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Abstract

In Section 1, we collect the proofs of theorems and lemmas appearing in the

main text. In Section 2, we provide a careful discussion of all the filters that we

apply to the raw dataset of hedge fund returns and investigate their implications

for performance measurement using the Fung and Hsieh (2001) factors. In Section

3, we compare the statistical significance of the performance measures according to

various methods of computation of the t-statistics: asymptotic with delta method,

Newey and West, and bootstrap. In Section 4, we present a power analysis ex-

periment for the asymptotic delta method t-statistics. In Section 5, we relate the

cross-section of hedge funds alphas to a number of variables including individual

fund characteristics, co-skewness and co-kurtosis of funds with the market. In Sec-

tion 6, we include a robustness analysis by replacing the Treasury yield and credit

spread factors in the Fung and Hsieh dataset by tradable indexes of US Treasuries

and High-Yield bonds. In Section 7 we propose a way to derive the limiting distri-

bution of the performance measure α(γ) as an empirical process.
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1 Proofs of Theorems

1.1 Proof of Theorem 2

Proof. Note that g(λ̂) =
∂Mγ

T (λ,R)

∂λ′
is continuously differentiable. Thus, g(λ̂) admits a

mean value expansion as follows:

0 = g(λ̂) = g(λ∗) +Hλλ,T (λ̄)(λ̂− λ∗), (1)

where λ̄ is a convex combination of λ∗ and λ̂ and the first equality follows from the first-

order condition of the objective function. The above equation can be solved for (λ̂−λ∗),

assuming the invertibility of Hλλ,T (λ̄), as follows:

√
T (λ̂− λ∗) = −Hλλ,T (λ̄)−1

(√
Tg(λ∗)

)
(2)

To complete the proof we must show that Hλλ,T (λ̄)−1 converges to a non-stochastic

matrix, E[Hλλ,T (λ̄)−1], when T →∞ and that
√
Tg(λ∗) is asymptotically normal.

The first fact is a straightforward consequence of assumption 2 and the weak law

of large numbers. From theorem 1 we have that under assumption 2, λ̂ is a consistent

estimator for λ∗. Since λ̄ is a convex combination of λ̂ and λ∗ we have that λ̄ →p λ
∗.

Thus, using the continuity of Hλλ(·) as a function of λ, guaranteed by the Uniform

Convergence Theorem1, we can apply the Continuous Mapping Theorem to show that

Hλλ,T (λ̄)−1 converges to Hλλ(λ
∗)−1. Note that Hλλ(λ

∗)−1 is well defined since Hλλ(λ
∗) is

of full rank (by assumption 2 (F)).

Therefore we obtain:

√
T (λ̂− λ∗) =a −Hλλ(λ

∗)−1
(√

Tg(λ∗)
)

(3)

Using assumption 2 Almeida and Garcia (2012) (see also Kitamura and Stutzer (1997))

invoke a central limit theorem to get:

√
Tg(λ∗)→d N(0, Sλ) (4)

1Given any compact set around λ∗, say for instance the closed ball Γ̄(λ∗, δ), δ > 0, the functions
{Hλλ,T (.)}T=1,2,... given in Equation (25) in the main text form a sequence of uniformly continuous
functions of λ.
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This, coupled with the Slutzky theorem for products of sequences of random variables,

gives the desired result.

1.2 Assumptions for Consistency and Asymptotic Normality on

the γ > 0 Case

Assumption 3.

(A) We assume that λ∗ is the unique solution to the following problem:

λ∗ = argmin
λ∈Λ

Mγ+(λ, R̃) (5)

where Λ ∈ RK is a compact subset of RK .

(B) The process R̃t is stationary and ergodic.

(C) The process R̃t is strongly mixing with mixing coefficients αt satisfying
∑∞

t=1 α
1−1/b
n <

∞ and b > 1.

(D) E[R̃R̃
′
] is non-singular and E[‖R̃‖2] <∞.

(E) The set {(1 + γλ′R̃) = 0} has probability zero.

(F) The first-order derivatives hγ+(λ, R̃) form a Donsker class for λ in a neighborhood

of λ∗.

(G) The matrix E[H+
λλ(λ

∗)] is non singular and positive definite. The second derivatives

are well specified except on a set with zero probability. H+
λλ is continuous for any

λ ∈ RK almost surely in R̃.

(H) V ar
(√

T
[
∂
∂λ
Mγ+

T (λ∗, R̃)
])
→p S

+
λ > 0 when T →∞.

(I) Mγ+(λ, R̃) <∞ for all vectors λ in a neighborhood of λ∗.

The above assumptions are standard. Assumption (A) can be relaxed to non-compactness

with some additional complications, but compactness simplifies the consistency proofs.

Assumptions (B) and (C) guarantee that the stochastic process is well behaved and that

given “sufficient time” between groups of sequential observations, that these groups of
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random variables are independent. This allows us to make inference on the population

moments using the time series of the benchmark factors. Assumption (D) requires that the

random variables R̃ are square integrable, a necessary condition to compute the asymp-

totic covariance matrix. Assumption (E) guarantees that the set of non-differentiable

points in the optimization function is negligible. This is required for differentiability in

the quadratic mean approximation. Assumption (F) is used to guarantee the first-order

approximation of the stochastic term in the quadratic approximation. Assumption (G)

ensures that the optimization problem is well defined. The remaining assumptions paral-

lel the ones in Assumption 2 and are used to prove the asymptotic normality of the score

vector. Among the above assumptions, assumption (F) is the less standard one and is

discussed further in the paragraph below.

Following Pollard (1982) we have that a set G ∈ L2(P ) forms a Donsker class for P

if a functional central limit theorem holds for the sequence of processes {Xn(g) : g ∈ G},

i.e. a central limit theorem holds for the empirical process. For quadratic differentiability

we use the following property of a Donsker class: for every ε and η, there exists δ and t̃

such that for all t > t̃:

P{sup[‖g1−g2‖<δ]|Xn(g1)−Xn(g2)| > η} < ε (6)

We take the supremum of all functions g1 and g2 in G that are less than δ apart using

the L2(P ) norm. This property allows us to use a first-order approximation for (ET −

E)[fγ+(λ,R)], which is random. This hypothesis is needed for the validity of Theorem

B of Pollard (1982) regarding the empirical process approximation. In particular, the

Donsker hypothesis allows us to prove that the residual of a first-order approximation

of the empirical process converges in the L2(P ) norm to zero (and thus converges in

probability to zero). This, in turn, guarantees that the first-order approximation is

asymptotically valid.

In simple words, Lemma (A) of Pollard (1982) proves the quadratic differentiability

for the population process using a first-order approximation. To apply the same result

for the empirical process, we must restrict its behavior. Assuming that hγ+(λ,R) forms

a Donsker class for λ in a neighborhood of λ∗ is a sufficient condition for quadratic

differentiability of the empirical process.
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1.3 Proof of Theorem 3

Proof. The proof of this theorem relies, as in Almeida and Garcia (2012), on an applica-

tion of Theorem 2.7 of Newey and McFadden (1994) (stated in section 4.2 in hte main

text). Conditions (i) - (iii) are straightforward to prove from our set of assumptions above

and follow the arguments presented by Almeida and Garcia (2012).

We shall prove that our assumptions are sufficient to satisfy Condition (iv). Almeida

and Garcia rely on an application of Lemma 1 from Hong et al. (2003) to prove this

condition. In particular, this Lemma holds if
∂fγ+(λ,R)

∂λ
is uniformly continuous. Un-

fortunately, the indicator function in fγ+(λ,R) introduces a “kink” such that fγ+ is

not differentiable, and thus not uniformly continuous. Therefore, we must prove that

−Mγ+
T (λ,R) = Q̂T (λ)→p Q0(λ) = −Mγ+(λ,R) to apply the theorem.

One possibility to prove condition (iv) is to follow Andrews (1986) and verify the

conditions of his central theorem2. Alternatively, we take a simpler approach and focus

on Lemma 2.4 of Newey and McFadden (1994) for the case where the random variables

Rt are stationary and ergodic. For completeness we enunciate the Lemma below:

Lemma 2. 4 (Newey and McFadden) If (a) the data is strictly stationary and ergodic,

(b) the parameter space Λ is compact, (c) fγ+(λ,R) is continuous at each λ with proba-

bility one, and (d) there is d(R) with ‖fγ+(λ,R)‖ ≤ d(R) for all λ ∈ Λ and E[d(R)] <∞,

then E[fγ+(λ,R)] is continuous and supλ∈Λ‖T−1
∑T

i=1 f
γ+(λ,Ri)− E[fγ+(λ,R)]‖ →p 0.

Thus, we must show that our setting satisfy the assumptions above which, in turn,

implies (iv) from the main theorem. Condition (a) is immediately satisfied by assumption

(B). Condition (b) is satisfied by assumption (A). The continuity in condition (c) is

satisfied by the continuity of fγ(λ,R) and by noting that the indicator function adds a

kink in fγ(λ,R) exactly when fγ(λ,R) = 0. For condition (d) note that the following

inequality holds:

2We must verify conditions A1 to A3 in Andrews (1986). A1 is immediately satisfied by the com-
pactness assumption in (A). Assumption (C) guarantees conditions B1 and B2, which in turn ensures A2
(Corollary 1 of Andrews). Finally, assumptions (E) implies condition A5. Furthermore, from Andrews,
we have that A5 implies A4 which implies A3 (Corollary 2). Therefore, conditions A1 - A3 are verified.
From the main theorem in Andrews, we have that A1 to A3 implies (iv) in Newey and McFadden.
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fγ+(λ,R) ≤ |1 + γλ′(R− 1)|
γ+1
γ

≤ 2
γ+1
γ (1 + |γλ′(R− 1)|

γ+1
γ )

≤ 2
γ+1
γ (1 + |γ|

γ+1
γ |λ′(R− 1)|

γ+1
γ )

≤ 2
γ+1
γ (1 + |γ|

γ+1
γ |λ′s(R− 1)|

γ+1
γ )

(7)

where λs = sup {λ : λ ∈ Λ} and λs < ∞ given the compactness of Λ. Note that

when (1 + γλ′(R − 1))
γ+1
γ < 0 we have that fγ+(λ,R) = 0. Thus, the first inequality in

equation (7) holds. Using the concavity of of (·)
γ+1
γ and the Jensen’s inequality we have

that E[R
γ+1
γ ] ≤ (E[R])

γ+1
γ . Thus, given that E[R] <∞ (which holds by assumption (B))

the condition that E[d(R)] <∞ is satisfied. This completes the proof.

Remark 1. The result above can be linked to the econometric literature on model esti-

mation with moment restrictions. In fact, the theorem above is a particular application

of Theorem 1 in Dominguez and Lobato (2004). Despite introducing the non-negativity

conditions for the SDF generates a “kink” in the objective function, the overall smooth-

ness of this function is preserved. Unfortunately to prove asymptotic normality our model

presents characteristics that prevent us from using the same technical arguments as above.

To overcome this issue we prove two useful lemmas following Pollard (1982) and Li et al.

(2010). The main purpose of these lemmas is to provide an asymptotic approximation

of the objective function that allows us to compute its derivatives on an alternative way,

which overcomes its non-differentiability on a subset of points of its domain.

1.4 Proof of Lemma 1

Proof. Assuming that ET [.] represents the empirical sample average operator, we start

by decomposing ET [fγ+(λ,R)] into a deterministic and a centered stochastic term as

follows:

ET [fγ+(λ,R)] = E[fγ+(λ,R)] + (ET − E)[fγ+(λ,R)] (8)

Now we follow Li et al. (2010) and use the local asymptotic quadratic (LAQ) repre-

sentation of ET [fγ+(λ,R)] based on a first-order Taylor expansion of ET [fγ+(λ,R)] and

a second-order expansion of (ET − E)[fγ+(λ,R)].
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From the square integrability condition (assumption (D)) we can exchange the expec-

tation and derivative operators to get:

∂

∂λ
E[fγ+(λ,R)] = E

[
∂

∂λ
fγ+(λ,R)

]
(9)

Following Li et al. (2010) we must show that the function fγ+(λ,R) is differentiable in

the quadratic mean, although not pointwise differentiable on a set of measure zero. Note

that typically to derive asymptotic results one relies upon pointwise Taylor expansions

(e.g. our previous theorem). In the case of restricting the stochastic discount factor to be

positive, we add a “kink” in the objective function (the indicator function) that prevents

us from using the regular pointwise Taylor expansion approach.3

A function f(·) is said to be differentiable in quadratic mean w.r.t. α evaluated at α∗

if there exists a random vector ∆ such that:

f(α) = f(α∗) + ∆′(α− α∗) + ‖α− α∗‖X, (10)

where E[X]2 → 0 and α → α∗. Thus, f(α∗) + ∆′(α − α∗) approximates f(α) in a

neighborhood of α∗ on average. Now, under this framework we can approximate ∂fγ+(λ,R)
∂λ

by:

∂fγ+(λ,R)

∂λ
=
∂fγ+(λ∗, R)

∂λ
+
∂fγ+(λ∗, R)

∂λ∂λ′
(λ− λ∗) + ‖λ− λ∗‖X (11)

Using assumption (E) we know that the set where the second partial derivative does

not exist assumes probability zero. Thus, the remainder X is well defined as a function

in L2(P ) (where P is the probability measure). Following Pollard (1982) we can show

that X is dominated in L2(P ). It follows that X → 0 and λ → λ∗. By the Dominated

Convergence Theorem we have the quadratic mean differentiability (Li et al., 2010).

