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Abstract

This article uses Bayesian model averaging to study model uncertainty in hedge fund pricing. We

show how to incorporate heteroscedasticity, thus, we develop a framework that jointly accounts for model

uncertainty and heteroscedasticity. Relevant risk factors are identified and compared with those selected

through standard model selection techniques. The analysis reveals that a model selection strategy that

accounts for model uncertainty in hedge fund pricing regressions can be superior in estimation/inference.

We explore potential impacts of our approach by analysing individual funds and show that they can be

economically important.
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I Introduction

The last couple of decades have witnessed a rapidly growing interest in hedge funds. Relative to traditional

investment portfolios, hedge funds exhibit some unique characteristics: they are flexible with respect to the

types of securities they hold and the type of positions they take1; they are not subject to public disclosure of

their activities; and they are not evaluated against a passive benchmark. This set up, encourages hedge fund

managers to construct highly dynamic, complex trading strategies and, as a result, expose their portfolios

to a plethora of economic risk factors. On the other hand, potential fund shareholders may know very little

about the investment process, the risks associated with the fund, or the skills of the fund manager. While

the former could be of little practical importance to the investor, the risks and, primarily, the capacity of

the individual(s) managing the fund, are not.

‘Skill’ of the hedge fund manager or performance in general is often summarized by an estimate of its

‘alpha’, i.e. the intercept in the regression of the fund’s excess return on the excess return of one ore

more passive benchmarks. The choice of benchmarks is often guided by a pricing model in the spirit of

Ross’s (1976) Arbitrage Pricing Theory. The factors that have been considered as relevant for hedge fund

pricing2, include traditional linear factors i.e. the Fama and French’s (1993) size and value factors, Carhart’s

(1997) momentum factor, bond markets factors, credit factors and others, as well as nonlinear risk factors

associated with the options markets and/or special market timing abilities of hedge fund managers (Glosten

and Jagannathan, 1994, Agarwal and Naik, 2004).

Although this strand of literature has identified factors that are priced in hedge fund investments, the

issue of identifying the ‘correct’ set of factors remains open; and is usually referred to as ‘model uncertainty’.

Model uncertainty has concerned the empirical asset pricing literature in recent years (see, e.g. Avramov,

2002, Cremers, 2002). While several aspects of it have been analysed for common equity, many important

issues have yet to be addressed. For example, while it is a well known fact that the volatility of most financial

time series is time-varying, it has not yet been shown how to include heteroscedasticity when accounting for

model uncertainty. The main reason for model uncertainty is that existing equilibrium pricing theories are

1They may include positions in international and domestic equities and debt, as well as in the entire universe of derivative
securities. In addition, undiversified holdings as well as long and short positions are possible.

2 See Ackermann et al.(1999), Agarwal and Naik (2004), Brown et al. (1999), Edwards and Caglayan (2001), Fung and Hsieh
(1997, 2000, 2001), Liang (1999), Liew (2003) among others.
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not explicit about which factors should enter the regression. For hedge fund pricing in particular, the lack

of transparency and the large number of possible market and trading strategy combinations a manager can

follow renders the true set of pricing factors virtually unknown.

In the context of hedge fund pricing, to date studies use a stepwise regression procedure (STEP hereafter)

to identify significant pricing factors (see, e.g. Agarwal and Naik, 2004, Fung and Hsieh, 2000, 2001, Liang,

1999). The merit of this technique is its parsimonious selection of factors. However, certain important

disadvantages of stepwise regression are acknowledged in the literature, i.e. failure of standard statistical

inference, lack of ability to model typical stylized facts of financial times series, such as heteroscedasticity,

fat tails (high kurtosis) and others. One other approach may include estimating the full set of models

and use standard criteria, for example, Akaike’s (1973) information criterion (AIC hereafter), Schwarz’s

(1978) Bayesian information criterion (BIC hereafter), to identify the most appropriate specification, thus,

the set of relevant pricing factors. Bossaerts and Hillion (1999), for example, use AIC and BIC, among

other statistical criteria, to determine valuable predictors for equity returns. Identifying significant pricing

factors through standard statistical criteria such as AIC or BIC mitigates some problems associated with

the stepwise regression, however, it is substantially computationally intensive.

The approaches discussed above are subject to criticisms since they do not provide an explicit way

of taking into account model uncertainty and so are somewhat at a loss when several models score almost

equally well (Kass and Raftery, 1995). An advantageous approach to deal with model uncertainty is through

Bayesian methods which have been used in financial research to address several problems associated with it.

In particular, Avramov (2002) and Cremers (2002) are concerned with model uncertainty in the context of

stock return predictability, a problem that is similar to the one addressed in this study. They propose to

identify stock return predictive factors with a Bayesian model averaging approach.

In this study we consider the general problem of model uncertainty in hedge fund pricing in the context of

Bayesian inference. We extend existing Bayesian methods by showing how to include heteroscedasticity into

Bayesian model averaging (BMA hereafter). Model uncertainty is explicitly incorporated in the following

way. For a given set of competing specifications inference is drawn based on their posterior probabilities,

thus, avoiding the usual approach that considers the models separately and chooses the best model via
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significance tests. In particular, we develop a stochastic search algorithm that explores the model space and

provides posterior model probabilities. The composite model is obtained as a posterior probability-weighted

model of the individual pricing models. We demonstrate that the proposed algorithm, which is based

on Markov chain Monte Carlo Methods (MCMC hereafter), can be advantageous in terms of generality,

flexibility, and accuracy.

We start our empirical evaluation using aggregate hedge fund market data. Given the characteristics

of hedge funds discussed above as well as the practically available resources, i.e. short data histories,

we hypothesise that model uncertainty is very intense in hedge fund pricing. The nature of hedge fund

investments, i.e. dynamic trading strategies, derivatives, and leverage used by fund managers, may also

constitute an additional source of uncertainty. The former, along with the fact that the variances of

most financial time series - the funds’ underlying assets - are time-varying, are additional motives for using

GARCH-type models. Before proceeding further, we examine the robustness of our results in terms of

the choice of data used, i.e. the market under consideration. A reasonable choice for this check is the

equity market. A long history available for quality equity price data as well as prior studies in the equity

market provide the framework for useful insights. In addition, time-varying volatility and fat tails are

well known stylised facts of equity return series, therefore accounting for them using GARCH-type models

improves inference with potential important practical impacts. Finally, we set up an experiment to explore

the economic importance of accounting for model uncertainty in a major topic of debate in the hedge

fund industry, i.e. performance attribution. For this exercise, we select managers on the basis of their

skill, formulate portfolios and investigate if incorporating model uncertainty and heteroscedasticity in the

selection process has economically significant benefits.

Several important results emerge from our analysis. First, we find strong evidence of model uncertainty

in the hedge fund markets. The most probable model carries a posterior probability of only about 4%.

Furthermore, the posterior t-ratio of the slope coefficients in BMA are in general smaller than their classical

counterparts. Second, our results show that accounting for model uncertainty and heteroscedasticity im-

proves the out-of-sample predictive performance of the selection strategy. In particular, the predictive log

score of BMA is higher than the predictive log score of all other model selection approaches. This result
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prevails under all scenarios we examine out-of sample. Moreover, the differences of the predictive log scores

indicate improvement in the predictive performance in some circumstances by as high as about 56% per

month. Standard t-test and Wilcoxon signed-rank test on the aggregate hedge fund market index reveal

that the mimicking portfolio obtained through BMA is more appropriate in replicating actual returns. It

emerges that the results are robust when we apply the competing model selection strategies to equity data.

Third, we find that accounting for model uncertainty also improves our ability to identify fund management

skill. When we formulate portfolios with the top 10% ‘alpha’ managers and the top 10% significance of

‘alpha’ managers we find that the profit of the portfolios can be improved with the BMA approach - in

the extreme case - by as high as about 12% and 7% respectively in two years. The benefits of addressing

model uncertainty in hedge fund pricing are shown to be exploited with minimal computational cost. The

stochastic search algorithm arrives at the region of most probable models in a relatively small number of

iterations. This is particularly important in cases where the number of possible valuable explanatory factors

is large.

The contributions of this work are several. First, we address model uncertainty in the context of hedge

fund pricing for the first time - to our knowledge - in the empirical asset pricing literature. In analysing

hedge fund returns very little is known with regard to the underlying investments therefore the number of

potential risks is virtually unknown. This creates significant model uncertainty which should be accounted

for. Second, we carry out an extensive empirical analysis to explore several aspects of model uncertainty

in hedge fund pricing. An identical analysis is additionally carried out with equity data to check the

robustness of our results. We pursue our empirical investigation with a new stochastic search algorithm

which computes posterior model probabilities necessary for BMA. This algorithm proves extremely useful in

empirical applications providing a computationally less intensive alternative to computing the collection of

all models. In addition, we show how to include heteroscedasticity into BMA. We thus develop a framework

that jointly accounts for model uncertainty and heteroscedasticity, an aspect that - to our knowledge - has

not been addressed in the empirical asset pricing literature before. The results of our analysis provide useful

insights to finance researchers and practitioners. We show that methods that account for model uncertainty

provide a more powerful framework for investigating skill and persistence of managers or strategies since
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‘alpha’ is estimated more appropriately. Fund managers who determine their investment universe by ranking

hedge funds on the basis of their estimated ‘alpha’ can potentially benefit by adopting such approaches. In

addition, identifying factors pricing hedge funds through BMA, provides useful information to investors

wishing to earn particular risk premia through alternative investments.

