: European Long/Short, Macro, Fixed income,

Global Equity, Managed Futures, Credit, Currency, Event Driven, Con-

vertible & Equity Arbitrage)

• InvestHedge (6 indices: Global Multi-Strategy, Arbitrage, Global Eq-

uity, Emerging Markets, Global Macro Currency)

• CS/Tremont (12 indices: Convertible Arbitrage, Dedicated Short Bias,

Emerging Markets, Equity Market Neutral, Event Driven Distressed,

Event Driven Multi-Strategy, Event Driven Risk Arbitrage, Fixed In-
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come Arbitrage, Global Macro, Long/Short Equity, Managed Futures,

Multi-Strategy)

• CS/Tremont Investable (11 indices: Convertible Arbitrage, Dedicated

Short Bias, Emerging Markets, Equity Market Neutral, Event Driven,

Fixed Income Arbitrage, Global Macro, Long/Short Equity, Investable

Managed Futures, Multi-Strategy)

7.8 Average silhouette

To compute the average silhouette, one needs first to define the Manhattan

distance. Let y(j) =
³
y
(j)
1 , . . . , y

(j)
T

´T
be the T returns for HF j and bz(q) =³bz(q)1 , . . . , bz(q)T

´T
be the estimated latent scores on the qth latent factor. The

Manhattan distance between the returns and the estimated latent scores is

given by

DMan(y
(j),bz(q)) = 1

T

TX
t=1

¯̄̄
y
(j)
t − bz(q)t

¯̄̄
It is a modified version of the more well know Euclidian distance

DEuc(y
(j),bz(q)) =

vuut 1

T

TX
t=1

³
y
(j)
t − bz(q)t

´2

which is more sensitive to extreme differences. The Manhattan distance is

the recommended distance is (modern) cluster analysis (see Kaufman and
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Rousseeuw 1990).

The average silhouette (similar to the one proposed by Rousseeuw 1987)

is an indicator used in cluster analysis to measure the quality of a given

classification. Suppose HF j belongs to group q and suppose also that the

nearest group for HF j is the group q0. The nearest group is defined as

the group which index has the smallest Manhattan distance to HF j. The

average silhouette is then given by

1

N

NX
j=1

DMan(y
(j),bz(q))

DMan(y(j),bz(q0))
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Nb Ind. Av. Silhouette Av. Correl.
Altvest 12 0.92 0.29
Dow Jones 4 0.81 0.15
EACM 13 0.88 0.31
Hennessee 23 0.91 0.34
HFRI 28 0.91 0.36
MSCI HF 1 5 0.85 0.29
MSCI HF 2 3 0.85 0.26
MSCI HF 3 6 0.94 0.20
FTSE 8 0.88 0.25
EDHEC 12 0.89 0.28
Tuna 30 0.91 0.35
Barclay 16 0.90 0.31
CISDM 13 0.92 0.28
VAN 17 0.90 0.32
EuroHedge 8 0.90 0.27
InvestHedge 6 0.90 0.27
CS/Tremont 12 0.87 0.31
CS/Tremont Invest. 10 0.86 0.35
Factors 5 0.79 0.31

Table 16: Average correlations and average silhouette for the different indices
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