This, in turn, implies that E[fγ+(λ,R)] has the traditional second derivatives given by

E
[
∂∗fγ+(λ,R)

∂λ∂λ′

]
.

Thus, for the term E[fγ+(λ,R)] we have the quadratic approximation given by:

3For a similar discussion focused on the Hansen and Jagannathan estimator we refer to Hansen et al.
(1995)
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E[fγ+(λ,R)] =E[fγ+(λ∗, R)] +
1

2
(λ− λ∗)′E

[
∂2fγ+(λ,R)

∂λ∂λ′

]
(λ− λ∗)

+ o(‖λ− λ∗‖2),

(12)

where the first derivative is set to zero (using assumption (A)). The key idea to derive

(12) is to note that although fγ+(λ,R) is non-differentiable on a set of points (with zero

measure), we can still rely on the second derivatives of f (where existing) to approximate

E[fγ+(λ,R)]. This is due to the fact that the integral operator is immune to nonexistence

of the derivatives on a set of points with zero measure. Now, performing a first-order

approximation of (ET − E)[fγ+(λ,R)] we have:

(ET − E)[fγ+(λ,R)] =(ET − E)[fγ+(λ∗, R)] + (ET − E)

[
∂fγ+(λ,R)

∂λ
(λ− λ∗)

]
+ o(‖λ− λ∗‖T−1/2)

(13)

The validity of (13) (the empirical process, Et) is ensured by assumption (F) (Donsker

Class). As discussed above, this property guarantees that the first-order approximation

is valid asymptotically. Combining equations (12) and (13) we have the desired result.

1.5 Proof of Lemma 2

Proof. Based on the local asymptotic quadratic representation derived above we have:

ET [fγ+(λ,R)] = E[fγ+(λ∗, R)] + (ET − E)[fγ+(λ∗, R)]

+ S̃+′

λ (λ− λ∗) +
1

2
(λ− λ∗)′H+

λλ(λ− λ
∗)

+ o(‖λ− λ∗‖) + op(‖λ− λ∗‖T−1/2)

(14)

Note that the terms in the second line are quadratic in (λ − λ∗). Thus, this term is

maximized at:

λ− λ∗ = −(H+
λλ)
−1S̃+

λ + op(T
−1/2) (15)

Substituting (15) in (14) yields the desired result.
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1.6 Proof of Theorem 4

Proof. From Lemma 2 we have that, asymptotically:

√
T (λ− λ∗) = −

√
T (H+

λλ)
−1S+

λ + op(T
−1/2) (16)

Now, from theorem 2 and under assumption 3, we can apply the CLT to S+
λ . Thus

the result follows from an application of the Slutsky theorem.

2 The Data

It is well-known in the finance literature that commercial hedge fund data suffer from

severe biases (e.g. Fung and Hsieh (2001), Aggarwal and Jorion (2010), Patton et al.

(2015), Bollen and Pool (2009) and Aiken et al. (2013) among several others). In this

appendix, we carefully describe the data set we use, the filters we apply and the potential

biases in the primary data. We first document several issues that affect the raw data we

use. Then, we evaluate how these issues influence hedge fund performance measurement.

Our empirical application relies on the Lipper-TASS (henceforth TASS) Hedge Fund

data set. After several discussions with Thomson Reuters, the Lipper-TASS data provider,

we obtained the confirmation that the data available via the FTP link are posted “as is’

from each hedge fund own reporting. Additionally, given the evidence provided in Strau-

mann (2009) for the Barclay’s data set, we are re-assured that the problems we highlight

here are not particular to our sample and/or due to recent changes in the data set (Strau-

mann’s paper was published in 2009 and we still find similar problems). Thus, the results

we provide are not limited to the TASS database and can be interpreted more broadly.

All empirical papers in the hedge fund literature should consider the implications of our

findings.

Before discussing the specifics of each filter we apply, we find it useful to give a

broad perspective about the hedge fund data cleaning done by most empirical papers.

Traditionally, the literature focused on two primary sources of bias: survivorship and

backfill (e.g. Fung and Hsieh (2001) and Aggarwal and Jorion (2010) respectively). Given

the lack of regulation, fund managers can not only choose when to report their returns

but also to which commercial database to report it. In particular, fund managers also

have the discretion to change previously reported returns (Patton et al., 2015). All these

9



problems are carefully investigated in previous papers. Several conclusions emerged. To

alleviate the survivorship bias, papers have used data post-1994 when most commercial

databases started to include defunct funds. To deal with the backfill bias, researchers

proposed either to exclude the first 12 or 24 months of reported returns for all funds (e.g.

Bali et al. (2011)) or, as proposed by Aggarwal and Jorion (2010), to detect backfillers

according to the difference between the hedge fund inception date and the date it started

to report to the database.

Apart from addressing the usual biases, there is a growing effort in the literature to

improve the overall data quality. This is reflected in the number of papers investigat-

ing data biases and data problems in commercial databases (e.g. Patton et al. (2015)

and Bollen and Pool (2009)). Nonetheless, recent articles have raised additional con-

cerns regarding some striking peculiarities in hedge fund data. Looking through several

databases (including TASS), Straumann (2009) found an alarming number of hedge funds

with excessive zero returns, consecutive equal returns, and repeated “blocks” of returns.

Building on this, Bollen and Pool (2012) investigated these data problems further and

showed that several of them can be associated with future sanctions from the Security

Exchange Commission (SEC).

The magnitude of the problems raised by Straumann (2009) has not received much

attention in the empirical literature. In this appendix, we carefully describe the filters we

apply in the paper (in the order that we implement them) and we explore the implications

of these data issues for performance measurement. Following and expanding Straumann

(2009), we consider the following filters in addition to the traditional ones: (1) funds

with an abnormal number of zero returns; (2) funds with repeated blocks of returns (e.g.

repetitions of the block A,B,C with A,B,C ∈ R); (3) funds with an unusual amount of

repeated returns (e.g. A, A, A); (4) funds with rounded returns; (5) funds that do not

report the assets under management; (6) funds that share blocks of returns in the time

series (e.g. two funds share the same returns for, say, Jan - 2000 to Dec - 2000); (7) funds

whose returns calculated using the net asset value (NAV) are different than the reported

returns. To conduct the analysis of the implications for performance we rely only on the

Fung and Hsieh (2001) set of factors to save on computations. We believe that the results

will be similar for the other data sets.

To size up the magnitude of the problems we report in Table (A1) the number of
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funds flagged by each filter. From the full sample, we detect around 42% and 25% of

funds that do not report their returns in dollars and are mirror funds respectively (see

definitions below). Excluding these funds and the ones that report gross (not net) returns

our sample reduces to 10299 hedge funds. Further cleaning the sample for funds that do

not have at least 12 months of consecutive data and a minimum of 24 returns observations

we are left with 7146 funds.

Out of the problems mentioned above the more troublesome are the funds with an

excessive amount of zeros and funds that round their returns. Altogether these funds

represent 5.59% and 4.87% of the 7146 surviving funds. Still, although less frequent, we

also find a significant amount of funds with blocks of returns, repeated returns, and funds

with NAV returns different than reported returns. In total, 12.90% of our sample (out

of 7146 funds) is contaminated by some major errors. Additionally, we also find that a

substantial fraction of the funds do not report AUM on a consistent basis (8.99%).

Despite filtering for mirror funds before the construction of our preliminary sample,

we find that the 99% correlation threshold is strict enough (we still find several funds that

share blocks of returns in their time series). On top of this, we note that filtering mirror

funds by management company is not sufficient. Several companies have different id num-

bers in the TASS data set despite being in the same conglomerate (e.g. Commodities

Corporation (Ireland) and Commodities Corporation (USA)). Even more problematic,

we find that out of the funds flagged by this filter only 3% of the total blocks (number

of blocks per fund shared with a different fund multiplied by the number of funds) be-

long to the same management company (as indicated by the company id in TASS). In

other words, several funds share the same returns despite having different management

companies according to the id variable available from TASS. Also, after taking a closer

look at the problem, we verified that a significant portion of the flagged funds do not

share management firms with a similar name (as the Commodities Corporation case).

Therefore, applying a tougher threshold in the mirrors filter and/or detecting firms with

a similar name is not enough to fully solve this problem.

Table (A2) presents the average annualized returns for several sub-groups of flagged

funds across three “samples”. The “No Bias” sample is composed of the time series of

returns for the funds that survived the post-1994 filter, the bias filter, the 12 consecutive

returns, and 24 minimum observations threshold filter (all filters are carefully described
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below). For the “original” sample, we select the same funds as the no bias sample but

include the first 12 months of returns - the true full sample for each fund. The last sample,

“No Bias + No Error”, replaces the flagged excessive zeros, and only the flagged ones,

with non-available data. Our results reveal a significant heterogeneity between flagged vs.

non-flagged funds returns for most of the filters we apply. Also, we note that even when

we apply all the traditional filters in the literature (No Bias column), this heterogeneity

still prevails. That is, the conventional filters are, by no means, sufficient to deal with

these problems. Table (A3) complements this analysis by providing the difference in

returns between flagged funds for several filters using the ”No Bias” sample. Except for

the funds that do not report AUM and funds with zero returns, all differences are bigger

than 1% per year.

Even after the publication of Straumann (2009), it may seem surprising to see several

of the features we highlight persist in the data. Table (A4) features the year-to-year data

on the flagged funds per type of problem. For each flagged issue we show three statistics:

the beginning-of-year number of funds flagged, the “new” flagged funds (funds that were

flagged by our filters that started to report in that year) and the funds that were flagged

that stop reporting in that year. Given the filters we apply, in particular the 12-month

minimum consecutive returns threshold, we do not have data on “new” flagged funds

for 2014 and 2015. The results in this table are clear: although we note that the peak

of problematic funds occurs between 2005 - 2010 (which coincide with the peak of new

hedge funds) we still observe that several funds were flagged in recent years for all the

applied filters.

Altogether, we arrive at several conclusions. First, we highly recommend that sub-

sequent papers apply these strict filters since the traditional filters (post-1994, backfill,

etc.) are clearly not enough. Indeed, significant differences in average returns and alpha

performance appear across flagged hedge funds. Besides, Straumann (2009) results point

out that the issues in hedge fund data are pervasive across databases. Our findings are

also relevant for the regulation and the transparency of hedge funds. Many practices

appear clearly suspicious, such as the rounding of returns.

We start by describing the secondary filters we apply to the full sample (original

from TASS) in section (2.1). Section (2.2) describes the filter to capture mirror funds

as proposed by Aggarwal and Jorion (2010). The sample resulting for these two filters
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is referred throughout the paper as the preliminary sample. Section (2.3) presents the

methodology to compute the back-filler funds as proposed by Aggarwal and Jorion (2010).

Section (2.4) briefly describes the reasons to exclude the data prior to 1994. Section

(2.5) describes the minimum data filters (necessary for the performance measurement

computation) we apply. Finally, section (2.6) describes in detail the data error filters we

propose in the paper. This section is complemented by section(2.7), which focuses on the

implications of the filters for the alpha performance measures .

2.1 Minor Filters

Since the core of our paper deals with performance measurement, following the litera-

ture (e.g. Bali et al. (2011)), we pre-select only funds that report returns monthly, funds

that report returns net of all fees and funds with dollar-denominated returns. Overall,

this filter eliminates 8875 funds that do not report returns in dollars, 83 funds that report

gross returns and 83 funds that do not report their returns at a monthly frequency.

2.2 Mirror Funds

Aggarwal and Jorion (2010) pointed out the existence of “mirror” funds in the hedge

fund universe. Broadly defined, “Mirror” funds are funds managed by the same manage-

ment firm, that invest in the same strategy but have different id numbers. We exclude

mirror funds following Aggarwal and Jorion (2010) methodology:

1. First we calculate the correlation between all funds managed by the same manage-

ment firm. We consider that a fund i is a “mirror” of a fund j if corr(Ri, Rj) > 99%

for the sample where both funds returns overlap. While we follow the literature we

will see below that this is not enough to eliminate mirror funds. The mirror fund

problem is significantly more difficult to solve (see section 2.6).

2. Given that we detect this high correlation between two funds from the same manager

we start by keeping the oldest fund (and, therefore, discarding the newest one from

our sample).

3. If both funds started to report their returns at the same date we keep the fund with

the largest time series.
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4. If both funds co-exist for the entire period we keep the fund with the biggest assets

under management.

5. If, at this point, we still have more than one fund, it means that they are indistin-

guishable and we randomly select one to include in our final sample.

Overall we detected a total of 5258 mirror funds. After excluding these funds from

our sample, we obtain our so-called preliminary sample that comprises all funds that

survived the cleaning process up to this point.