The rest of the article is organized as follows. Section II introduces the econometric approach and

Bayesian inference under model uncertainty. Section III describes the data. Section IV discusses the

empirical application and the results. Section V summarizes and concludes.

II Econometric model and inference under model uncertainty

This section introduces the pricing model we use in our analysis. We describe the Bayesian model averaging

approach used to account for model uncertainty, and present the stochastic search algorithm that provides

model posterior probabilities.

The standard model in the empirical asset pricing literature is linear in the explanatory factors, that is

(1) rt = α+
KX
k=1

βkfk,t + εt

εt|Φt−1 ∼ N
¡
0,σ2t

¢
where rt is the net-of-fee excess return (in excess of the risk free rate of interest) on an asset at time t, α is

the intercept of the model, an aggregate measure of performance, βk is the loading of risk factor k associated

with the asset, fk,t is the excess return of factor k at time t and εt is the error term at time t.

Our analysis extends existing literature in model uncertainty (see, e.g. Avramov, 2002, Cremers, 2002)

in that it allows the error term εt to be conditionally heteroscedastic, i.e. given the information set Φt−1,

σ2t is time-varying, in particular

σ2t = ω + bε2t−1 + gσ
2
t−1

where ω > 0, b ≥ 0, g ≥ 0. This class of models achieve a more flexible lag structure than ARCH models

(Engle, 1982) and capture volatility clustering and fat tails (Bollerslev, 1986).
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A Bayesian Model Averaging

Suppose that we observe data y = (y1,y2, ...,yT )
0 where yt = (rt, fk,t) , and that there are K risk factors

fk,t, k = 1, ...,K in the regression model (1), that are used to explain asset returns. A fundamental problem

is that of selecting a subset of relevant risk factors to enter the regression model. In other words, there is

some unknown subset of factors with regression coefficient that are so small that we would prefer to ignore

them. This variable selection problem can be considered as a special case of the model selection problem,

where each model corresponds to a different subset of factors fkt, k = 1, ...,K. It is convenient to index each

of these 2K possible subset choices by a vector γ = (γ1, ..., γK)
0, where γi = 1 if the i

th factor is included

and γi = 0 if it is not. Thus, vector γ identifies a specific model. We denote by qγ the number of risk

factors of vector γ. A typical approach is to carry out a model selection exercise based on some penalty

function, leading to a single ‘best’ model and then make inference as if the selected model was the true

model. However, this ignores model uncertainty.

Bayesian model averaging provides a coherent mechanism for accounting for model uncertainty. Suppose

we are interested in a quantity ∆. Its posterior distribution given data y is given by

(2) p (∆|y) =
X

p (∆|γ,y) p (γ|y)

which is an average of the posterior distributions under each model weighted by the corresponding posterior

model probabilities (see Raftery et al., 1996, Raftery et al., 1997, and Vrontos et al., 2003a, for details). In

(2) the predictive distribution of ∆ given a particular model γ can be found by integrating out the model

parameters θγ

p (∆|y,γ) =
Z
p (∆|y,θγ ,γ) p (θγ |γ,y) dθγ

or by using the maximum likelihood approximation:

p (∆|γ,y) ' p
³
∆|γ,y,bθγ´

where bθγ is the maximum likelihood estimator of the parameter vector θγ of model γ. The posterior
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probability of model γ is given by

(3) P (γ|y) = P (y|γ)P (γ)P
P (y|γ)P (γ)

where

(4) p(y|γ) =
Z
p (y|γ,θγ ) p (θγ |γ) dθγ

is the marginal likelihood of model γ, p (y|γ,θγ ) is the likelihood given model γ, p (θγ |γ) is the prior of

parameter θγ given model γ and p(γ) is the prior probability for model γ.

The implementation of Bayesian model averaging can be difficult for two reasons. First, in the calculation

of the posterior model probabilities (3) the required integrals are often of high dimension and can be hard

to compute. Second, the number of models under consideration, 2K , can be extremely large for direct

evaluation of (2).

B Posterior model probabilities

In regression models with GARCH-type errors analytic evaluation of the integrals (4) is not possible. Thus

some kind of analytic or computational approximation must be used. We use a variant of Laplace approxi-

mation, based on maximum likelihood

(5) dp (y|γ)mle ' (2π) dk2 ¯̄̄bΣ¯̄̄ 12 p³y|bθγ ,γ´ p³bθγ |γ´

where dk is the dimension of the parameter vector θγ of model γ, bΣ is the inverse of the negative Hessian
matrix of the log-likelihood evaluated at the maximum likelihood estimator bθγ , p³y|bθγ ,γ´ and p³bθγ |γ´
are the likelihood and the prior, respectively, evaluated at bθγ . Another alternative is to use the inverse of the
expected information matrix in place of bΣ in equation (5). This method of approximation for the marginal
likelihood has been used by Dellaportas and Vrontos (2005) and Vrontos et al. (2003b) in the analysis of

multivariate time varying volatility models.
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C Bayesian stochastic search algorithm

When the number of candidate risk factors K in (1) is large, the number of possible models 2K is enormous

and analytic evaluation of (2) might be computationally infeasible. We describe a Markov chain Monte

Carlo algorithm that visits-jumps between models of the same or different dimensionality, i.e. number of

explanatory factors, to generate a sample from the posterior distribution of γ, in other words to provide

posterior probabilities for models γ.

The proposed algorithm is used to simulate a Markov chain sequence of models/subsets γ(1), γ(2), γ(3), ...,

which under weak conditions (see, for details Smith and Roberts, 1993, and Tierney, 1994) converge to the

limiting distribution p (γ|y) . The Metropolis-Hastings algorithm for simulating γ(1), γ(2), γ(3), ..., is defined

as follows. Starting with an initial model γ(0) iteratively simulate the transitions from γ(i) to γ(i+1) by

using two steps:

• generate a candidate model γ0
with probability distribution q

³
γ(i),γ

0
´

• accept γ(i+1) = γ
0
with probability

a
³
γ(i),γ

0
´
= min

⎧⎨⎩1, q
³
γ
0
,γ(i)

´
q
¡
γ(i),γ0¢ p

³
y|γ

0´
p
³
y|γ(i)

´ p
³
γ
0
´

p
¡
γ(i)

¢
⎫⎬⎭

otherwise γ(i+1) = γ(i).

Dealing with models γ with parameter vector θγ of different dimensionality, requires devising different

types of move between the subspaces. Therefore, we consider transition kernels q
¡
γ(i),γ0

¢
which generate

candidate models γ0 from γ(i) by randomly choosing among the following steps.

• Birth: Randomly add one of the risk factors in the subset

• Death: Randomly delete a risk factor to create a model/subset with one less explanatory variable

• Change: Randomly pick a risk factor and assign a new one from those possible

Note that, the Birth and Death steps are the reverse of each other and change the dimension of the model,

while Change proposes models/subsets with the same dimension. To simulate from the posterior of models,
9



Birth and Death moves are required since they change the number of risk factors qγ (increase or decrease

qγ by one). The Change move proposes local jumps improving the mixing of the chain and ‘correcting’ the

subset found at previous iterations by changing the variables of the subsets.

D Prior model probabilities

In variable selection problems a prior distribution provides a way of incorporating information for the inclu-

sion of a variable in a model/subset. Most variable selection implementations have used independent priors

of the form

(6) p (γ) =
KY
k=1

π
γk
k (1− πk)

1−γk

where πk ∈ [0, 1] indicating that each risk factor fk, k = 1, ...,K enters the model independently of the

others with probability p (γk = 1) = πk. In this paper we assume that we do not have any prior information

for the inclusion of a specific factor in the model, thus we assign πk = π, and choose π = 0.5 which implies

that the investor is neutral about the factors that will enter in the model. Therefore each model γ has equal

probability p (γ) = 1/2K .

For the parameters of the regression-GARCH model, θγ=
³
α,β

γ
,θG

´
, where βγ is a qγ × 1 vector of

unknown regression coefficients, and θG = (ω, b, g) is the vector of parameters in the conditional variance,

we assume proper prior distributions to avoid any problems with possible improper posteriors. The prior

specification we consider is based on the unit information prior proposed by Kass and Wasserman (1995).

After a possible transformation of the variance parameters θG, to a vector taking values to (−∞,∞), we

use a multivariate Normal prior distribution, with covariance matrix equal to T bΣθ̂γ
, where T indicates the

sample size and bΣθ̂γ
is the covariance matrix of the maximum likelihood estimates of the model parameters.