2.3 Back-fillers

Aggarwal and Jorion (2010) also proposed a novel way to eliminate the backfill bias,

that is the bias caused by the self-reporting timing problem. Given that hedge fund

managers can decide when to report to a data set, several funds only report their returns

after a long enough series of “good months”. Typically the literature suggests to exclude

the first 12 (sometimes 24) months of returns for each fund to alleviate this problem (e.g.

Bali et al. (2011)). Nevertheless, Aggarwal and Jorion (2010) note that this solution

may throw away returns of funds that do not suffer from the backfill bias and propose to

calculate the backfill bias by segregating the funds into two groups, determined by the

difference between the fund inception date and the date the fund started to report its

return (in our case to TASS). Precisely, a fund is classified as back-filler if this difference

is higher than 180 days.

In our case, this classification does not work as a filter (if we kept only the non

back-fillers most of our sample would be thrown away). Instead, when applicable, we

subdivide our analysis for the two groups (as in Aggarwal and Jorion (2010)). For the

preliminary sample, we detected a total of 6208 back-filler funds and 1484 non back-

filler funds (compared to 5670 and 983 for the sample that survives the post-1994 and

minimum data filters). The second caveat of this approach is that for some of the funds

we do not observe the “date included to TASS” variable. Therefore we are unable to

classify those funds. Thus, we follow the majority of the empirical papers and exclude

the first 12 months of returns for all funds in our sample to alleviate the backfill bias.

Table (A2) reveals that for the no bias sample (defined as the sample that survives

the previous filters - including the deletion of the first 12 months of returns for every fund
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- plus the post-1994 and the minimum data filters) the backfill bias is as high as 2.63%.

This result reveals that, if we classify funds as proposed by Aggarwal and Jorion (2010),

deleting the first 12 months of returns in not enough to mitigate the backfill bias. Still,

Table (A3) also reveals that by removing the first 12 months we get a bias of 1.24%, which

by itself is quite substantial. Overall, there is no perfect solution to this problem. In

terms of performance measurement, our aim is to be as transparent as possible. Therefore

whenever necessary we will always compare the results for the back-filler sample and the

non back-filler sample.

2.4 Post 1994 Data

One of the major concerns when dealing with hedge fund data is the potential for

survivorship bias (see Bali et al. (2011)). Fortunately, starting in 1994 most of the

commercial databases (including TASS) started to report the returns for defunct funds.

Therefore, we start our analysis in 1994 (our sample ranges from Jan-1994 to Jun-2015).

2.5 Consecutive Months and Minimum Data

After applying the previously mentioned filters we select the surviving funds with a

minimum of 12 consecutive returns and a minimum of 24 returns observations overall to

compose our “No Bias” sample. These requirements do not severely impact the next filters

but are necessary for our empirical application. In particular, performance measurement

estimates for funds with less than 24 observations can be severely biased due to the small

sample problem.

2.6 Data Errors

Up to this point, most of the discussed filters are applied systematically in the em-

pirical literature. However, even after applying all these filters, we noted that several of

the problems highlighted by Straumann (2009) and some others are still pervasive in the

data.

We consider these issues one at a time below. Some issues are related to database

management, others may be due to questionable behavior by the hedge fund managers.

All the results are based on the “bias-free” sample (i.e. a sample that passed all the
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previous filters commonly applied in the literature).

2.6.1 Zero-returns Filter

1. If, for a given fund, we detect any return at date t, say Ri,t = 0, we first calculate

the percentage of zeros in the total time series. If this percentage is lower than 10%

for a given fund, unless for some criteria detailed below, we classify these returns

as normal occurrences and keep the time series as is (our results are quite robust

to the tolerance level).

2. If the percentage of zeros is higher than our tolerance this activates our assets-

under-management (AUM) filter: if Ri,t = 0 and AUMi,t = AUMi,t−1 or AUMi,t =

AUMi,t+1 we consider this return as abnormal (since this involves no flow of invest-

ment in and out of the fund). Additionally, if the fund does not report the AUM

we cannot distinguish true zeros from data-set errors4. To be on the conservative

side we also classify these returns as problematic and flag the fund.

3. If Ri,t = 0 and AUMi,t = 0 we interpret this as missing data irrespective of our

tolerance level mentioned above.

4. If Ri,t = Ri,t−1 = 0 or Ri,t = Ri,t+1 = 0 we also interpret this as missing data, again,

irrespective of the tolerance level. This filter captures mostly hedge funds that

reported only quarterly and subsequently started to report monthly (we conjecture

that they filled the interim returns with zeros).

Overall, this filter detects 576 hedge funds with suspicious zero returns out of 7146

funds in the bias-free sample. Figure A1 illustrates the performance of our filter graph-

ically. In the top panel, we plot the histogram for all funds in the bias-free sample (101

bins with 20 b.p. length). In black, we highlight the bin that encompasses the zeros (0 -

0.2 returns). Note that, as pointed out by Straumann (2009) and Bollen and Pool (2012),

we observe that the incidence of zeros is significantly higher that what any kind of smooth

function would predict (keep in mind that this graph pools all the fund-month returns,

totaling more than 700 thousand observations). The middle graph plots the combined

returns for the sub-sample of flagged funds by our filter. Note that for the flagged funds

4Below we show that not reporting the AUM should in itself raise some suspicions.
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the incidence of zeros is substantially above any reasonable value. Finally, the bottom

graph presents the respective histogram for the funds not flagged by our filter. While still

above the 0.2 - 0.4 bin we note that the distribution of these funds is much smoother.

In fact, the frequency of 0 - 0.2 returns is lower than the frequency of 0.4 - 0.6 returns.

Overall, this figure reveals that our filter seems to be working reasonably well. Finally,

it should be mentioned here that the discontinuity between the immediately below-zero

and immediately above-zero bins have been already explored in the literature (see Bollen

and Pool (2009) and Jorion and Schwarz (2014)) and are a matter of debate.

2.6.2 Funds with Repeated Returns

1. Similarly to the zero-return funds, we define a tolerance level to detect repeated

funds (5% - this problem is not as prevalent as the zero problem. Thus we are more

strict). Statistically, this puts us on the safe side (all repeated returns should be

treated with suspicion).

2. If we find repeated returns in a hedge fund return time series above this threshold

we flag the fund. Note that the values of the returns do not need to be equal for us

to flag the fund (e.g. a time series might look like this: +1,+1,+2,+2,+3,+3, and

so on. While each number occurs only twice we have infinitely many pairs).

After filtering the funds we detect a total of 220 funds with this filter. We also note

that of the funds with repeated values, a significant percentage happens when the fund

stops reporting to the data base. Also, we verified that for some funds the repetition

occurs in blocks of three, usually at the beginning of the sample. Therefore, despite the

results in Bollen and Pool (2012), we believe that these repetitions might also be caused

by poor data management.

Figure A2 plots the empirical densities for the flagged (blue - solid line) and not flagged

funds (red - dashed line). Overall we note that the distribution of the two groups differs

quite substantially. In fact, the empirical distribution of the flagged funds is extremely

leptokurtic in comparison to the rest of the sample. While this might be due to the

low number of funds in the flagged group, the substantial difference between the two

distributions is striking.
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2.6.3 Funds with Blocks of Returns

1. For each fund in our sample we build consecutive blocks of returns of size varying

from 2 to 12.

2. If a given fund have two or more repeated blocks we flag the fund.

3. Given that the likelihood of a repeated return is already near zero, the likelihood

of repeated blocks of returns is even smaller. Therefore we do not impose any

tolerance level in this filter.

The startling example of Straumann (2009) illustrates a case where a given hedge

fund has the same returns in 2000 and 2001 (i.e. the returns in January 2000 are equal

to the returns in January 2001 and so on). Surprisingly, eight years elapsed and still a

substantial number of funds present returns with repeated patterns in our sample (indeed,

some funds have repeated blocks of 12 months). Our filter captures 162 funds with this

type of anomaly.

Repeating the analysis of the previous error, Figure (A3) plots the empirical densities

for the flagged and non-flagged groups. Again, we note the same pattern: the flagged

funds have an extreme leptokurtic distribution.

2.6.4 Funds that Share Blocks of Returns

1. This filter mimics the “mirror” filter applied earlier. For each date in our bias-free

sample, we select the funds with the same return at that date (for all unique values

of returns for that given date).

2. For each observable return at date t, we track the next month returns for all funds

with the same starting return.

3. While in a time series perspective a fund with two blocks with identical returns

might be suspicious, this might happen in the cross-section, for instance when

funds are managed by the same management firm. We flag any two funds that

share a block larger than two. We also keep the maximum shared block length for

each fund in our sample.

Figure (A5) plots the histogram of the block sizes for the funds flagged by this pro-

cedure. More specifically, for each fund, we record the size of the biggest “chunk” of the
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time series the fund share with some other given fund. This figure reveals two features:

first, our “mirror” filter cannot capture all the commonality between funds from the same

manager. Second, most of the repeated returns are concentrated on the left of the distri-

bution (that is, the block sizes are small). Indeed, more than 20% of the flagged funds

share block sizes smaller than eight. If those funds are managed by the same firm this

might reflect funds that share similar strategies and order- routing procedures intra-firm.

Another potential explanation is that when reporting to the database the company erro-

neously reported the same return for all the funds under management. On the contrary,

if the same company does not manage the funds, a large number of shared returns should

increase suspicion.

Figure (A6) plots the density for the flagged funds (blue - solid) and for the non-

flagged funds (red - dashed). Differently from the previous filters the returns between

both samples are much alike. Nonetheless, the returns for the flagged funds are more

leptokurtic than the non-flagged ones. Also, the result for the empirical densities is more

meaningful here given the high number of flagged funds.

Given the discussion in the introduction of this appendix, it is rather difficult to

identify “mirror” funds from companies with different id numbers in the TASS database.

Additionally, we note that this filter is by far the one that flags the most funds (1227

in total). Also, differently from the “mirrors” filter, it is not clear which fund to keep

in the case discussed here. Throughout our empirical application, we remove all funds

who share more than 24 monthly returns with another fund. In total, this eliminates 653

funds, about half of the flagged ones. We find that this is a parsimonious way to alleviate

this problem without dropping a more significant number of funds.

This ends our four “data management” filters. Below we turn our focus to three

additional problems potentially due to a questionable behavior from hedge fund managers.

First, we tackle the hedge funds we label as “rounders”. This behavior was also noted by

Straumann (2009) and consists in systematically rounding the returns (i.e. hedge funds

that report returns like +1 or +1.5 and so on). Second, we explore the potential suspect

behavior of not reporting the assets under management. Finally, we look at funds whose

returns calculated from the NAV are different from the reported returns.
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2.6.5 Funds that Round the Returns

1. Statistically speaking, for a sufficiently long time series, the probability of the second

decimal of the return being a specific digit should be equal to 10%. This filter is

designed to detect violations of this behavior. In fact, we implement four possible

flags described below:

(a) The first flag increases by one every time a fund systematically reports returns

for which the second decimal is concentrated in a given number (any digit).

Bollen and Pool (2012) consider in their paper a 10% deviation from the uni-

form distribution. Given that several funds have small time series we apply

a looser filter and only flag the fund if for any digit its distribution contains

more than 35% of the data.

(b) Our second flag is triggered if the distribution of the second decimal contains

more than four zeros for any specific digit.

(c) Our third flag selects funds that contain more than four zeros in the distri-

bution of the first decimal (this capture funds that report integer returns or

returns like +1.5,+1.0 etc).

(d) Our fourth and final flag captures funds that round their returns. That is,

any fund for which the second-decimal distribution is concentrated at zero (a

frequency superior to 35%).

Our view is that this type of behavior is extremely suspicious and probably not related

to data management. In particular results in Bollen and Pool (2012) suggest a strong

relation between this questionable behavior and subsequent SEC sanctions. Overall, our

filter detects 502 rounder funds (4.87% of the no-bias sample).

To illustrate the impact of the filter we plot in the first panel of Figure (A7) the

histogram for the funds classified as rounders (first flag above). It should be noted

that we flag these funds after changing the suspicious zeros in our data to non-available.

Therefore, we are free from the “zero” bias in this analysis. As expected, the concentration

in the zeros is quite extreme: more than 50% of the returns have a second decimal equal

to zero. In the second panel, we plot the same distribution for the funds that are not

flagged. While much more uniform we still notice that the returns are more concentrated
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in the zero digit. This might happen for several reasons. Here we note two of them: first

our filter might be too loose. Indeed if we reduce the threshold from 35% to say 25%, this

difference shrinks. Second, our filter to capture zeros might also be loose, and therefore

our data might not be sufficiently clean from the zero problems (although we keep here

the zero-flagged funds by substituting the flagged zeros for non-available, the empirical

application in the main paper completely disregards these funds).

Figure (A8) plots the empirical densities for the pooled returns of flagged and non-

flagged funds (blue - solid and red - dashed lines respectively). Note that contrary to

the other density plots the flagged funds’ distribution is more platykurtic. Although not

reported here, for each of the “stronger” flags above (flags 2 - 4) we note a similar - more

extreme - behavior.

2.6.6 Funds that do not report the Assets Under Management (AUM)

Although not reporting the AUM is not per se suspicious we argue that this can be

viewed as a measure of transparency. Here, we flag all funds that do not report AUM

for all periods for which we have observations on the fund returns. Overall this filter

captures 926 funds. It is worth noting that the behavior of not reporting AUM is more

systematic. For example, if we flag the funds that do not report the AUM for half of the

periods for which they report returns this number more than doubles (1948 funds).

In practice, we apply this filter because we are interested in looking at funds flows and

without an observable AUM this is impossible. Still, some features are worth noting: as

for the returns we note a striking amount of zero values in the AUM time series. Unless

the fund was liquidated and reported the liquidation to the database - which is highly

unlikely - these values are clearly wrong. Thus, before we apply the filter we previously

change all the zero observations to non-available. Additionally, we note that it is very

common for the funds to round the reported AUM. To this end, we apply a filter similar

to the one designed to capture the return rounding behavior. Overall, our results revealed

that there is no significant difference between the distribution of the funds that round

and the ones that do not round their AUM.

As a comparison, we also present here the empirical distribution comparison between

the flagged and non-flagged funds. Figure (A9) plots in blue (solid line) the density for

the returns for the hedge funds flagged by our “non-reporters” filter. The red (dashed)
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line represents the density for the funds not flagged by our filter. Again, similar to

the previous cases we note a discrepancy between the two groups. In particular, the

distribution of the funds that report the AUM has fatter tails than the non-reporters.

To keep our sample as comparable as possible, and given that the AUM is an important

variable for cash flow analysis (adopted in several papers in the literature) we also opt to

exclude the non-reporting funds from our final sample used in the paper.

2.6.7 Funds with Different NAV and Reported Returns

A final filter deals with the reported returns versus the returns calculated using the

reported net asset value. In principle, without any data issues, both returns should be

equal (for the funds that report net returns).

In practice, some firms report truncated/rounded NAV, thus, as for the previous

filters, some differences between NAV returns and reported returns might arise. We

consider this possibility. Our filter goes as follows:

1. First, using the reported NAV, for each date we calculate the implied return. All

firms in our sample report both NAV and returns for all dates.

2. Second, we calculate the difference between reported returns and NAV-implied re-

turns. We round this difference to the second decimal case (differences below the

second decimal are negligible).

3. We consider two criteria to flag a fund: (i) If we detect differences in NAV vs.

reported returns (rounded to the second decimal) in more than 5% of the sample

the fund is flagged. (ii) If, for any date, the difference between NAV vs. reported

returns is higher than 0.5% we also flag the fund.

In total, this filter detects 95 funds. We tested with several different criteria for the

tolerances above, and our results are fairly stable. Given the small number of funds

detected by this filter, most of the comparisons above will be limited (thus, we do not

report them here).

2.7 Implications for Performance Measurement

In the previous section we carefully explained the filters we apply to construct the final

data set used in the main paper. This section explores the consequences of using the raw
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data for performance measurement. In particular, for each of the filters, we investigate

if there are any discrepancies in the OLS alpha estimated using Fung and Hsieh (2001)

factors by comparing the flagged to the non-flagged funds. Following Kosowski et al.

(2007) we focus the analysis on the OLS t-statistics calculated using Newey and West

(1987) standard errors5. It should be noted that while we consider the Fung and Hsieh

(2001) factors in this section, our results apply more generally. In fact, as we shall see,

most of the problems we unveil are related to the naturally induced correlation “break”

by the flagged funds.

To simplify we refer below to alpha estimates and t-statistics interchangeably. Ad-

ditionally, we note that all the results are based on the “no-bias” sample adjusting for

the funds with zero returns. Precisely, for these funds, we substitute the zeros with

non-available whenever we detect an erroneous zero return.

Starting with our first filter, we investigate if there is any difference between alpha

estimates for funds with an excessive amount of zeros in their time series. Figure A10

plots the kernel densities for the two groups. In blue (solid) we present the estimates

for funds flagged by our filter. The red (dashed) line indicates the results for the funds

not flagged by this filter. In general, the results are intuitive: funds with an excessive

number of zeros have an alpha distribution tilted towards zero. That is, on average they

underperform their counterparts. Note however that the sample we use here discards the

erroneous zero returns. Thus the above relationship is not mechanically induced.

Figure A11 plots a similar density function for funds with repeated streams of returns.

Here we note that the difference between the estimated alphas is significantly bigger. In

fact, the distribution of funds with repeated returns have tails that are substantially

fatter than the non-flagged funds. This thicker tail translates to a significantly higher

average for the t-statistics (2.67 compared to 0.89 for the non-flagged funds). Thus, not

excluding these funds from our sample could severely bias the results for performance

analysis. This is particularly troublesome given that a substantial percentage of these

funds are exactly the ones considered “outperformers” in traditional alpha performance

measures.

Following this analysis, Figure A12 plots the densities for the funds with blocks of

repeated returns (e.g. same return in 2000 and 2001) and the non-flagged counterparts.

5Kosowski et al. (2007) and several authors argue that t-statistics are more informative than the
point-wise alpha values since the former takes into account the estimation errors.
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The results for this group are even more striking. Here, the average t-statistics for non-

flagged funds is 0.88 in comparison to 3.61 for the funds with “erroneous” returns. In

fact, the distribution of the funds with blocks or returns is significantly skewed to the

right. Note that this result is somewhat expected: funds with repeated blocks of returns

naturally break the correlation with the Fung and Hsieh factors. Therefore, this implies

that most of the measured alpha actually reflects the fund average return while the risk

factors play a minor role. Nonetheless, our results are quite negative in the sense that

not excluding these funds from the empirical analysis might severely bias the conclusions:

they are exactly the funds with high t-statistics.

The results for the funds that share time series blocks of returns (i.e. mirror funds

not captured by the mirror filter) are plotted in Figure A13. Here we only select the

flagged funds with more than 24 months of shared returns (these are the funds we drop

in our final sample). Overall, the average t-statistics for flagged and non-flagged funds

is quite similar in this case (0.90 and 0.92 respectively). However, this number hides a

significant difference in the distribution of alphas. From Figure A13 we note that while

“mirror” funds have a fatter right tail they are also more concentrated in the negative

alpha region. Thus, these two effects cancel each other in the average analysis.

The results for the funds classified as “rounders” are quite similar to the previous

ones. Funds that round their returns may do so to manipulate the correlation between

the returns and the factors used to calculate alphas. Note that this can be done dy-

namically, i.e., one can round the returns upwards and downwards to “calibrate” the

desired correlation. Thus, even though the distribution of the returns themselves are

more leptokurtic one can “tilt” the alphas upward. This is exactly the pattern we note in

figure A14. Again, the average alpha t-statistics for these funds are 2.02 compared with

0.86 for the non-flagged funds. Similarly, the distribution of the t-statistics is also highly

right-skewed.

The final result in this section regards the funds that do not report assets under

management. To this end, we plot the same density estimate in Figure A15. From all

the performed analysis this is the group for which the densities better align with each

other. Nonetheless, the average t-statistics for the non-reporters is slightly higher 1.06

vs. 0.926.

6This difference is not statistically significant.
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Overall, the message is clear. In general, not considering the effects of the filters

we propose can severely affect one conclusion regarding funds’ performance. Essentially,

most of the problems we detect are related to manipulation of the correlation between

hedge fund returns and the factors used to measure performance. Ultimately, if one

manipulates the hedge fund returns enough, the OLS alpha will collapse to the average

fund return. This is exactly the behavior we note above. Most of the flagged funds have

t-statistics distributions that are significantly more right-skewed than their non-flagged

counterparts.

Besides the impact on the alpha performance, the issues highlighted in this section

have implications for the claimed neutrality of the funds with respect to the market or

other factors. As we showed, several of the problems detected by our filters (e.g. rounding

returns) break the correlation structure between fund returns and benchmark factors.

3 Comparing Alternative Standard Errors

In the core of the paper, we presented the t-statistics results in terms of both the

asymptotic standard errors computed with the delta method (to account for the error

in estimating λ) and bootstrapped standard errors computed with the pairs bootstrap

method (MacKinnon (2006)). To complement this analysis here we provide a full compar-

ison between three potentially plausible alternative ways to estimate the alphas’ standard

errors: asymptotic Delta method, Newey and West, and bootstrap.

We include in this appendix additional tables (A9, A10 and A11) comparing the

asymptotic delta Method and bootstrap t-statistics for Hedge Fund indexes alphas when

the factors adopted are the market (CAPM), the Carhart factors, and the Agarwal and

Naik factors. We also include corresponding tables for the four sets of factors to report t-

statistics (for hedge fund indexes alphas) obtained with variance computed with a Newey-

West method and compare them to the bootstrapped ones (A12 to A15).

Before discussing the results, it is important to recall our main asymptotic theorems.

In particular, note that depending on the region of the Cressie-Read family we needed

different hypotheses to prove asymptotic normality of the Lagrange multipliers (i.e., port-

folio weights or λs). Specifically, when γ ≤ 0 we could essentially rely on a version of

Almeida and Garcia (2012) results with minor adaptations. On the contrary, when γ > 0
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we “loosen” the differentiability of the objective function. Therefore, for the latter case,

an additional hypothesis restricting the number of “kinks” in the objective function was

needed to achieve asymptotic normality.

Figures A16 through A22 plot the cross-sectional t-statistics kernel densities for all

four sets of basis assets (CAPM, Carhart, Fung and Hsieh and, Agarwal and Naik) for

γ = {1, 0.5, 0,−0.5,−1,−2,−3.5} respectively. Focusing on figures A16 and A17 (non-

negative values of gamma), we note that across all sets of basis assets the asymptotic Delta

method t-statistics (which depend on the first stage λ asymptotic variance) are much more

fat-tailed than both Newey and West and bootstrap counterparts. In contrast, moving to

the negative spectrum of the Cressie-Read family (figures A19 to A22), we note that all

three versions of the t-statistics are aligned. Indeed, for the more negative gammas, the

Delta method t-statistics are more conservative when focusing on the Fung and Hsieh or

Agarwal and Naik set of factors. This contrasts with the CAPM results, where for all

gammas, the asymptotic variance generated t-statistics are on average higher than those

from the Newey-West and bootstrap standard errors.

Tables A9, A10 and A11 corroborate the results discussed in the analysis of the

figures. In general for the CAPM, the t-statistics derived via our asymptotic method are

overstated when compared to the bootstrap method. However, when we move to more

interesting sets of factors (like Carhart and Agarwal and Naik) both asymptotic and

bootstrap t-statistics tend to agree on the significance of alphas. By looking at Tables

A12 to A15 we observe that the Newey-West method tends to understate t-statistics

when compared to the bootstrap method. This is due most probably because it does not

take into account the estimation error in the asset weights (λs) to obtain the standard

deviations of risk adjusted returns.

To conclude, overall the results in this section corroborate those of Kosowski et al.

(2007). That is, when evaluating individual hedge fund performance, bootstrapped t-

statistics should be considered especially when the number of observations is limited.

4 Statistical Power of the Asymptotic Delta Method

We have seen in our empirical results that important ingredients in the coincidence or

difference between asymptotic test and bootstrap t-statistics were the higher moments of
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the risk factors and of the hedge funds and their higher co-moments. In this section, we

report the results of two experiments that bring some light in the comparison between

the respective powers of the tests for the linear and the nonlinear measures.

We chose a simple model involving one factor (an equity index) and one hedge fund.

For the factor we chose to adopt a Gaussian structure with the mean and standard

deviation of the market index used in the paper, which are 0.63 and 4.42 respectively.

For the hedge fund, RHF = α + Rmkt + ε, we first chose for ε an independent Gaussian

process of mean 0 and standard deviation 4.42. For the size test we chose α = 0 and

then changed the alpha to study the power of the test. This case should work well for

the linear model but we will see how the nonlinear ones fare. In a second experiment we

increase the standard deviation of the hedge fund ε term to 6.0 to see if the nonlinear

measures work better in this case with potentially more important higher co-moments.

We compute the size and power for two sample sizes, 258 observations, which is the size

of our sample for the hedge fund indexes, and 500 observations. The results are based on

500 draws from the DGP described above.

In Table A17 we report the size (for α = 0) and the power in percentages for three

positive values of α 0.3, 0.5 and 0.8 % per month, and three negative ones of the same

magnitude. The first observation is that the size is around 5 % which is the probability

that we selected for the test. For the power, the linear (Lin and γ = 1) as well as

the mildly nonlinear γ = 0 (exponential tilting) share roughly the same power. For

the strongly nonlinear cases, we can see that the power deteriorates while remaining

reasonable for γ = −2 in large samples. The most extreme value of -3.5 generates a more

pronounced loss of power in both small and large samples.