E Implementation

The proposed selection method that provides posterior model probabilities, i.e. the Bayesian stochastic

search algorithm, is implemented in two steps. First, while at model γ(i) in iteration i, it proposes a

candidate model γ
0
by randomly going through Birth, Death, or Change. Next, γ

0
is accepted on the basis
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of a
³
γ(i),γ

0
´
, i.e. the probability of acceptance. The latter is a product of three ratios: the proposal

ratio
q
³
γ
0
,γ (i)

´
q(γ (i),γ 0)

, the prior ratio
p
³
γ
0´

p(γ (i))
, and the marginal likelihood ratio

p
³
y|γ 0

´
p(y|γ (i))

. The proposal ratio is

evaluated using the probabilities of moving from one model to the other, i.e. from γ
0
to γ(i) and vice

versa. The prior ratio is calculated using Equation 6. If the series under study is heteroscedastic, the

marginal Likelihood ratio is computed using the variant of the Laplace approximation, Equation 5, which

is based on the maximum Likelihood estimator bθγ of model γ and an estimate Σ̂ of the covariance matrix
of the parameter vector. This can be done either numerically, i.e. via standard optimization routines, or

analytically (see, e.g. Fiorentini et al., 1996). For homoscedastic return series, the marginal likelihood of a

model γ, Equation 4, can be evaluated analytically since the model parameters are integrated out (see, e.g.

Zellner, 1971). Overall, the proposed methodology is easy to implement, even in cases when the availability

of data is limited.

III Data

We illustrate potential impacts of addressing model uncertainty in hedge fund pricing by analysing an

aggregate market index as well as individual funds. Analysis of the total hedge fund market index is

relevant primarily in asset allocation investment decisions whereas analysis of individual funds is mostly

related to the construction of funds of funds. Equity market returns are analysed as a robustness check.

We use monthly data the Credit Suisse/Tremont Hedge Fund Index (CSTHFI hereafter) which is an

appropriate representative of the entire hedge fund industry. This dataset spans the period January 1994

(inception of the index) through to December 2005. We obtain individual funds monthly return data from

the Hedge Fund Research (HFR hereafter) database. This dataset covers the period April 1990 to December

2005. We require that the fund belongs to the Equity Long/Short class, reports monthly net of all fees

returns in USD, has AUM greater than 10 million, and a life of more six years. The total number of

individual funds retained for our analysis is 89, which includes survived and non-survived funds. The equity

market is represented by S&P 500 for which we collect data for the period January 1954 through to December

2005.

We use two sets of information variables - pricing factors. Hedge fund explanatory variables are de-
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termined along the lines discussed in Agarwal and Naik (2004). These include: returns on the Russel

3000 equity index (RUS), the Morgan Stanley Capital International (MSCI) world excluding the USA index

(MXUS), the MSCI emerging markets index (MEM), the Salomon Brothers world government and corpo-

rate bond index (SBGC), the Salomon Brothers world government bond index (SBWG), the Lehman high

yield index (LHY), the Goldman Sachs commodity index (GSCI), the Federal Reserve Bank competitiveness

weighted dollar-index (FRBI); Fama and French’s (1993) ‘size’ (SMB) and ‘book-to-market’ (HML) as well as

Carhart’s (1997) ‘momentum’ factors (MOM); the difference between the yield on the BAA-rated corporate

bonds and the 10-year Treasury bonds (DEFSPR); and the change in equity implied volatility index VIX.

This dataset also covers the period April 1990 to December 2005.

In the analysis of the equity market we formulate the universe of possible pricing factors as in Cremers

(2002). These include: the S&P 500 index excess return lagged once [SP(-1)], a January dummy (JAN), the

S&P index dividend yield (DY), the S&P 500 earnings yield (EP), the NYSE volume divided by the NYSE

price (NYSEVP), the difference between the yield on a BAA and AAA Moody’s rated corporate bonds

(CR), the yield on a 3-month maturity Treasury bill (TRB) and its first difference (ChTRB), the difference

between the yield on a 10-year Treasury bond and the yield on a 3-month maturity Treasury bill (YLD), the

difference between the Federal Funds rate and the yield on a 3-month maturity Treasury bill (TRM), the

monthly seasonally adjusted year-by-year rate of change of inflation as measured by the producer price index

for finished goods (INFL) and its first difference (ChINFL), and the monthly year-by-year rate of change in

industrial production (IP). This dataset covers the period January 1954 through to December 2005.

IV Empirical design and analysis

In this section, we first investigate certain aspects of model uncertainty with respect to the hedge fund

market. Before proceeding further, we examine the robustness of our results using equity data. Finally,

we analyse individual hedge funds. Our main objective is the evaluation of the relative performance of the

different selection strategies in an out-of-sample fashion. The first stage of our empirical evaluation involves

comparison of all possible models through the different model selection strategies (STEP, AIC, BIC, and

MP/BMA). These strategies identify the appropriate -strategy specific- pricing model(s) by jointly taking
12



into account model fit and complexity. In addition, under the Bayesian framework we obtain posterior

model probabilities or Bayes factor which help assessing relative performance improvement. The second

stage essentially evaluates the model selection strategies by investigating the predictive performance of the

corresponding pricing models.

To assess predictive ability, we examine if next period’s returns can be traced through the estimated

parameters and the risk exposures determined in the model selection stage. Our objective is to identify the

model selection strategy that consistently assigns higher probabilities to the actual outcome. Measuring how

well different models predict future returns is one way of evaluating the efficacy of each strategy (Hoeting

et al., 1999, Vrontos et al., 2003a). Our evaluation is carried out through the logarithmic scoring rule of

Good (1952) which is based on the conditional predictive ordinate (Geisser, 1980). In addition, we conduct

standard t-test and Wilcoxon signed-rank test to investigate if the mean and median of returns computed

through the mimicking portfolio are statistically different from the realized return. Agarwal and Naik

(2004) argue that if the factors identified at the model selection stage represent the true economic risk of an

investment, then the replicating portfolio based on these factor loadings should do a good job of mimicking

the out-of-sample performance of this investment.

The details of the empirical evaluation are as follows. We split the data in two subperiods; the estimation

and the out-of-sample periods. We allow two years of data for out-of-sample evaluation. The estimation

period is redefined iteratively - it grows by one data point at each step in order to utilize all available

information. We denote the estimation period at iteration i by y(i)E = (y1, ..., yT+i−1) , where i = 1, ..., 24 and

T is the initial estimation sample size. At the ith step, we calculate one-step ahead predictive distributions

using the following procedure:

1. Apply the model selection strategies using y(i)E and the appropriate -strategy specific- pricing model(s)

are identified

2. Estimate the pricing model(s) parameters

3. Evaluate the predictive density at time T + i, bp³yT+i|γ,y(i)E ´ at the observed data point yT+i (used
in the logarithmic scoring rule) and ŷT+i (used in t-test and Wilcoxon signed-rank test).
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The sum
P24
i=1 log bp³yT+i|γ,y(i)E ´ - the predictive log score - measures the predictive ability of a pricing

model and consequently the efficacy of the associated model selection strategy. For example, for the strategies

s1 and s2, s1 is preferred if

X(s1)
log bp³yT+i|γ,y(i)E ´−X(s2)

log bp³yT+i|γ,y(i)E ´ > 0
In the case of model averaging the predictive log score is computed through

X
i

log

⎧⎨⎩X
γ∈A

bp³yT+i|γ,y(i)E ´ p³γ|y(i)E ´
⎫⎬⎭

where A is the set of a sufficiently large number of most probable models.

To investigate possible economic impact, we compare the performance of ‘alpha’ sorted and t of ‘alpha’

sorted portfolios of individual hedge funds for a period of two years. In particular, we use data from April

1990 to December 2003, to estimate the individual managers’ ‘alpha’ and formulate an equally weighted

portfolio based on the ‘alpha’ as well as the t of ‘alpha’ top 10% managers (see, e.g. Carhart, 1997,

Kosowski et al., 2007). On December 2004, we again apply the model selection strategies, estimate ‘alpha’,

and formulate portfolios accordingly.

A The total hedge fund market

This section examines the performance of the proposed model selection strategy in the analysis of hedge fund

returns. Giamouridis and Vrontos (2007) show that accounting for certain features of hedge fund returns, i.e.

time-varying variances and fat tails, has significant potential impacts in terms of portfolio construction and

risk measurement. Such characteristics are found in the CSTHFI index return series sample. Ljung-Box

tests based on 12 lags are performed on the return series, as well as on the absolute, and the squared returns.

The null (no autocorrelation exists) is not rejected in the return series (p-value=0.5699). It is rejected

though in the absolute and the squared return series (p-value=0.0000 and p-value=0.0190 respectively),

thus, providing evidence for heteroscedasticity. Also, the kurtosis is 5.1838 indicating fat tails in the return

distribution. Introducing GARCH-type errors in the pricing regression addresses the former characteristics,
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thus, preventing from incorrect inference.

In this experiment the sample spans the period January 1994 to December 2005. Thus, our initial

in-sample estimation period is January 1994 to December 2003. To capture nonlinear patterns in the return

series which might be present due to the use of derivatives or due to special market timing abilities, we aug-

ment the set of possible pricing factors with appropriate squared terms (see, e.g. Glosten and Jagannathan,

1994, Chen and Liang, 2006). We assume that a manager trades most actively in the market where she

holds superior information and identify this market using return data and/or self-reported strategy definition

(Chen, 2006). For the - hypothetical - ‘total hedge fund market’ manager there exists no straightforward self-

reported strategy definition. Therefore, we select the market associated with the most significant exposure.