The results in Table A18 appear to be in line with the empirical results we observed

with the hedge fund indexes. Indeed we observed in many cases that the asymptotic

t-stats were higher than the bootstrap ones signalling a potential over-rejection of the

null. The experiment shows that it is the case. A test with nominal size of 5% will

have an actual size of 16.2% for γ = 0 and 12% for γ = −2. The linear case keeps the

right size. As expected, the power of the test in the linear case deteriorates with respect

to the previous experiment. For the nonlinear cases, the loss is not as marked but the

size-adjusted power will probably be equivalent to or only slightly better than the linear

case.
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To arrive at more conclusive results, we would need to explore in more details the

departures from normality in both the risk factors and the hedge funds and see how they

affect the power of the asymptotic tests. As far as the empirical results in the paper are

concerned, the bootstrap values serve as a guide. For the hedge fund indexes, we saw

that in several cases the asymptotic t-statistics were close to the bootstrap ones, but that

they departed strongly for the set of factors without options, specially the CAPM.

5 The Cross-Section of Hedge Fund Alphas

Our empirical findings revealed a significant heterogeneity in the alpha estimates both

across models and Cressie-Read and OLS estimators. Theoretically, we showed that under

the Cressie-Read framework each fund alpha loads on its higher-order mixed moments.

Moreover, from the OLS results, we know that the Jensen’s alpha is by definition given by

covariances with the chosen factors. In this section we provide a different perspective by

measuring in a cross-sectional regression framework the contribution of several potential

drivers of the alphas cross-sectionally.

For the 4815 funds, we regress their individual alphas on several key variables. Based

on our theoretical results, we construct the co-skewness and co-kurtosis of each hedge fund

with the market return (CRSP value-weighted portfolio). Our findings about the SDF λs

indicate that for all gammas and basis assets, the market factor is uniformly significant.

Thus, these two measures capture potentially the two most important higher-order mixed

moments that drive each hedge fund alpha. In addition, we also include a proxy for the

hedge fund idiosyncratic volatility, measured according to the Carhart factors7. To control

for the hedge fund own higher-order moments we also include as explanatory variables

their skewness and kurtosis. Furthermore, given the known persistence in hedge fund

returns (see Jagannathan et al. (2010)), we add the first autocorrelation of the returns as

an additional control variable. Finally, size captures the average assets under management

throughout the hedge fund life span and age the number of observable returns.

Table A19 presents the regression results with the Fung and Hsieh alphas for all pos-

sible gammas. Not surprisingly, the average hedge fund return is by far the most relevant

7Our results also hold for both the Fung and Hsieh factors as well as the Agarwal and Naik factors.
Given that the standard in the literature is to calculate idiosyncratic volatility using the Carhart factors
we present the main results using this framework.
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explanatory variable, and the coefficient increases with γ, as theoretically predicted in the

Taylor expansion section. More interestingly, for all estimators, the co-skewness is not

statistically significant. In contrast, funds with high co-kurtosis are penalized in terms of

alpha. Intuitively, this is expected, since co-kurtosis captures the likelihood of joint ex-

treme events. Furthermore, the latter effect is stronger for the Hansen and Jagannathan

estimator (-0.23) in comparison with the more negative gammas, because higher order

mixed-moments considered in their alpha computation potentially mitigate the effects

of market co-kurtosis. Idiosyncratic volatility affects negatively and significantly hedge

fund alphas for the negative gammas. Concerning the hedge fund own higher-order mo-

ments, skewness increases significantly the estimated alpha, but a fund’s kurtosis is not

significantly related to its alpha.

Considering the additional control variables, for most gammas, size and age are sta-

tistically significant with positive coefficients. Size is less important for more negative

gammas and the age effect seems to be insensitive to nonlinearities. As expected, funds

with smoother returns have, on average, higher alphas. This effect is mechanically related

to the way we compute our alphas8.

6 Tradable Fung and Hsieh Factors

We re-ran the analysis for the Fung and Hsieh (2001) set of factors switching the

term and credit spread by tradable indexes of US Treasuries and High Yield bonds.9

Specifically, we rely on Bloomberg Barclays US Gov. Total Return index and Bloomberg

Barclays US Corporate High Yield Total Return Index.

Results for this analysis appear in Tables A20 and A21. Overall, the linear and nonlin-

ear alphas tend to differ more than with the original factors. The main difference occurs

as expected for Fixed Income Arbitrage and strategies based on fixed income derivatives

such as CTA, Convertible Arbitrage and Managed Futures. The spread between the lin-

ear and nonlinear alphas disappears for CTA and Managed Futures indexes, increases

for Convertible Arbitrage, and the alphas become mostly less significant (based on the

bootstrap t-statistics) for Managed Futures and not significantly different from zero for

8One possible way to by-pass this is to follow Jagannathan et al. (2010) and estimate the “relative”
alphas (i.e. include, say, the hedge fund primary strategy index as an additional factor on top of the
ones we already consider).

9We thank an anonymous referee for this suggestion.
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Fixed Income Arbitrage (based on the bootstrap t-statistics). However, the main con-

clusions obtained with the term and credit spreads remain unchanged, i.e. that alpha

determination is heterogeneous across γs and across the choice of benchmarks.

7 Limiting Distribution of α(γ) as an Empirical Pro-

cess

Given a certain hedge fund, it would be informative to know which investors (γ’s)

would potentially choose this fund, given that the region of γ for which the null of

α(γ) ≤ 0 would be rejected. As a direct tool to obtain such results, we believe that

it is possible to derive the limiting distribution of α(γ) as an empirical process over

γ ∈ ΓS ⊂ Γ by using a recent work in probability theory (see Adams and Nobel (2010))

that generalizes the Glivenko-Cantelli theorem from i.i.d processes to general stationary

and ergodic processes. Suppose we set ΓS = [−3.5, 1] as the interval over which we want

to derive the limiting distribution of α(γ). Let us define αn(RHF , γ) as:

αn(RHF , γ) =
1

n

n∑
t=1

[mt(λ̂(γ), γ)RHF
t − 1] (17)

where we have concentrated the function with respect to the nuisance parameter λ. By

the ergodicity of the process {mt(λ̂(γ), γ)RHF
t }t=1,2,..., Adams and Nobel (2010) guarantee

that an empirical process central limit theorem holds for {αn(γ)}n,γ∈ΓS , that is:10

1√
n
αn(γ)⇒ α(γ) (18)

where α(γ) is a Gaussian process with covariance function

K(γ1, γ2) = lim
n→∞

E[αn(γ1)αn(γ2)] (19)

To compute the asymptotic distribution, since the covariance function is unknown,

10An alternative reference for the validity of such an empirical process central limit theorem is Andrews
(1991).
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we can use a bootstrapped sample analogue:

K̂(γ1, γ2) =
1

nB

nB∑
j=1

[αj(λ̂(γ1), γ1)αj(λ̂(γ2), γ2)] (20)

where each αj would come from a sample of a nonparametric pairs bootstrap. For a fine

grid over the interval ΓS = [−3.5, 1], we can simulate the distribution of the Gaussian

process with such a covariance matrix.
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8 Tables and Figures

Table A1: Total Funds and Filters

# of Funds Percentage

Full Sample 21527 -
Non USD Funds 8875 41.23
Funds with Gross Return 83 0.39
Mirror Funds (99% Correlation Criteria) 5258 24.43

Preliminary Sample 10299 47.84
No Bias Sample 7146 69.39

Zero Error 576 5.59
Block Error 162 1.57
Repeated Error 220 2.14
NAV vs. RET Error 95 0.92
Rounders 502 4.87
TOTAL Errors 1329 12.90

Funds Without AUM 926 8.99
Funds With Blocks Across * 1227 11.91

The table reports the number of funds in our sample as well as the
funds detected by each of our filters. The percentages of Non USD
Funds, Funds with Gross Returns and Mirror Funds refer to the
Full Sample. The percentages for the funds detected by each filter
refers to the preliminary sample. The number of funds with blocks
across (funds that share the returns time series for a specific block)
is calculated for the Preliminary Sample, which already drops the
mirror funds.
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Table A2: Average Return Across Groups and Samples

Sample

Funds Original No Bias No Bias + No Error
All Funds 8.48 7.24 7.28
Funds no Zeros Detected 8.36 7.03 7.03
Funds With Zeros Detected 9.93 9.67 10.15
Backfillers 8.71 7.43 7.45
No Backfiller 6.42 4.80 4.82
Rounders 13.75 13.08 12.96
Non Rounders 8.09 6.81 6.86
Funds that report AUM 8.60 7.25 7.26
Funds that do not report AUM 8.16 7.21 7.32
Funds With Repeated Returns 7.16 5.92 6.03
Funds Without Repeated Returns 8.52 7.28 7.32
Funds With Repeated Blocks 9.25 8.43 8.44
Funds Without Repeated Blocks 8.46 7.21 7.25
Funds With Repeated Blocks (Across) 6.67 5.44 5.46
Funds With No Repeated Blocks (Across) 8.86 7.62 7.66
Funds With Some Major Error 9.53 8.75 8.95
Funds With No Major Error 8.24 6.90 6.90

This table present the average return across funds for a given sample and a given
“group”’(filter flag). Columns indicate the samples. The traditional sample refers to
the sample of funds excluding only mirror funds and funds that report gross and non
USD returns. The no Bias Sample equals the traditional sample excluding the first 12
months of return for each hedge fund. The No Bias + No Error substitutes the zeros
in the No Bias sample when detected by our filter (this sample is only for illustrative
purposes, in the main paper we simply drop the funds with problems). All samples
contains the same funds (they are composed by the funds that survive the 1994 filter,
and the 12 consecutive return filter). Rows indicate the groups of funds from which
we calculate the average return. Returns are averaged across funds and annualized.
We consider a major error funds with excess zeros, repeated returns, repeated blocks
of returns, funds with different declared returns and returns calculated with NAV
and funds with rounded returns.
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Table A3: Differences in Average Return Per Filter

Differences in Returns

Funds with no Zero - Funds With Zeros -2.64
Zero Problem (Affected Funds) 0.48
Backfiller - Non Backfiller 2.63
Rounders - Non Rounders 6.10
Non Reporters - Reporters 0.05
Repeated - Non Repeated -1.28
Blocks - Non Blocks 1.19
Blocks - Non Blocks (Across) -2.19
Funds With Major Error - Funds With no Error 2.05

This table present the differences in the returns for flagged vs. non
flagged funds per filter. Returns are averaged across funds and annu-
alized. We consider a major error funds with excess zeros, repeated
returns, repeated blocks of returns, funds with different declared returns
and returns calculated with NAV and funds with rounded returns.
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Histogram of Pooled Monthly Returns

Figure A1: This figure presents, in each panel, the histogram for the pooled returns for
hedge funds integrating specific groups. The top graph presents the histogram, divided
in 20 b.p. bins, for all hedge funds in the bias adjusted sample (i.e. the sample filtered
for all the common filters in the literature). The middle graph presents the histogram,
divided in 20 b.p. bins, for the hedge funds that our “zero” flagged. The lower graph
presents the respective histogram for the remaining funds (the ones not flagged by our
filter).
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Empirical Densities: “Repeater Returns” Flagged Funds vs. Non Flagged
Funds

Figure A2: This figure presents the empirical densities for the pooled hedge funds returns.
In blue (solid line) we present the density for the returns of the hedge funds flagged by
our “repeated” filter. In red (dashed line) we present the density for the funds not flagged
by our filter.
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Empirical Densities: “Block Returns” Flagged Funds vs. Non Flagged Funds

Figure A3: This figure presents the empirical densities for the pooled hedge funds returns.
In blue (solid line) we present the density for the returns of the hedge funds flagged by
our “blocks” filter. In red (dashed line) we present the density for the funds not flagged
by our filter.
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“Block” Size Histogram

Figure A4: This figure presents the histograms for the blocks size for the funds flagged
by our block filter.
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Shared “Blocks” Histogram

Figure A5: This figure presents the histograms for the blocks size for the funds flagged
by our block across filter. For each fund flagged we record the biggest block size (i.e. the
biggest chunk of the time series shared by two or more funds).
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Empirical Densities: “Block of Returns Across Funds” Flagged Funds vs.
Non Flagged Funds

Figure A6: This figure presents the empirical densities for the pooled hedge funds returns.
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “blocks across hedge funds” filter. In red (dashed line) we present the density for the
funds not flagged by our filter.
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Frequency of Second Decimal: Rounders vs. Non Rounders

Figure A7: This figure presents the histograms for the second decimal for the funds
flagged by our “rounders” filter in the top panel and the funds not flagged in the bottom
panel.
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Empirical Densities: “Rounders” Flagged Funds vs. Non Flagged Funds

Figure A8: This figure presents the empirical densities for the pooled hedge funds returns.
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “rounders” filter. In red (dashed line) we present the density for the funds not flagged
by our filter.
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Empirical Densities: “Non Reporters” Flagged Funds vs. Non Flagged
Funds

Figure A9: This figure presents the empirical densities for the pooled hedge funds returns.
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “non reporters” filter. In red (dashed line) we present the density for the funds not
flagged by our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics: “Zero”
Flagged Funds vs. Non Flagged Funds

Figure A10: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “zero” filter. In red (dashed line) we present the density for the funds not flagged by
our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics:
“Repeated Returns” Flagged Funds vs. Non Flagged Funds

Figure A11: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “repeated returns” filter. In red (dashed line) we present the density for the funds
not flagged by our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics:
“Repeated Blocks of Returns” Flagged Funds vs. Non Flagged Funds