This is the Salomon Brothers world government and corporate bond market (SBGC). This additional factor

raises the number of possible pricing models to 215 = 32, 768 thus substantially increasing the complexity of

the problem at hand.

INSERT TABLE 1 ABOUT HERE

First, we discuss the evidence for the presence of model uncertainty. Table 1 reports the posterior

probability of the ten most probable models in the universe of all competing models (‘Exact’); and the

ten most probable models found by the Bayesian stochastic search algorithm when implemented for 20,000,

50,000, and 100,000 iterations. The most probable model represents only about 4% of the total posterior

probability, providing strong evidence of model uncertainty. Moreover, the probabilities of the ten most

probable models sum up to a total of only about 18% suggesting that one single model could not explain the

hedge fund return series. Also, the posterior t ratios3, i.e. the ratio of the posterior mean of each of the

slope coefficients in the weighted model by each corresponding standard deviation, are smaller than their

classical counterparts, indicating also uncertainty in the pricing model (Avramov, 2002).

INSERT TABLE 2 ABOUT HERE

Next, we examine the convergence of the proposed algorithm used in BMA and MP. The results in

Table 1 provide strong evidence of convergence since each of the ten most probable models found by the

3Posterior t ratios and classical t statistics are not reported for economy of space. They can be computed by dividing the
estimate by the respective standard deviation/error, both reported in Table 6.
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stochastic search algorithm is identical with its counterpart taken from all 32, 768 models. In addition, the

posterior probabilities computed by the stochastic search algorithm are equal across the different number of

iterations. Moreover, we ran our algorithm from different randomly chosen pricing models. The results of

this exercise provide support for our argument regarding flexibility and efficiency since the algorithm arrives

at the same region of the ten most probable models very fast, i.e. in less than about five thousand iterations.

Finally, flexibility and efficiency is claimed due to the fraction of time needed for convergence relative to AIC

and BIC selection methods. The latter require estimation of all 2K models which makes these approaches

unrealistically computational intensive for large K.

One other point of interest is the interpretation of the different model selection methods’ estimation

output. The most appropriate models proposed by the different approaches are a lot different in many

cases. On the one hand, STEP, AIC, and BIC propose models that have some common pricing factors, i.e.

RUS, MEM, SBGC. On the other hand, factors that appear to be priced in CSTHFI when STEP is used,

do not when BIC is used, i.e. SMB, MOM, SBWG, DEFSPR, VIX, and SBGC2. Reversly, RUS(-1), HML,

LHY appear to be priced when BIC is used but not when STEP is used. BIC and MP, which are both based

on Bayesian techniques, conclude in the same set of factors. This is not surprising since BIC is designed

to find the most probable model and when exponentiated, can be treated as an approximate posterior for

model averaging (Wasserman, 1997). This tackles model uncertainty to some extend however not to the

degree that the proposed algorithm does (especially in small samples). Finally, we stress that STEP is not

able to model heteroscedasticity. Table 2, however, reports significant coefficients in the variance equation

suggesting that not accounting for heteroscedasticity may possibly lead to incorrect inference.

Useful conclusions emerge when we examine the Bayes factor of one model against another, i.e. the

ratio of the models’ marginal likelihoods, which provides evidence for relative performance improvement.

We denote by BFMP,AIC the Bayes factor of MP against the model selected through AIC and retain this

notation throughout. BFMP,AIC and BFBIC,AIC are both 23.14, indicating strong evidence in favour of

BIC, MP against AIC (see Kass and Raftery, 1995 for an interpretation of the values of Bayes factor).

BFSTEP,AIC is 2.43 which is classified as bare improvement. BFMP,STEP is 9.53 which also indicates

substantial improvement.
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A clear picture in favour of BMA emerges in the out-of-sample assessment of the different model selection

strategies along the lines discussed above. Our analysis involves application of the model selection strategies

every one, three, six, twelve, and twenty-four months (step 1 of the procedure described above). These

periods are chosen so that they represent reasonable short- and mid- to long-term investment horizons. We

report the out-of-sample results in Tables 3 and 4. The results in Table 3 show that BMA outperforms

all other model selection methods in terms of the predictive log score criterion. MP and BIC - both based

on Bayesian technology - score higher than STEP and AIC. One finding that may seem puzzling, is that

STEP scores higher than AIC. This may possibly be explained by the tendency of AIC to overfit. This is

supported in our analysis by the fact that the predictive log score of AIC increases with the holding horizon

period, i.e. across Table 3 rows. When we interpret the differences between predictive log scores of BMA

and all other model strategies on a ‘per month’ basis, we are impressed. The difference 81.18 - 72.49, i.e.

the difference between BMA and STEP, can be interpreted on a ‘per month’ basis as follows: it represents

an improvement in the predictive performance by a factor of e(8.69/24) = 1.43 or by about 43% per month.

Overall, BMA predicts hedge fund returns by about 33%-44% more efficiently than STEP, 26%-56% than

AIC, 16%-19% than BIC, and 16%-22% than MP. This result provides empirical evidence for our initial

hypothesis that BMA plays an important role especially when the degree of model uncertainty is high. The

results of Table 4 also indicate that accounting for model uncertainty plays an important role in the pricing

of hedge funds. In fact, the mean and median differences between the CSTHFI and the replicating portfolio

are in most cases statistically insignificant using both the t-test and the Wilcoxon signed-rank test. The

only exception is STEP which appears to deviate significantly either at the 10% or the 5% level. In addition,

the magnitude of the difference in the returns between the mimicking portfolio associated with STEP and

CSTHFI is about 30 basis points per month which as Agarwal and Naik (2004) point out is also economically

significant. Consistent with our prior analysis, AIC is the second worst in terms of the economic significance,

followed by BIC and MP. BMA ranks overall higher than BIC and MP with performance that could in some

cases hardly distinguish. Our conclusions remain unchanged when we examine additional prediction error

statistics, i.e. Mean Absolute Error, Root Mean Squared Error4.

4We do not report these results for economy of space.
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INSERT TABLE 3 ABOUT HERE

INSERT TABLE 4 ABOUT HERE

In summary, our analysis of the hedge fund market provides evidence for model uncertainty. Taking

model uncertainty into account through BMA improves significantly the predictive performance of the pricing

model out-of-sample.

A.1 Robustness check

Before proceeding further to explore additional potential economic impacts of addressing model uncertainty

in hedge fund investment practice, we examine the robustness of our conclusions in terms of the choice

of data used, i.e. the market under consideration. Well known stylized facts, i.e. heteroscedasticity and

fat tails, are observed in our equity data. Ljung-Box statistics (12 lags) show no autocorrelation on the

return series (p-value=0.6419) but significant autocorrelation on the absolute, and the squared returns (p-

value=0.0000 and 0.0144 respectively), thus, providing evidence for heteroscedasticity. Also, the kurtosis of

5.3789 indicates fat-tailness.

The empirical evaluation is identical with that followed for the aggregate hedge fund market. The initial

in-sample estimation period is January 1954 through to December 2003. Out-of sample evaluation is carried

out in the period January 2004 to December 2005. Table 5 shows that the most probable model represents

only 26% of the total posterior probability while the ten most probable models sum up to a total of about

65%. These results indicate that there is a fair amount of model uncertainty in the problem at hand.

Additionally, the posterior t ratios are smaller than their classical counterparts as in the preceding analysis.

INSERT TABLE 5 ABOUT HERE

In Table 5 we present evidence in terms of convergence of the algorithm used in BMA and MP. Each

of the ten most probable models found by the stochastic search algorithm is identical with its counterpart

taken from the full collection of models as above. In addition, the posterior probabilities computed by

the stochastic search algorithm are almost equal across the different number of iterations. When we ran

our algorithm from different randomly chosen pricing models, we arrive at the same region of the ten most

probable models very fast, i.e. in less than about five thousand iterations.
18



INSERT TABLE 6 ABOUT HERE

When we turn to interpret results our conclusions are similar to those outlined above. There are two

pricing factors which are identified as valuable by all model selection approaches, namely the change of

the yield on a 3-month maturity Treasury bill (ChTRB) and the difference between the yield on a 10-year

Treasury bond and the yield on a 3-month maturity Treasury bill (YLD). These factors are identified also

as important predictive factors for equity return in Cremers (2002). BIC and MP, both based on Bayesian

techniques, conclude in the same set of two factors. STEP and AIC return additional valuable factors

as above, i.e. one and four factors respectively. While STEP is not able to model heteroscedasticity,

Table 6 reports significant coefficients in the variance equation. This suggests that not accounting for

heteroscedasticity may possibly lead to incorrect inference.

In our examination of the Bayes factor, we find decisive improvement of MP vs. AIC, and STEP

vs. AIC (BFMP,AIC=992.18 and BFSTEP,AIC=277.41), and substantial improvement of MP over STEP

(BFMP,STEP=3.58).

The results of the out-of-sample analysis are presented in Tables 7 and 8. STEP, BIC, and MP conclude

in the same - across time - factor models thus the predictive log score for these methods persists across rows

in Table 7. BMA, MP, and BIC, outperform AIC and STEP in all cases. The main observation is that

the model selection strategies that account for heteroscedasticity outperform STEP; the worst predictive

performance is found for STEP with predictive log score 51.33. Given the interpretation of predictive log

scores BMA is found to predict equity returns about 11% more efficiently than models chosen by STEP.

While this difference is clearly high it is not possible for one to disentangle the extend to which the difference

is due to accounting for heteroscedasticity or due to accounting for model uncertainty since STEP does

not account for none of the two. The results in Table 8 however are not as supportive for the benefits

of accounting for model uncertainty as in the case of hedge funds in terms of the mimicking portfolios’

performance. AIC appears to be the worst performer which is consistent with the values of Bayes factor

discussed above.

INSERT TABLE 7 ABOUT HERE

INSERT TABLE 8 ABOUT HERE
19



In summary, our analysis confirms that the impact of addressing model uncertainty is important and

does not depend on the market under study, the quality, or the history of the data used. In addition,

our empirical experiment shows that modelling heteroscedasticity while accounting for model uncertainty

improves the predictive performance of the pricing model.

B The individual funds

This section investigates the impact of the proposed algorithm in the analysis of individual funds. First, we

explore the characteristics of the fund return series. Ljung-Box tests based on 12 lags on the return series,

as well as on the absolute, and the squared returns are performed. For the period April 1990 to December

2003, in 15 funds the null (no autocorrelation exists) is rejected, therefore we add an additional pricing factor,

rt−1 (the lagged net-of-fee excess return) in the respective funds. In 32 and 19 funds we reject the null in the

absolute and squared return series in which cases only, the error term is modelled as a GARCH(1,1) process5 .

To capture possible non-linear return characteristics we include the squared returns of Russel 3000 equity

index as an additional factor. This choice is justified on the basis of discussion preceded. The exposure on

Russel 3000 equity index is significant in most funds. Also, the Equity Long/Short strategy, is defined as

consisting of a core holding of long equities hedged at all times with short sales of stocks and/or stock index

options. Chen and Liang (2006) also incorporate non-linear patterns in ‘Market timing’ fund returns using

squared terms of equity market returns as explanatory variables. These additional factors, i.e. lag of return

and squared term, render the number of possible pricing models 216 = 65, 536 thus substantially increasing

the complexity of the problem at hand.

Next, we look at the models emerging when we apply the alternative model selection strategies. Using

STEP, AIC, BIC, and MP, BMA we identify the most appropriate pricing model. Table 9 presents the

results of this exercise. Values represent the number, and the proportion, in parenthesis, of the funds in

which the respective factor is found to be priced. A factor is said to be priced at the 5% level on the basis

of its t - (STEP, AIC, BIC, MP) or the posterior t - (BMA) ratio. We observe that, contrary to BMA,

the selection strategies resulting in a single model tend to select relatively large models despite the penalties

5Similar analysis is performed for the period April 1990 to December 2004. Results are not reported for economy of space.
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associated with including more variables. The posterior t ratios of the slope coefficients are smaller than

their classical counterparts. The difference between BMA and the other selection strategies is generally

attributed to the fact that the latter put full weight on the inclusion or exclusion of a variable and ignore

model uncertainty (Cremers, 2002) .

INSERT TABLE 9 ABOUT HERE

We extend our investigation to examine the potential impact of the proposed algorithm for a fund manager

who wishes to determine her investment universe by ranking hedge funds on the basis of their estimated

‘alpha’. After investigating an exhaustive range of factor models Amenc and Martelini (2003) conclude that

the models tend to agree on the relative ranking of funds. This is also found by Alexander and Dimitriu

(2004). Our analysis of ‘alpha’ correlation and ‘probability of agreement’6 tends to agree with these studies

- see Table 10. However, when we rank funds with respect to their estimated ‘alpha’ and group them in 10%

classes, i.e. top 10%, 20%,..., we find groups that in some case are very different. Table 11 reports values

corresponding to the proportion of the group that is different between any two approaches. We notice that

the difference is more apparent with groups in the lower ‘alpha’ range and especially between STEP and all

other models. In the same spirit, we group funds with respect to their significance of ‘alpha’ as in Kosowski

et al. (2007). We present the results of this experiment in Table 12. The resulting groups are now different

at an even higher proportion.

INSERT TABLE 10 ABOUT HERE

INSERT TABLE 11 ABOUT HERE

INSERT TABLE 12 ABOUT HERE

To explore the possible economic impact, we compare the performance of ‘alpha’ sorted and t of ‘alpha’

sorted portfolios of individual hedge funds for a period of two years as discussed above. The results of

this analysis are presented in Table 13. We consider two cases. In the first case, we want to assess the

6This metric is calculated as in Amenc and Martelini (2003). It essentially measures the probability that two selection
strategies, k, l will agree on the rank order of a randomly chosen pair of hedge funds. Mathematically, the ‘probability of

agreement’, Ak,l is computed through: Ak,l =

NX
i=1

NX
j=i+1

gk,l(i,j)

N(N−1)/2 , where gk,l (i, j) is 1 if k, l agree on the rank order, i.e.

αk (i) > αk (j) and αl (i) > αl (j) or αk (i) < αk (j) and αl (i) < αl (j), and 0 otherwise.21



performance of a portfolio of funds with a mid-term holding horizon, i.e. two years. This could represent

the holdings of a pension fund manager for example who wishes to revise her exposure in the hedge fund

asset class less frequently. In the second case, we allow the manager to formulate her portfolio by re-

evaluating individual fund investments every year. This could be a fund of funds manger with regular

- typically short-term - performance appraisal wishing to enhance performance through actively selecting

appropriate investments in the hedge fund universe. Our experiment involves determining the appropriate

factor models, estimate ‘alpha’, and allocate wealth in the top-performing funds. The results show that

the economic importance of using an appropriate model selection strategy, as measured by the two year

cumulative returns, is in our sample in the range of 7.53% - 7.73%, i.e. the difference between MP vs AIC

and BMA vs AIC for t of ‘alpha’ ranked funds’ portfolios. The respective benefit for ‘alpha’ ranked funds’

portfolios is in the range 3.00% - 4.61%. When the manager rearranges her portfolio every year, the highest

economic impact is found for t of ‘alpha’ ranked funds’ portfolios, i.e. 6.94% for BMA vs STEP and 4.68%

for MP vs STEP. BIC, MP, and BMA, all based on Bayesian techniques, are generally found to outperform

STEP and AIC in this experiment.

INSERT TABLE 13 ABOUT HERE

In summary, we show that the different model selection strategies generally arrive at different factor

models suggesting different sources of risk premia for individual funds. The overall picture in our sample

is that MP and BMA, the strategies that make use of the proposed Bayesian stochastic search algorithm,

outperform the other model selection strategies. They also provide, a more computationally efficient tool

for constructing short- and mid-term fund portfolios.

V Conclusion

This article is concerned with the issue of model uncertainty in hedge fund pricing. The fact that existing

equilibrium pricing theories are not explicit about which factors should enter the pricing regression along

with the lack of transparency and the large number of possible market and trading strategy combinations

hedge funds can follow renders the true set of pricing factors virtually unknown, thus introducing model
22



uncertainty. We use a Bayesian model averaging approach to account for model uncertainty and show how

to include heteroscedasticity in the analysis. We develop a Markov chain Monte Carlo stochastic search

algorithm which explores the space of models under consideration and demonstrate that it is flexible and

efficient.

We carry out empirical experiments to examine the impact of accounting for model uncertainty. We

compare the performance of a Bayesian methodology with standard approaches used in the literature, i.e.

a stepwise regression procedure, and model selection approaches based on Akaike’s (1973) and Schwarz’s

(1978) Bayesian information criteria. The proposed algorithm is validated by examining several aspects of

the estimation output in the hedge fund market; and the equity market as a robustness check. We find that

BMA combined with modelling heteroscedasticity improves the predictive performance of the pricing model.