Figure A12: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “Repeated Blocks of Returns” filter. In red (dashed line) we present the density for
the funds not flagged by our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics: “Blocks
of Returns Across Funds” Flagged Funds vs. Non Flagged Funds

Figure A13: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “Blocks of Returns Across Funds” filter. In red (dashed line) we present the density
for the funds not flagged by our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics:
“Rounders” Flagged Funds vs. Non Flagged Funds

Figure A14: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged
by our “Rounders” filter. In red (dashed line) we present the density for the funds not
flagged by our filter.
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Empirical Densities for pooled Fung and Hsieh Alpha T-statistics: “Non
Reporters” Flagged Funds vs. Non Flagged Funds

Figure A15: This figure presents the empirical distribution of the estimated t-statistics for
the Fung and Hsieh factor model alpha. T-statistics are calculated using Newey and West
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))).
In blue (solid line) we present the density for the returns for the hedge funds flagged by
our “Non Reporters” filter. In red (dashed line) we present the density for the funds not
flagged by our filter.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = 1

Figure A16: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = 1 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = 0.5

Figure A17: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = 0.5 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = 0

Figure A18: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = 0 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pair bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = −0.5

Figure A19: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = −0.5 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = −1

Figure A20: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = −1 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = −2

Figure A21: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = −2 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Empirical Densities Cressie-Read Alpha T-statistics: γ = −3.5

Figure A22: This figure presents the empirical distribution of the estimated t-statistics
when we set γ = −3.5 (Hansen and Jagannathan estimator) for all four sets of basis assets.
T-statistics are calculated using the asymptotic Delta method, the Newey and West HAC
standard errors with the optimum number of lags given by L = floor(4 ∗ ((N/100)(2/9))),
and using the pairs bootstrap method.
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Table A6: CAPM Lambda Estimation

Gamma -3.5 -2 -1 -0.5 0 0.5 1

CAPM -1.65 -2.43 -2.83 -2.97 -3.07 -3.14 -3.17
T-Stat (Asym.) (-3.16) (-2.83) (-2.3) (-2.17) (-2) (-1.98) (-2.06)
T-Stat (Boots) (-3.44) (-2.95) (-2.29) (-2.21) (-2.12) (-2.06) (-2.11)
Pricing Error [0] [0] [0] [0] [0.1] [0.0] [0]

This table presents the estimated Lagrange multiplier λ associated with the
Cressie Read stochastic discount factor when we take the CRSP value weighted
market returns as the only benchmark asset. Columns indicate the Cressie
Read γ used in the estimation. We report the estimated λ, the associated
t− statistics (in parenthesis) as well as the pricing errors from the estimation
in basis points (in brackets). T statistics are calculated using both asymptotic
distribution (Asym.) as well as a non-parametric pairs bootstrap with 1000
re-samples (Boots). The estimation is based on the full sample from January
1994 to June 2015.
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Table A7: Carhart (1997) Lambda Estimation

Gamma -3.5 -2 -1 -0.5 0 0.5 1

MKT -1.83 -2.77 -3.51 -3.85 -4.12 -4.29 -4.35
T-Stat (Asym.) (-4.22) (-3.17) (-2.79) (-2.65) (-2.57) (-2.57) (-2.65)
T-Stat (Boots) (-2.74) (-2.86) (-2.67) (-2.41) (-2.3) (-2.48) (-2.63)
Pricing Error [0.0] [0] [0] [0] [0.0] [0] [0]
SMB -0.93 -1.04 -1.07 -1.05 -1.02 -0.98 -0.91
T-Stat (Asym.) (-0.6) (-0.56) (-0.53) (-0.51) (-0.5) (-0.49) (-0.48)
T-Stat (Boots) (-0.62) (-0.56) (-0.49) (-0.47) (-0.45) (-0.45) (-0.44)
Pricing Error [0] [0] [0] [0] [0.0] [0.0] [0.0]
HML -0.99 -1.88 -2.97 -3.46 -3.86 -4.12 -4.23
T-Stat (Asym.) (-3.47) (-2.26) (-1.73) (-1.66) (-1.66) (-1.7) (-1.81)
T-Stat (Boots) (-0.99) (-1.35) (-1.45) (-1.53) (-1.46) (-1.57) (-1.77)
Pricing Error [0.0] [0] [0] [0] [0.0] [0.0] [0]
MOM -1.40 -1.99 -2.52 -2.76 -2.94 -3.04 -3.06
T-Stat (Asym.) (-4.61) (-3.44) (-2.56) (-2.28) (-2.13) (-2.06) (-2.06)
T-Stat (Boots) (-2.36) (-2.17) (-1.86) (-1.8) (-1.74) (-1.82) (-1.9)
Pricing Error [0.0] [0] [0] [0] [0] [0.0] [0.0]

This table presents the estimated Lagrange multiplier λ associated with the
Cressie Read stochastic discount factor when we take the CRSP value weighted
market returns as the only benchmark asset. Columns indicate the Cressie
Read γ used in the estimation. We report the estimated λ, the associated
t− statistics (in parenthesis) as well as the pricing errors from the estimation
in basis points (in brackets). T statistics are calculated using both asymptotic
distribution (Asym.) as well as a non-parametric pairs bootstrap with 1000
re-samples (Boots). The estimation is based on the full sample from January
1994 to June 2015.
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Table A8: Fung and Hsieh (2001) Lambda Estimation

Gamma -3.5 -2 -1 -0.5 0 0.5 1

PTFSBD -0.10 -0.18 -0.18 -0.10 0.03 0.13 0.17
T-Stat (Asym.) (-0.33) (-0.56) (-0.45) (-0.21) (0.06) (0.25) (0.36)
T-Stat (Boots) (-0.38) (-0.43) (-0.32) (-0.16) (0.04) (0.23) (0.34)
Pricing Error [0] [0] [0] [0] [0] [0.1] [0.0]
PTFSFX 0.04 0.04 -0.05 -0.13 -0.20 -0.22 -0.20
T-Stat (Asym.) (0.24) (0.17) (-0.14) (-0.34) (-0.49) (-0.56) (-0.58)
T-Stat (Boots) (0.2) (0.13) (-0.12) (-0.29) (-0.42) (-0.51) (-0.51)
Pricing Error [0] [0] [0] [0] [0] [0.0] [0.1]
PTFSCOM -0.05 -0.02 -0.10 -0.16 -0.18 -0.17 -0.15
T-Stat (Asym.) (-0.13) (-0.06) (-0.22) (-0.33) (-0.35) (-0.35) (-0.36)
T-Stat (Boots) (-0.16) (-0.05) (-0.19) (-0.29) (-0.31) (-0.33) (-0.35)
Pricing Error [0.0] [0] [0] [0] [0] [0.1] [0]
PTFSIR -0.13 -0.22 -0.28 -0.32 -0.35 -0.33 -0.25
T-Stat (Asym.) (-0.53) (-0.88) (-0.92) (-0.95) (-0.99) (-1.01) (-1.09)
T-Stat (Boots) (-0.56) (-0.69) (-0.7) (-0.74) (-0.76) (-0.83) (-0.67)
Pricing Error [0.0] [0] [0] [0] [0] [0.1] [0.1]
PTFSSTK 1.07 1.78 2.50 2.87 3.08 3.04 2.76
T-Stat (Asym.) (8.26) (10.56) (6.51) (5.57) (5.03) (5.07) (5.78)
T-Stat (Boots) (4.92) (4.5) (4.19) (3.95) (3.94) (4.13) (4.9)
Pricing Error [0] [0] [0] [0] [0] [0.0] [0.0]
Bond 0.28 0.44 0.60 0.61 0.54 0.39 0.24
T-Stat (Asym.) (0.39) (0.58) (0.57) (0.48) (0.38) (0.29) (0.2)
T-Stat (Boots) (0.33) (0.38) (0.39) (0.35) (0.3) (0.25) (0.17)
Pricing Error [0.0] [0] [0] [0] [0] [0.1] [0.0]
Credit Spread -1.22 -1.96 -2.45 -2.61 -2.62 -2.42 -2.04
T-Stat (Asym.) (-2.54) (-3.09) (-2.03) (-1.89) (-1.81) (-1.74) (-1.71)
T-Stat (Boots) (-1.48) (-1.6) (-1.62) (-1.49) (-1.47) (-1.49) (-1.48)
Pricing Error [0.0] [0] [0] [0] [0] [0.0] [0.0]
S&P 500 -2.17 -3.68 -5.54 -6.42 -6.69 -6.24 -5.29
T-Stat (Asym.) (-2.6) (-3.98) (-3.18) (-2.8) (-2.65) (-2.62) (-2.62)
T-Stat (Boots) (-1.68) (-1.89) (-2.15) (-2.21) (-2.35) (-2.41) (-2.35)
Pricing Error [0.0] [0] [0] [0] [0] [0.0] [0.0]
Size Spread 1.26 1.89 1.23 0.38 -0.30 -0.68 -0.79
T-Stat (Asym.) (1.03) (1.49) (0.67) (0.17) (-0.13) (-0.32) (-0.46)
T-Stat (Boots) (0.91) (0.91) (0.49) (0.15) (-0.12) (-0.3) (-0.42)
Pricing Error [0.1] [0] [0] [0] [0] [0.0] [0.0]
Emerging 0.96 1.65 2.50 2.84 2.80 2.43 1.90
T-Stat (Asym.) (1.2) (1.92) (2) (1.8) (1.63) (1.5) (1.39)
T-Stat (Boots) (1.02) (1.19) (1.33) (1.4) (1.44) (1.38) (1.28)
Pricing Error [0.0] [0] [0] [0] [0] [0.1] [0.0]

This table presents the estimated Lagrange multiplier λ associated with the
Cressie Read stochastic discount factor when we take the CRSP value weighted
market returns as the only benchmark asset. Columns indicate the Cressie
Read γ used in the estimation. We report the estimated λ, the associated
t− statistics (in parenthesis) as well as the pricing errors from the estimation
in basis points (in brackets). T statistics are calculated using both asymptotic
distribution (Asym.) as well as a non-parametric pairs bootstrap with 1000
re-samples (Boots). The estimation is based on the full sample from January
1994 to June 2015.
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Table A9: CAPM Alpha for Hedge Fund Indexes

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.05 0.16 0.19 0.20 0.20 0.21 0.21 0.21
T (Asym) (0.66) (2.17) (3.61) (4.11) (4.46) (4.70) (4.84) (1.16)
T (Boot) (0.25) (0.9) (1.32) (1.43) (1.45) (1.57) (1.58) (1.17)
CTA 0.49 0.46 0.45 0.44 0.44 0.43 0.43 0.43
T (Asym) (6.21) (9.96) (17.04) (22.79) (31.89) (48.95) (92.01) (3.58)
T (Boot) (3.57) (3.59) (3.35) (3.36) (3.25) (3.38) (3.27) (3.51)
Emerging Markets 0.09 0.14 0.17 0.18 0.19 0.19 0.20 0.20
T (Asym) (0.79) (1.19) (1.65) (1.83) (1.97) (2.09) (2.20) (0.68)
T (Boot) (0.33) (0.58) (0.79) (0.84) (0.89) (0.94) (0.95) (0.7)
Equity Market Neutral 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34
T (Asym) (38.37) (37.32) (34.69) (31.83) (28.93) (26.35) (24.22) (5.92)
T (Boot) (6.9) (6.94) (6.69) (6.65) (6.96) (6.79) (6.95) (6.09)
Event Driven 0.31 0.34 0.36 0.36 0.37 0.37 0.37 0.37
T (Asym) (2.54) (4.24) (5.52) (5.90) (6.15) (6.30) (6.41) (3.37)
T (Boot) (3.01) (3.69) (4.36) (4.32) (4.45) (4.66) (4.6) (3.5)
Fixed Income Arbitrage 0.23 0.30 0.32 0.32 0.32 0.33 0.33 0.33
T (Asym) (2.08) (6.75) (12.26) (14.09) (15.15) (15.65) (15.80) (2.78)
T (Boot) (1.74) (2.69) (3.46) (3.54) (3.4) (3.75) (3.77) (2.96)
Funds of Funds 0.07 0.09 0.10 0.10 0.10 0.11 0.11 0.11
T (Asym) (1.91) (3.18) (4.03) (4.27) (4.43) (4.54) (4.63) (1.13)
T (Boot) (0.75) (1.08) (1.22) (1.26) (1.3) (1.36) (1.31) (1.19)
Global Macro 0.39 0.36 0.36 0.35 0.35 0.35 0.35 0.35
T (Asym) (42.96) (33.17) (18.47) (15.88) (14.14) (12.89) (11.97) (3.36)
T (Boot) (3.79) (3.8) (3.46) (3.61) (3.65) (3.59) (3.49) (3.32)
Long/Short Equity Hedge 0.37 0.38 0.38 0.38 0.38 0.38 0.38 0.38
T (Asym) (2.73) (3.34) (3.59) (3.64) (3.67) (3.68) (3.69) (3.66)
T (Boot) (4.09) (4.19) (4.31) (4.34) (4.35) (4.51) (4.39) (3.76)
Managed Futures 0.55 0.50 0.48 0.47 0.46 0.46 0.45 0.45
T (Asym) (4.52) (7.36) (13.55) (18.93) (27.93) (46.29) (102.37) (2.73)
T (Boot) (2.78) (2.72) (2.53) (2.53) (2.46) (2.53) (2.4) (2.67)
Multi-Strategy 0.35 0.36 0.36 0.36 0.36 0.36 0.36 0.36
T (Asym) (5.69) (7.69) (8.43) (8.48) (8.43) (8.33) (8.22) (4.32)
T (Boot) (5.34) (5.86) (5.83) (5.84) (6) (6.29) (6.04) (4.78)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the Cressie Read
stochastic discount factor when we use the CRSP value weighted market return as the only benchmark asset. In the
last column we also add the OLS Jensen’s alpha for comparison. Additional columns indicate the Cressie Read γ used
in the estimation. We report the estimated α, the asymptotic t − statistics as well as the bootstrapped t-statistics
(calculated using bootstrapped standard errors from 1000 re-samples). Bootstrapped t-statistics for the linear model
follow the residual bootstrap suggested by Kosowski et al. (2006). Asymptotic t-statistics are calculated using the
delta method (see section 4.4) to account for the dependence of α on λ and the error associated with the estimation of
the latter. Hedge Fund indexes are equally weighted based on self reported primary strategy using all available data,
after applying our filters, for each month. The estimation use the full sample from January 1994 to June 2015.
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Table A10: Carhart (1997) Alpha for Hedge Fund Indexes