With an eye to judge the economic impact of the proposed algorithm we investigate the performance of

portfolios formulated on the basis of the ranking of ‘alpha’ and ‘t of alpha’ of individual funds. We find

that accounting for model uncertainty creates value in that respect. While this is one aspect of using the

appropriate pricing model one other could be encountered when investors determine their investments on

the basis of the associated risk premia. If a pricing factor is found relevant when it is actually not, investors

wishing to earn risk premia associated with it will undertake the wrong investment decision.
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Table 1: Posterior model probabilities for total hedge fund market

Stochastic search
Models ‘Exact’ 20,000 50,000 100,000

1 2 4 6 8 10 0.04 0.03 0.04 0.04
1 2 4 6 8 0.03 0.02 0.03 0.02
1 2 6 8 10 13 0.02 0.02 0.02 0.02
1 2 4 6 7 8 10 0.02 0.02 0.02 0.02
1 4 6 8 11 0.02 0.02 0.01 0.01
4 6 8 11 0.01 0.02 0.01 0.01
1 2 4 6 8 10 13 0.01 0.01 0.01 0.01
1 2 6 8 10 0.01 0.01 0.01 0.01
2 4 6 8 0.01 0.01 0.01 0.01
1 2 4 6 8 11 0.01 0.01 0.01 0.01

This table shows the ten most probable models specifications in the pricing regression rt = α+
KX
k=1

βkfk,t + εt,

εt|Φt−1 ∼ N
¡
0,σ2t

¢
, σ2t = ω + bε2t−1 + gσ

2
t−1 and their associated posterior model probabilities. ‘Exact’ refers to

the method that calculates the posterior probabilities for the collection of all 2K models and returns the ten most

probable models. ‘Stochastic search’ refers to the proposed method implemented for 20,000, 50,000, and 100,000

iterations in order to also return the ten most probable models. Model specifications are identified by the numbers

associated with the corresponding factors. Thus, 1 is the the Russel 3000 equity index excess return (RUS), 2 is

the Russel 3000 equity index excess return lagged once [RUS(-1)], 3 is the Morgan Stanley Capital International

world excluding USA index excess return (MXUS), 4 is the Morgan Stanley Capital International emerging markets

index excess return (MEM), 5 is the Fama and French’s (1993) ‘size’ (SMB), 6 is the Fama and French’s (1993)

‘book-to-market’ (HML), 7 is Carhart’s (1997) ‘momentum’ factors (MOM), 8 is the Salomon Brothers world

government and corporate bond index excess return (SBGC), 9 is the Salomon Brothers world government bond

index excess return (SBWG), 10 is the Lehman high yield index excess return (LHY), 11 is the difference between

the yield on the BAA-rated corporate bonds and the 10-year Treasury bonds (DEFSPR), 12 is the Goldman Sachs

commodity index excess returns (GSCI), 13 is the Federal Reserve Bank competitiveness weighted dollar-index

excess return (FRBI), 14 is the change in S&P 500 implied volatility index (VIX), 15 is the the squared returns of

the Salomon Brothers world government and corporate bond index excess return (SBGC2).
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Table 2: Analysis of the total hedge fund market

STEP AIC BIC MP BMA

α 0.0052 (0.0017) 0.0048 (0.0016) 0.0051 (0.0012) 0.0051 (0.0012) 0.0047 (0.0015)
RUS 0.2517 (0.0560) 0.2105 (0.0578) 0.0949 (0.0415) 0.0949 (0.0415) 0.1025 (0.0693)
RUS(-1) - - 0.0617 (0.0211) 0.0617 (0.0211) 0.0422 (0.0347)
MXUS - - - - 0.0016 (0.0129)
MEM 0.1243 (0.0357) 0.1108 (0.0332) 0.0717 (0.0271) 0.0717 (0.0271) 0.0829 (0.0507)
SMB 0.1331 (0.0429) 0.0867 (0.0508) - - 0.0056 (0.0248)
HML - -0.0683 (0.0465) -0.1617 (0.0347) -0.1617 (0.0347) -0.1400 (0.0431)
MOM 0.1213 (0.0192) 0.0805 (0.0245) - - 0.0147 (0.0260)
SBGC 0.7788 (0.1061) 0.6612 (0.1066) 0.3754 ( 0.0776) 0.3754 ( 0.0776) 0.4317 (0.1368)
SBWG -0.3607 (0.0713) -0.2312 (0.0652) - - -0.0361 (0.0811)
LHY - - 0.0775 (0.0456) 0.0775 (0.0456) 0.0398 (0.0527)
DEFSPR -3.5562 (1.1380) -3.1836 (1.0548) - - -0.9200 (1.3828)
FRBI - - - - -0.0146 (0.0594)
GSCI - - - - 0.0043 (0.0138)
VIX 0.1497 (0.0481) 0.1332 (0.0466) - - 0.0129 (0.0374)
SBGC2 -12.1200 (4.6982) -6.0692 (4.0319) -0.0710 (0.7943)
ω - 2·10−7 (6·10−6) 2·10−7 (3·10−6) 2·10−7 (3·10−6) 2·10−7 (4·10−6)
b - 0.0574 (0.0476) 0.1538 (0.0657) 0.1538 (0.0657) 0.1325 (0.0701)
g - 0.9327 (0.0700) 0.8461 (0.0579) 0.8461 (0.0579) 0.8640 (0.0657)

This table shows the results of the pricing regression rt = α+
KX
k=1

βkfk,t + εt, εt|Φt−1 ∼ N
¡
0,σ2t

¢
,

σ2t = ω+ bε2t−1 + gσ
2
t−1 during the sample period January 1994 to December 2003. The table shows the intercept α

and coefficients obtained from four model selection approaches, namely, stepwise regression (STEP), Akaike’s (1973)

information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC), Bayesian stochastic model

search most probable model (MP), and Bayesian model averaging (BMA). The information variables are: the

Russel 3000 equity index excess return (RUS) and the Russel 3000 equity index excess return lagged once [RUS(-1)],

the Morgan Stanley Capital International world excluding USA index excess return (MXUS), the Morgan Stanley

Capital International emerging markets index excess return (MEM), Fama and French’s (1993) ‘size’ (SMB) and

‘book-to-market’ (HML) as well as Carhart’s (1997) ‘momentum’ factors (MOM), the Salomon Brothers world

government and corporate bond index excess return (SBGC), the Salomon Brothers world government bond index

excess return (SBWG), the Lehman high yield index excess return (LHY), the difference between the yield on the

BAA-rated corporate bonds and the 10-year Treasury bonds (DEFSPR), the Goldman Sachs commodity index

excess returns (GSCI), the Federal Reserve Bank competitiveness weighted dollar-index excess return (FRBI), the

change in S&P 500 implied volatility index (VIX), and the squared returns of the Salomon Brothers world

government and corporate bond index excess return (SBGC2).
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Table 3: Predictive log score for different periods of model search for hedge fund returns

STEP AIC BIC MP BMA

1-month 71.59 68.80 74.34 73.63 78.49
3-months 71.44 69.79 76.42 76.45 79.98
6-months 72.26 69.62 76.42 76.45 80.28
12-months 72.49 75.57 77.31 77.34 81.11
24-months 72.49 74.48 77.17 77.20 81.18

This table shows values of the predictive log score for the pricing regression rt = α+
KX
k=1

βkfk,t + εt,

εt|Φt−1 ∼ N
¡
0,σ2t

¢
, σ2t = ω + bε2t−1 + gσ

2
t−1 during the sample period January 2004 to December 2005 for the

Credit Suisse/Tremont Hedge Fund Index. The predictive log score is computed through
P

i log bp³yT+i|γ,y(i)E ´
for stepwise regression (STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian information

criterion (BIC), the Bayesian stochastic model search most probable model (MP) model selection strategies and

through
P

i log
nP

γ∈A bp³yT+i|γ,y(i)E ´ p³γ|y(i)E ´o for Bayesian model averaging (BMA).
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Table 4: t-test and Wilcoxon signed rank test for different periods of model search for hedge fund returns

STEP AIC BIC MP BMA
(%) (%) (%) (%) (%)

1-month ∆r 0.25 0.09 0.07 0.06 0.07
t-test 0.3120 0.5952 0.6818 0.7056 0.6535
∆r 0.19 0.07 -0.02 -0.08 0.01

sign test 0.0865∗ 0.3758 0.4751 0.5485 0.3914
3-months ∆r 0.26 0.14 0.04 0.04 0.06

t-test 0.2959 0.3895 0.8056 0.8056 0.6845
∆r 0.27 0.12 -0.08 -0.08 0.03

sign test 0.0865∗ 0.2301 0.5872 0.5872 0.4576
6-months ∆r 0.30 0.11 0.04 0.04 0.05

t-test 0.2089 0.5400 0.8056 0.8056 0.7702
∆r 0.27 0.07 -0.08 -0.08 -0.03

sign test 0.0719∗ 0.2414 0.5872 0.5872 0.5872
12-months ∆r 0.32 0.08 0.04 0.04 0.07

t-test 0.1702 0.6479 0.8083 0.8083 0.6635
∆r 0.30 0.23 -0.04 -0.04 0.02

sign test 0.0487∗∗ 0.3758 0.6071 0.6071 0.5677
24-months ∆r 0.32 0.16 0.12 0.12 0.13

t-test 0.1699 0.3771 0.4848 0.4848 0.4073
∆r 0.30 0.21 0.14 0.14 0.18

sign test 0.0470∗∗ 0.1264 0.3758 0.3758 0.2652

This table shows the results of two-sided t-test and Wilcoxon signed-rank test for the difference in the mean and

median returns of the total hedge fund market index and those of the corresponding replicating portfolio obtained

through stepwise regression (STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian

information criterion (BIC), the Bayesian stochastic model search most probable model (MP) and Bayesian model

averaging (BMA) selection strategies. ∆r is the mean (median) return of the index minus that of the replicating

portfolio. * and ** indicate ∆r is significantly different from zero at the 10% and 5% levels respectively
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Table 5: Posterior model probabilities for equity returns

Stochastic search
Models ‘Exact’ 20,000 50,000 100,000

8 9 0.26 0.25 0.26 0.26
8 9 12 0.15 0.15 0.15 0.15
6 8 9 0.07 0.08 0.07 0.07
6 7 8 0.04 0.04 0.04 0.04
7 8 0.02 0.03 0.03 0.02
8 9 14 0.02 0.02 0.02 0.02
6 7 0.02 0.02 0.02 0.02
6 7 8 9 0.02 0.02 0.02 0.02
4 8 9 0.01 0.02 0.02 0.02
7 8 12 0.01 0.02 0.01 0.01

This table shows the ten most probable models specifications in the pricing regression rt = α+
KX
k=1

βkfk,t + εt,

εt|Φt−1 ∼ N
¡
0,σ2t

¢
, σ2t = ω + bε2t−1 + gσ

2
t−1 and their associated posterior model probabilities. ‘Exact’ refers to

the method that calculates the posterior probabilities for the collection of all 2K models and returns the ten most

probable models. ‘Stochastic search’ refers to the proposed method implemented for 20,000, 50,000, and 100,000

iterations in order to also return the ten most probable models. Model specifications are identified by the numbers

associated with the corresponding factors. Thus, 1 is the S&P 500 index excess return lagged once [SP(-1)], 2 is

the S&P 500 index excess return lagged twice [SP(-1)], 3 is the S&P index dividend yield (DY), 4 is the S&P 500

earnings yield (EP), 5 is the NYSE volume divided by the NYSE price (NYSEVP), 6 is the difference between the

yield on a BAA and AAA Moody’s rated corporate bonds (CR), 7 is the yield on a 3-month maturity Treasury bill

(TRB) and 8 is its first difference (ChTRB), 9 is the difference between the yield on a 10-year Treasury bond and

the yield on a 3-month maturity Treasury bill (YLD), 10 is the difference between the Federal Funds rate and the

yield on a 3-month maturity Treasury bill (TRM), 11 is a January dummy (JAN), 12 is the monthly year-by-year

rate of change in industrial production (IP), 13 is the monthly seasonally adjusted year-by-year rate of change of

inflation as measured by the producer price index for finished goods (INFL) and 13 is its first difference (ChINFL).
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Table 6: Analysis of the equity market

STEP AIC BIC MP BMA

α -0.0014 (0.0046) 0.0066 (0.0056) 0.0055 (0.0021) 0.0055 (0.0021) 0.0056 (0.0049)
SP(-1) - - - - -0.0002 (0.0077)
SP(-2) - - - - -0.0004 (0.0081)
DY - -0.0088 (0.0040) - - -0.0000 (0.0004)
EP - 0.4459 (0.1917) - - 0.0033 (0.0246)
NYSEVP - - - - 0.0000 (0.0000)
CR 0.0091 (0.0044) 0.0146 (0.0055) - - 0.0030 (0.0060)
TRB - -0.0027 (0.0011) - - -0.0006 (0.0012)
ChTRB -0.0151 (0.0030) -0.0120 (0.0035) -0.0165 (0.0032) -0.0165 (0.0031) -0.0145 (0.0047)
YLD -0.0112 ( 0.0023) -0.0081 ( 0.0025) -0.0087 (0.0019) -0.0087 (0.0019) -0.0073 (0.0041)
TRM - - - - 0.0000 (0.0003)
JAN - - - - 0.0000 (0.0009)
IP - - - - -0.0210 (0.0373)
INFL - - - - -0.0008 (0.0138)
ChINFL - - - - -0.0175 (0.0967)
ω - 9·10−5 (4·10−5) 9·10−5 (4·10−5) 9·10−5 (4·10−5) 9·10−5 (4·10−5)
b - 0.0729 (0.0271) 0.0725 (0.0270) 0.0725 (0.0270) 0.0733 (0.0273)
g - 0.8786 (0.0403) 0.8768 (0.0403) 0.8768 (0.0403) 0.8756 (0.0406)

This table shows the results of the pricing regression rt = α+
KX
k=1

βkfk,t + εt, εt|Φt−1 ∼ N
¡
0,σ2t

¢
,

σ2t = ω+ bε2t−1 + gσ
2
t−1 during the sample period January 1954 to December 2003. The table shows the intercept α

and coefficients obtained from four model selection approaches, namely, stepwise regression (STEP), Akaike’s (1973)

information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC), Bayesian stochastic model

search most probable model (MP), and Bayesian model averaging (BMA). The information variables are: the S&P

500 index excess return lagged once [SP(-1)] and twice [SP(-2)], the S&P 500 index dividend yield (DY), the S&P

500 earnings yield (EP), the NYSE volume divided by the NYSE price (NYSEVP), the difference between the yield

on a BAA and AAA Moody’s rated corporate bonds (CR), the yield on a 3-month maturity Treasury bill (TRB)

and its first difference (ChTRB), the difference between the yield on a 10-year Treasury bond and the yield on a

3-month maturity Treasury bill (YLD), the difference between the Federal Funds rate and the yield on a 3-month

maturity Treasury bill (TRM), a January dummy (JAN), the monthly year-by-year rate of change in industrial

production (IP), the monthly seasonally adjusted year-by-year rate of change of inflation as measured by the

producer price index for finished goods (INFL) and its first difference (ChINFL).
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Table 7: Predictive log score for different periods of model search for equity returns

STEP AIC BIC MP BMA

1-month 51.33 53.37 53.77 53.77 53.79
3-months 51.33 53.43 53.77 53.77 53.80
6-months 51.33 53.37 53.77 53.77 53.80
12-months 51.33 53.25 53.77 53.77 53.80
24-months 51.33 52.67 53.77 53.77 53.80

This table shows values of the predictive log score for the pricing regression rt = α+
KX
k=1

βkfk,t + εt,

εt|Φt−1 ∼ N
¡
0,σ2t

¢
, σ2t = ω + bε2t−1 + gσ

2
t−1 during the sample period January 2004 to December 2005 for the S&P

500. The predictive log score is computed through
P

i log bp³yT+i|γ,y(i)E ´ for stepwise regression (STEP), Akaike’s
(1973) information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC), the Bayesian stochastic

model search most probable model (MP) model selection strategies and throughP
i log

nP
γ∈A bp³yT+i|γ,y(i)E ´ p³γ|y(i)E ´o for Bayesian model averaging (BMA).
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Table 8: t-test and Wilcoxon signed rank test for different periods of model search for equity returns

STEP AIC BIC MP BMA
(%) (%) (%) (%) (%)

1-month ∆r 0.05 0.31 0.01 0.01 0.10
t-test 0.9095 0.5182 0.9754 0.9754 0.8330
∆r -0.22 -0.20 -0.26 -0.26 -0.19

sign test 0.9544 0.5293 0.9544 0.9544 0.9544
3-months ∆r 0.05 0.35 0.01 0.01 0.10

t-test 0.9121 0.4573 0.9765 0.9765 0.8278
∆r -0.22 -0.08 -0.26 -0.26 -0.19

sign test 0.9544 0.4155 0.9515 0.9515 0.9431
6-months ∆r 0.05 0.48 0.01 0.01 0.10

t-test 0.9121 0.3096 0.9765 0.9765 0.8292
∆r -0.22 -0.01 -0.26 -0.26 -0.18

sign test 0.9544 0.2192 0.9515 0.9515 0.9544
12-months ∆r 0.05 0.71 0.01 0.01 0.10

t-test 0.9121 0.1298 0.9765 0.9765 0.8249
∆r -0.22 0.26 -0.26 -0.26 -0.18

sign test 0.9544 0.1034 0.9515 0.9515 0.9544
24-months ∆r 0.05 0.97 0.01 0.01 0.10

t-test 0.9121 0.044∗∗ 0.9765 0.9765 0.8263
∆r -0.22 0.55 -0.26 -0.26 -0.18

sign test 0.9544 0.0425∗∗ 0.9515 0.9515 0.9544

This table shows the results of two-sided t-test and Wilcoxon signed-rank test for the difference in the mean and

median returns of the equity market index and those of the corresponding replicating portfolio obtained through

stepwise regression (STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian information

criterion (BIC), the Bayesian stochastic model search most probable model (MP) and Bayesian model averaging

(BMA) selection strategies. ∆r is the mean (median) return of the index minus that of the replicating portfolio. *

and ** indicate ∆r is significantly different from zero at the 10% and 5% levels respectively
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Table 9: Analysis of individual funds

STEP AIC BIC MP BMA

α 54 (66%) 56 (68%) 60 (73%) 59 (72%) 49 (60%)
LAG 9 (11%) 10 (12%) 8 (10%) 9 (11%) 6 (7%)
RUS 41 (50%) 56 (68%) 47 (57%) 44 (54%) 34 (41%)
RUS(-1) 11 (13%) 18 (22%) 13 (16%) 11 (13%) 5 (6%)
MXUS 13 (16%) 20 (24%) 17 (21%) 16 (20%) 4 (5%)
MEM 20 (24%) 24 (29%) 22 (27%) 18 (22%) 10 (12%)
SMB 35 (43%) 42 (51%) 35 (43%) 34 (41%) 18 (22%)
HML 39 (48%) 51 (62%) 39 (48%) 37 (45%) 27 (33%)
MOM 12 (15%) 25 (30%) 20 (24%) 19 (23%) 10 (12%)
SBGC 0 (0%) 13 (16%) 5 (6%) 4 (5%) 1 (1%)
SBWG 7 (9%) 24 (29%) 15 (18%) 12 (15%) 2 (2%)
LHY 3 (4%) 5 (6%) 6 (7%) 5 (6%) 0 (0%)
DEFSPR 7 (9%) 17 (21%) 14 (17%) 11 (13%) 1 (1%)
FRBI 4 (5%) 16 (20%) 7 (9%) 4 (5%) 1 (1%)
GSCI 4 (5%) 13 (16%) 8 (10%) 7 (9%) 1 (1%)
VIX 14 (17%) 27 (33%) 27 (33%) 23 (28%) 5 (6%)
RUS2 5 (6%) 8 (10%) 5 (6%) 6 (7%) 1 (1%)
ω - 51 (62%) 50 (61%) 52 (63%) 50 (61%)
b - 19 (23%) 16 (20%) 18 (22%) 15 (18%)
g - 20 (24%) 21 (26%) 20 (24%) 18 (22%)

This table presents the number, and the proportion, in parenthesis, of the funds in which the respective factor is

found to be priced in the regression rt = α+
KX
k=1

βkfk,t + εt during the sample period April 1990 to December 2003.