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.31 0.27 0.25 0.25 0.24 0.24 0.24 0.24
T (Asym) (2.79) (2.91) (3.60) (3.93) (4.22) (4.48) (4.69) (1.3)
T (Boot) (1.45) (1.41) (1.54) (1.66) (1.67) (1.59) (1.71) (1.35)
CTA 0.45 0.43 0.42 0.42 0.41 0.41 0.40 0.40
T (Asym) (5.28) (11.11) (16.48) (19.88) (23.44) (25.14) (23.25) (3.35)
T (Boot) (3.35) (3.03) (3.37) (3.26) (3.14) (3.29) (2.94) (3.33)
Emerging Markets 0.10 0.17 0.18 0.19 0.19 0.19 0.19 0.19
T (Asym) (0.59) (1.21) (1.55) (1.70) (1.83) (1.94) (2.05) (0.69)
T (Boot) (0.41) (0.74) (0.88) (0.88) (0.87) (0.9) (0.88) (0.74)
Equity Market Neutral 0.34 0.32 0.31 0.30 0.30 0.29 0.29 0.29
T (Asym) (9.79) (15.89) (26.25) (21.41) (17.45) (14.98) (13.40) (5.34)
T (Boot) (5.22) (5.72) (5.69) (5.83) (5.78) (5.88) (5.92) (5.62)
Event Driven 0.39 0.38 0.37 0.36 0.36 0.36 0.36 0.36
T (Asym) (3.04) (4.48) (5.09) (5.24) (5.35) (5.46) (5.55) (3.43)
T (Boot) (3.22) (3.63) (3.86) (4.2) (4.25) (4.23) (4.24) (3.54)
Fixed Income Arbitrage 0.36 0.34 0.33 0.32 0.32 0.32 0.32 0.32
T (Asym) (6.74) (7.46) (10.86) (12.11) (12.79) (12.92) (12.73) (2.52)
T (Boot) (2.61) (2.7) (2.95) (3.17) (3.11) (3.16) (3.08) (2.65)
Funds of Funds 0.10 0.09 0.08 0.07 0.07 0.06 0.06 0.06
T (Asym) (2.31) (3.04) (3.44) (3.53) (3.59) (3.62) (3.63) (0.67)
T (Boot) (1.04) (1.01) (0.95) (0.93) (0.84) (0.79) (0.74) (0.7)
Global Macro 0.35 0.34 0.33 0.32 0.31 0.31 0.30 0.30
T (Asym) (17.78 (19.62) (15.76) (13.68) (11.89) (10.45) (9.33) (2.7)
T (Boot) (3.53) (3.35) (3.46) (3.36) (3.11) (2.97) (2.84) (2.7)
Long/Short Equity Hedge 0.39 0.37 0.36 0.35 0.35 0.35 0.34 0.34
T (Asym) (2.76) (3.19) (3.21) (3.21) (3.23) (3.25) (3.27) (3.82)
T (Boot) (4.56) (4.57) (4.82) (4.79) (4.6) (4.57) (4.59) (3.9)
Managed Futures 0.46 0.42 0.41 0.40 0.39 0.38 0.37 0.37
T (Asym) (3.31) (7.79) (11.87) (13.04) (13.48) (13.10) (12.13) (2.26)
T (Boot) (2.28) (2.04) (2.22) (2.16) (2.08) (2.1) (1.93) (2.1)
Multi-Strategy 0.38 0.37 0.36 0.36 0.35 0.35 0.35 0.35
T (Asym) (5.89) (7.32) (7.73) (7.77) (7.73) (7.64) (7.54) (4.17)
T (Boot) (5.5) (5.55) (5.86) (5.76) (5.82) (5.35) (5.26) (4.66)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the Cressie
Read stochastic discount factor when we use the Carhart (1997) factors as the benchmark assets. In the last
column we also add the OLS Jensen’s alpha for comparison. Additional columns indicate the Cressie Read γ used
in the estimation. We report the estimated α, the asymptotic t− statistics as well as the bootstrapped t-statistics
(calculated using bootstrapped standard errors from 1000 re-samples). Bootstrapped t-statistics for the linear model
follow the residual bootstrap suggested by Kosowski et al. (2006). Asymptotic t-statistics are calculated using the
delta method (see section 4.4) to account for the dependence of α on λ and the error associated with the estimation
of the latter. Hedge Fund indexes are equally weighted based on self reported primary strategy using all available
data, after applying our filters, for each month. The estimation use the full sample from January 1994 to June
2015.
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Table A11: Agarwal and Naik (2004) Alphas for Hedge Fund Indexes

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.33 0.33 0.30 0.27 0.26 0.25 0.25 0.25
Stud. t (asymp.) (4.43) (4.09) (3.80) (3.55) (3.42) (3.42) (3.56) (1.49)
Stud. t (boot.) (2.38) (2.48) (2.42) (2.22) (2.02) (1.95) (1.89) (1.43)
CTA 0.43 0.52 0.58 0.60 0.61 0.61 0.61 0.61
Stud. t (asymp.) (3.68) (7.82) (9.28) (11.67) (15.85) (21.86) (27.13) (4.92)
Stud. t (boot.) (2.21) (3) (3.85) (4.34) (4.43) (4.52) (4.38) (4.83)
Emerging Markets 0.27 0.23 0.21 0.22 0.25 0.28 0.31 0.33
Stud. t (asymp.) (1.63) (1.00) (0.98) (1.13) (1.38) (1.63) (1.83) (2.26)
Stud. t (boot.) (1.33) (1.27) (1.22) (1.42) (1.58) (1.96) (2.17) (2.17)
Equity Market Neutral 0.38 0.36 0.34 0.33 0.33 0.33 0.33 0.33
Stud. t (asymp.) (6.14) (6.96) (14.35) (20.00) (18.93) (16.38) (15.00) (5.75)
Stud. t (boot.) (4.45) (4.79) (5.53) (5.54) (5.75) (5.8) (5.92) (5.52)
Event Driven 0.45 0.42 0.39 0.38 0.38 0.38 0.39 0.39
Stud. t (asymp.) (5.42) (3.91) (3.93) (4.13) (4.41) (4.64) (4.84) (5.08)
Stud. t (boot.) (3.74) (3.81) (4.26) (4.49) (4.71) (4.96) (5.15) (4.95)
Fixed Income Arbitrage 0.25 0.30 0.32 0.32 0.33 0.33 0.33 0.34
Stud. t (asymp.) (2.62) (3.75) (6.20) (7.20) (7.57) (7.68) (7.75) (3.17)
Stud. t (boot.) (1.8) (2.41) (3) (3.12) (3.32) (3.47) (3.76) (3.35)
Fund of Funds 0.10 0.14 0.15 0.15 0.16 0.16 0.17 0.17
Stud. t (asymp.) (2.03) (2.99) (3.09) (3.26) (3.51) (3.73) (3.92) (2.29)
Stud. t (boot.) (1.01) (1.54) (1.91) (1.98) (2.07) (2.3) (2.36) (2.36)
Global Macro 0.26 0.35 0.37 0.38 0.38 0.39 0.40 0.41
Stud. t (asymp.) (2.26) (5.91) (8.15) (8.49) (8.70) (8.83) (9.03) (3.66)
Stud. t (boot.) (1.71) (2.54) (3.17) (3.45) (3.63) (3.82) (3.78) (3.81)
Long/Short Equity Hedge 0.29 0.31 0.33 0.34 0.34 0.35 0.36 0.36
Stud. t (asymp.) (2.63) (2.01) (2.25) (2.42) (2.60) (2.77) (2.93) (4.09)
Stud. t (boot.) (3.68) (3.95) (4.41) (4.59) (4.53) (4.82) (4.69) (4.1)
Managed Futures 0.43 0.60 0.67 0.70 0.71 0.72 0.73 0.72
Stud. t (asymp.) (2.17) (6.21) (7.70) (10.13) (13.77) (18.07) (21.87) (3.77)
Stud. t (boot.) (1.37) (2.18) (2.92) (3.3) (3.44) (3.47) (3.42) (3.65)
Multi-Strategy 0.32 0.35 0.35 0.35 0.36 0.36 0.36 0.37
Stud. t (asymp.) (4.10) (5.38) (5.57) (5.66) (5.82) (5.95) (6.07) (5.76)
Stud. t (boot.) (4.18) (4.95) (5.84) (5.96) (5.86) (6.31) (6.26) (5.82)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the Cressie
Read stochastic discount factor when we use the Agarwal and Naik (2004) factors as benchmark assets. In the last
column we also add the OLS Jensen’s alpha for comparison. For several values of the Cressie Read γ used in the
estimation, we report the estimated α, the asymptotic Student t− statistics as well as the bootstrapped Student
t-statistics (calculated using bootstrapped standard errors from 1000 re-samples). Bootstrapped t-statistics for the
linear model are obtained with the residual bootstrap method suggested by Kosowski et al. (2006). Asymptotic
t-statistics are calculated using the delta method (see section 4.4) to account for the dependence of α on λ and
the error associated with the estimation of the latter. Hedge Fund indexes are built based on the primary strategy
reported by each hedge fund and equally weighting their monthly returns using all available data, after applying
the filters described in the online Appendix. The resulting estimation uses the full sample from January 1994 to
June 2015.
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Table A12: CAPM Alpha for Hedge Fund Indexes - Newey-West t-statistics

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.05 0.16 0.19 0.20 0.20 0.21 0.21 0.21
T (NW) (0.13) (0.55) (0.72) (0.77) (0.81) (0.84) (0.87) (1.16)
T (Boot) (0.25) (0.9) (1.32) (1.43) (1.45) (1.57) (1.58) (1.17)
CTA 0.49 0.46 0.45 0.44 0.44 0.43 0.43 0.43
T (NW) (3.26) (3.4) (3.38) (3.37) (3.35) (3.34) (3.32) (3.58)
T (Boot) (3.57) (3.59) (3.35) (3.36) (3.25) (3.38) (3.27) (3.51)
Emerging Markets 0.09 0.14 0.17 0.18 0.19 0.19 0.20 0.20
T (NW) (0.17) (0.3) (0.4) (0.43) (0.46) (0.48) (0.5) (0.68)
T (Boot) (0.33) (0.58) (0.79) (0.84) (0.89) (0.94) (0.95) (0.7)
Equity Market Neutral 0.34 0.34 0.34 0.34 0.34 0.34 0.34 0.34
T (NW) (4.71) (4.85) (4.94) (4.97) (5) (5.02) (5.05) (5.92)
T (Boot) (6.9) (6.94) (6.69) (6.65) (6.96) (6.79) (6.95) (6.09)
Event Driven 0.31 0.34 0.36 0.36 0.37 0.37 0.37 0.37
T (NW) (1.2) (1.65) (1.85) (1.92) (1.97) (2.02) (2.06) (3.37)
T (Boot) (3.01) (3.69) (4.36) (4.32) (4.45) (4.66) (4.6) (3.5)
Fixed Income Arbitrage 0.23 0.30 0.32 0.32 0.32 0.33 0.33 0.33
T (NW) (1.08) (1.9) (2.19) (2.27) (2.34) (2.39) (2.44) (2.78)
T (Boot) (1.74) (2.69) (3.46) (3.54) (3.4) (3.75) (3.77) (2.96)
Funds of Funds 0.07 0.09 0.10 0.10 0.10 0.11 0.11 0.11
T (NW) (0.36) (0.57) (0.66) (0.69) (0.71) (0.73) (0.75) (1.13)
T (Boot) (0.75) (1.08) (1.22) (1.26) (1.3) (1.36) (1.31) (1.19)
Global Macro 0.39 0.36 0.36 0.35 0.35 0.35 0.35 0.35
T (NW) (3.53) (3.31) (3.25) (3.23) (3.22) (3.2) (3.19) (3.36)
T (Boot) (3.79) (3.8) (3.46) (3.61) (3.65) (3.59) (3.49) (3.32)
Long/Short Equity Hedge 0.37 0.38 0.38 0.38 0.38 0.38 0.38 0.38
T (NW) (1.28) (1.51) (1.6) (1.63) (1.65) (1.67) (1.69) (3.66)
T (Boot) (4.09) (4.19) (4.31) (4.34) (4.35) (4.51) (4.39) (3.76)
Managed Futures 0.55 0.50 0.48 0.47 0.46 0.46 0.45 0.45
T (NW) (2.67) (2.72) (2.68) (2.65) (2.63) (2.61) (2.59) (2.73)
T (Boot) (2.78) (2.72) (2.53) (2.53) (2.46) (2.53) (2.4) (2.67)
Multi-Strategy 0.35 0.36 0.36 0.36 0.36 0.36 0.36 0.36
T (NW) (2.15) (2.52) (2.66) (2.71) (2.75) (2.78) (2.8) (4.32)
T (Boot) (5.34) (5.86) (5.83) (5.84) (6) (6.29) (6.04) (4.78)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the
Cressie Read stochastic discount factor when we use the CRSP value weighted market return as the only
benchmark asset. In the last column we also add the OLS Jensen’s alpha for comparison. Additional
columns indicate the Cressie Read γ used in the estimation. We report the estimated α, the asymp-
totic t− statistics as well as the bootstrapped t-statistics (calculated using bootstrapped standard errors
from 1000 re-samples). Bootstrapped t-statistics for the linear model follow the residual bootstrap sug-
gested by Kosowski et al. (2006). Asymptotic T-statistics are calculated using Newey and West (1987)
heteroskedasticity and autocorrelation consistent standard errors with the optimal number of lags given by
b4(T/100)2/9c. Hedge Fund indexes are equally weighted based on self reported primary strategy using all
available data, after applying our filters, for each month. The estimation use the full sample from January
1994 to June 2015.
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Table A13: Carhart (1997) Alpha for Hedge Fund Indexes - Newey-West t-statistics