The table shows the intercept α and coefficients obtained from four model selection approaches, namely, stepwise

regression (STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian information criterion

(BIC), Bayesian stochastic model search most probable model (MP), and Bayesian model averaging (BMA). The

information variables are: rt−1 (LAG) when the null of no-autocorrelation is rejected at the 5% significance level

(Ljung-Box test based on 12 lags), the Russel 3000 equity index excess return (RUS) and the Russel 3000 equity

index excess return lagged once [RUS(-1)], the Morgan Stanley Capital International world excluding USA index

excess return (MXUS), the Morgan Stanley Capital International emerging markets index excess return (MEM),

Fama and French’s (1993) ‘size’ (SMB) and ‘book-to-market’ (HML) as well as Carhart’s (1997) ‘momentum’

factors (MOM), the Salomon Brothers world government and corporate bond index excess return (SBGC), the

Salomon Brothers world government bond index excess return (SBWG), the Lehman high yield index excess return

(LHY), the difference between the yield on the BAA-rated corporate bonds and the 10-year Treasury bonds

(DEFSPR), the Goldman Sachs commodity index excess returns (GSCI), the Federal Reserve Bank competitiveness

weighted dollar-index excess return (FRBI), the change in S&P 500 implied volatility index (VIX), and the squared

returns of the Russel 3000 equity index excess return (RUS2). We model εt|Φt−1 ∼ N
¡
0,σ2t

¢
,

σ2t = ω + bε2t−1 + gσ
2
t−1 when the null of no-autocorrelation in the absolute or squared retruns is rejected at the 5%

significance level (Ljung-Box test based on 12 lags), and εt|Φt−1 ∼ N
¡
0,σ2

¢
otherwise.
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Table 10: Groups of significance-of-alpha-ranked hedge funds

Panel A: Correlations

Methodology (1) (2) (3) (4) (5)

STEP (1) 1.00
AIC (2) 0.70 1.00
BIC (3) 0.81 0.88 1.00
MP (4) 0.79 0.85 0.97 1.00
BMA (5) 0.82 0.87 0.95 0.97 1.00

Panel B: Probability of agreement

Methodology (1) (2) (3) (4) (5)

STEP (1) 1.00
AIC (2) 0.77 1.00
BIC (3) 0.83 0.88 1.00
MP (4) 0.81 0.85 0.96 1.00
BMA (5) 0.81 0.86 0.92 0.93 1.00

This table presents measures of agreement in ‘alpha’ calculation from four model selection approaches, namely,

stepwise regression (STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian information

criterion (BIC), Bayesian stochastic model search most probable model (MP), and Bayesian model averaging (BMA)

during the sample period April 1990 to December 2003. Panel A, shows correlation coeffcients of ‘alphas; Panel B,

shows the probability of agreement of the relative rank of two randomly chosen pair of hedge funds from the sample.
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Table 11: Groups of alpha-ranked hedge funds

Top 10% 20% 30% 40% 50% 60% 70% 80% 90% Bottom 10%

STEP/AIC 33.3% 62.5% 87.5% 87.5% 62.5% 75.0% 75.0% 87.5% 75.0% 66.7%
STEP/BIC 33.3% 62.5% 62.5% 62.5% 75.0% 62.5% 75.0% 37.5% 75.0% 55.6%
STEP/MP 33.3% 75.0% 75.0% 75.0% 75.0% 87.5% 75.0% 75.0% 87.5% 55.6%
STEP/BMA 11.1% 62.5% 62.5% 75.0% 75.0% 87.5% 87.5% 75.0% 37.5% 44.4%
AIC/BIC 22.2% 62.5% 62.5% 62.5% 87.5% 62.5% 50.0% 62.5% 75.0% 55.6%
AIC/MP 22.2% 75.0% 62.5% 50.0% 62.5% 62.5% 50.0% 62.5% 75.0% 55.6%
AIC/BMA 22.2% 50.0% 37.5% 50.0% 50.0% 100.0% 87.5% 75.0% 62.5% 55.6%
BIC/MP 0.0% 12.5% 25.0% 12.5% 25.0% 25.0% 37.5% 50.0% 12.5% 0.0%
BIC/BMA 22.2% 50.0% 37.5% 37.5% 62.5% 87.5% 87.5% 75.0% 75.0% 22.2%
MP/BMA 22.2% 50.0% 50.0% 37.5% 62.5% 87.5% 62.5% 50.0% 62.5% 22.2%

This table shows the proportional difference between groups of hedge funds ranked with respect to the estimate of

‘alpha’ . Alpha is obtained from four model selection approaches, namely, stepwise regression (STEP), Akaike’s

(1973) information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC), Bayesian stochastic

model search most probable model (MP), and Bayesian model averaging (BMA) during the sample period April

1990 to December 2003.

Table 12: Groups of significance-of-alpha-ranked hedge funds

Top 10% 20% 30% 40% 50% 60% 70% 80% 90% Bottom 10%

STEP/AIC 44.4% 62.5% 87.5% 100.0% 100.0% 87.5% 50.0% 62.5% 62.5% 55.6%
STEP/BIC 33.3% 62.5% 62.5% 75.0% 50.0% 62.5% 75.0% 87.5% 75.0% 66.7%
STEP/MP 55.6% 50.0% 62.5% 87.5% 37.5% 62.5% 62.5% 87.5% 75.0% 66.7%
STEP/BMA 44.4% 50.0% 87.5% 87.5% 75.0% 75.0% 87.5% 75.0% 75.0% 66.7%
AIC/BIC 11.1% 50.0% 75.0% 87.5% 75.0% 62.5% 62.5% 50.0% 37.5% 44.4%
AIC/MP 33.3% 62.5% 87.5% 87.5% 75.0% 62.5% 50.0% 50.0% 37.5% 44.4%
AIC/BMA 44.4% 62.5% 100.0% 75.0% 75.0% 87.5% 100.0% 62.5% 37.5% 44.4%
BIC/MP 22.2% 37.5% 25.0% 25.0% 12.5% 25.0% 12.5% 12.5% 0.0% 0.0%
BIC/BMA 33.3% 50.0% 62.5% 62.5% 75.0% 87.5% 87.5% 62.5% 25.0% 11.1%
MP/BMA 33.3% 62.5% 50.0% 62.5% 75.0% 87.5% 87.5% 62.5% 25.0% 11.1%

This table shows the proportional difference between groups of hedge funds ranked with respect to the significance

of ‘alpha’ . Alpha is obtained from four model selection approaches, namely, stepwise regression (STEP), Akaike’s

(1973) information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC), Bayesian stochastic

model search most probable model (MP), and Bayesian model averaging (BMA) during the sample period April

1990 to December 2003.
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Table 13: Groups of significance-of-alpha-ranked hedge funds

STEP AIC BIC MP BMA

2-year
‘alpha’

mean 1.20% 1.13% 1.24% 1.24% 1.28%
cum. 32.37% 30.14% 33.14% 33.14% 34.75%

t of ‘alpha’
mean 1.00% 0.80% 0.87% 1.08% 1.07%
cum 26.48% 20.99% 22.83% 28.72% 28.52%

1-year
‘alpha’

mean 1.20% 0.84% 1.27% 1.27% 1.26%
cum. 32.40% 21.66% 34.04% 34.04% 33.83%

t of ‘alpha’
mean 0.85% 0.91% 0.89% 1.01% 1.08%
cum. 22.03% 24.12% 23.36% 26.71% 28.97%

This table shows the returns of portfolio of funds comprising of the top 10% ‘alpha’ ranked and top 10% t of ‘alpha’

ranked managers. Portfolios are constructed for a period of two years without revision (2-year) and with a revision

on the first year (1-year). The monthly mean return (mean) as well as the cummulative 2-year return (cum.) are

reported. ‘alpha’ and t of ‘alpha’ is obtained from four model selection approaches, namely, stepwise regression

(STEP), Akaike’s (1973) information criterion (AIC), Schwartz (1978) Bayesian information criterion (BIC),

Bayesian stochastic model search most probable model (MP), and Bayesian model averaging (BMA) during the

sample period April 1990 to December 2004.
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