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.31 0.27 0.25 0.25 0.24 0.24 0.24 0.24
T (NW) (1.14) (0.98) (0.92) (0.91) (0.91) (0.92) (0.92) (1.3)
T (Boot) (1.45) (1.41) (1.54) (1.66) (1.67) (1.59) (1.71) (1.35)
CTA 0.45 0.43 0.42 0.42 0.41 0.41 0.40 0.40
T (NW) (3.27) (3.34) (3.31) (3.28) (3.25) (3.21) (3.17) (3.35)
T (Boot) (3.35) (3.03) (3.37) (3.26) (3.14) (3.29) (2.94) (3.33)
Emerging Markets 0.10 0.17 0.18 0.19 0.19 0.19 0.19 0.19
T (NW) (0.19) (0.38) (0.42) (0.44) (0.45) (0.46) (0.47) (0.69)
T (Boot) (0.41) (0.74) (0.88) (0.88) (0.87) (0.9) (0.88) (0.74)
Equity Market Neutral 0.34 0.32 0.31 0.30 0.30 0.29 0.29 0.29
T (NW) (5.1) (4.95) (4.6) (4.47) (4.39) (4.33) (4.29) (5.34)
T (Boot) (5.22) (5.72) (5.69) (5.83) (5.78) (5.88) (5.92) (5.62)
Event Driven 0.39 0.38 0.37 0.36 0.36 0.36 0.36 0.36
T (NW) (1.81) (1.91) (1.84) (1.83) (1.83) (1.85) (1.86) (3.43)
T (Boot) (3.22) (3.63) (3.86) (4.2) (4.25) (4.23) (4.24) (3.54)
Fixed Income Arbitrage 0.36 0.34 0.33 0.32 0.32 0.32 0.32 0.32
T (NW) (2.45) (2.23) (2.15) (2.14) (2.14) (2.15) (2.15) (2.52)
T (Boot) (2.61) (2.7) (2.95) (3.17) (3.11) (3.16) (3.08) (2.65)
Funds of Funds 0.10 0.09 0.08 0.07 0.07 0.06 0.06 0.06
T (NW) (0.58) (0.57) (0.5) (0.47) (0.45) (0.44) (0.42) (0.67)
T (Boot) (1.04) (1.01) (0.95) (0.93) (0.84) (0.79) (0.74) (0.7)
Global Macro 0.35 0.34 0.33 0.32 0.31 0.31 0.30 0.30
T (NW) (3.06) (3.04) (2.93) (2.86) (2.8) (2.73) (2.67) (2.7)
T (Boot) (3.53) (3.35) (3.46) (3.36) (3.11) (2.97) (2.84) (2.7)
Long/Short Equity Hedge 0.39 0.37 0.36 0.35 0.35 0.35 0.34 0.34
T (NW) (1.5) (1.54) (1.5) (1.49) (1.49) (1.49) (1.49) (3.82)
T (Boot) (4.56) (4.57) (4.82) (4.79) (4.6) (4.57) (4.59) (3.9)
Managed Futures 0.46 0.42 0.41 0.40 0.39 0.38 0.37 0.37
T (NW) (2.39) (2.4) (2.33) (2.29) (2.25) (2.2) (2.16) (2.26)
T (Boot) (2.28) (2.04) (2.22) (2.16) (2.08) (2.1) (1.93) (2.1)
Multi-Strategy 0.38 0.37 0.36 0.36 0.35 0.35 0.35 0.35
T (NW) (2.67) (2.68) (2.61) (2.59) (2.58) (2.58) (2.57) (4.17)
T (Boot) (5.5) (5.55) (5.86) (5.76) (5.82) (5.35) (5.26) (4.66)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the
Cressie Read stochastic discount factor when we use the Carhart (1997) factors as the benchmark assets.
In the last column we also add the OLS Jensen’s alpha for comparison. Additional columns indicate the
Cressie Read γ used in the estimation. We report the estimated α, the asymptotic t− statistics as well as
the bootstrapped t-statistics (calculated using bootstrapped standard errors from 1000 re-samples). Boot-
strapped t-statistics for the linear model follow the residual bootstrap suggested by Kosowski et al. (2006).
Asymptotic T-statistics are calculated using Newey and West (1987) heteroskedasticity and autocorrelation
consistent standard errors with the optimal number of lags given by b4(T/100)2/9c. Hedge Fund indexes
are equally weighted based on self reported primary strategy using all available data, after applying our
filters, for each month. The estimation use the full sample from January 1994 to June 2015.
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Table A14: Fung and Hsieh (2001) Alphas for Hedge Fund Indexes - Newey-West
t-statistics

-3.5 -2 -1 -0.5 0 0.5 1

Convertible Arbitrage 0.31 0.31 0.31 0.30 0.30 0.29 0.29 0.29
Stud. t (NW) (1.02) (1.09) (1.07) (1.03) (1.01) (1) (0.98) (1.74)
Stud. t (boot.) (2.37) (2.55) (2.61) (2.64) (2.49) (2.4) (2.36) (1.74)
CTA 0.70 0.67 0.63 0.61 0.60 0.59 0.58 0.58
Stud. t (NW) (3.01) (3.1) (3.35) (3.56) (3.73) (3.84) (3.88) (4.81)
Stud. t (boot.) (5.33) (5.41) (5.54) (5.36) (5.19) (5.21) (5.04) (4.85)
Emerging Markets 0.07 0.16 0.22 0.26 0.30 0.35 0.38 0.38
Stud. t (NW) (0.08) (0.22) (0.34) (0.41) (0.53) (0.66) (0.77) (2.28)
Stud. t (boot.) (0.32) (0.8) (1.24) (1.49) (1.86) (2.3) (2.56) (2.26)
Equity Market Neutral 0.35 0.35 0.35 0.34 0.34 0.34 0.35 0.35
Stud. t (NW) (4.13) (4.56) (4.57) (4.49) (4.48) (4.47) (4.47) (5.69)
Stud. t (boot.) (4.9) (5.46) (5.72) (6.14) (6.39) (6.11) (6.69) (5.58)
Event Driven 0.33 0.35 0.37 0.37 0.39 0.40 0.41 0.41
Stud. t (NW) (0.97) (1.16) (1.32) (1.42) (1.55) (1.66) (1.74) (5.06)
Stud. t (boot.) (3.79) (4.47) (4.85) (5.25) (5.68) (5.96) (6.38) (5.15)
Fixed Income Arbitrage 0.44 0.45 0.43 0.42 0.42 0.41 0.42 0.42
Stud. t (NW) (2.91) (3.11) (3.04) (2.91) (2.82) (2.76) (2.76) (4.39)
Stud. t (boot.) (4.92) (5.39) (5.46) (5.58) (5.22) (5.29) (5.54) (4.64)
Fund of Funds 0.20 0.21 0.20 0.20 0.20 0.21 0.21 0.21
Stud. t (NW) (0.83) (0.98) (1.02) (1.04) (1.1) (1.16) (1.21) (3.03)
Stud. t (boot.) (2.62) (2.93) (2.83) (2.94) (2.95) (3.14) (3.18) (2.95)
Global Macro 0.43 0.42 0.43 0.44 0.45 0.45 0.45 0.45
Stud. t (NW) (2.85) (3.18) (3.41) (3.52) (3.59) (3.64) (3.67) (4.97)
Stud. t (boot.) (3.74) (3.9) (4.47) (4.6) (4.88) (4.89) (4.79) (4.71)
Long/Short Equity Hedge 0.42 0.44 0.43 0.42 0.42 0.42 0.42 0.42
Stud. t (NW) (1.02) (1.17) (1.25) (1.28) (1.33) (1.36) (1.39) (4.58)
Stud. t (boot.) (4.8) (5.48) (5.72) (5.62) (5.65) (5.51) (5.53) (4.57)
Managed Futures 0.93 0.84 0.76 0.73 0.71 0.69 0.69 0.69
Stud. t (NW) (2.61) (2.61) (2.74) (2.89) (3.05) (3.19) (3.27) (3.91)
Stud. t (boot.) (3.94) (3.83) (3.81) (3.84) (3.7) (3.88) (3.83) (3.68)
Multi-Strategy 0.43 0.43 0.42 0.41 0.41 0.41 0.41 0.41
Stud. t (NW) (2.13) (2.4) (2.47) (2.49) (2.54) (2.57) (2.57) (5.85)
Stud. t (boot.) (7.09) (7.69) (7.54) (7.79) (7.52) (7.26) (7.35) (5.95)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the
Cressie Read stochastic discount factor when we use the Fung and Hsieh (2001) factors as benchmark
assets. In the last column we also add the OLS Jensen’s alpha for comparison. For several values of the
Cressie Read γ used in the estimation, we report the estimated α, the asymptotic Student t − statistics
as well as the bootstrapped Student t-statistics (calculated using bootstrapped standard errors from 1000
re-samples). Bootstrapped t-statistics for the linear model are obtained with the residual bootstrap method
suggested by Kosowski et al. (2006). Asymptotic t-statistics are calculated using Newey and West (1987)
heteroskedasticity and autocorrelation consistent standard errors with the optimal number of lags given by
b4(T/100)2/9c. Hedge Fund indexes are built based on the primary strategy reported by each hedge fund
by equally weighting their monthly returns using all available data, after applying the filters described in
the online Appendix. The resulting estimation uses the full sample from January 1994 to June 2015.
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Table A15: Agarwal and Naik (2004) Alphas for Hedge Fund Indexes - Newey-West
t-statistics

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.33 0.33 0.30 0.27 0.26 0.25 0.25 0.25
Stud. t (NW) (1.58) (1.47) (1.21) (1.07) (0.96) (0.88) (0.85) (1.49)
Stud. t (boot.) (2.38) (2.48) (2.42) (2.22) (2.02) (1.95) (1.89) (1.43)
CTA 0.43 0.52 0.58 0.60 0.61 0.61 0.61 0.61
Stud. t (NW) (3.35) (3.82) (4) (4.13) (4.23) (4.29) (4.32) (4.92)
Stud. t (boot.) (2.21) (3) (3.85) (4.34) (4.43) (4.52) (4.38) (4.83)
Emerging Markets 0.27 0.23 0.21 0.22 0.25 0.28 0.31 0.33
Stud. t (NW) (0.63) (0.46) (0.39) (0.42) (0.5) (0.58) (0.64) (2.26)
Stud. t (boot.) (1.33) (1.27) (1.22) (1.42) (1.58) (1.96) (2.17) (2.17)
Equity Market Neutral 0.38 0.36 0.34 0.33 0.33 0.33 0.33 0.33
Stud. t (NW) (4.38) (4.43) (4.55) (4.58) (4.53) (4.46) (4.42) (5.75)
Stud. t (boot.) (4.45) (4.79) (5.53) (5.54) (5.75) (5.8) (5.92) (5.52)
Event Driven 0.45 0.42 0.39 0.38 0.38 0.38 0.39 0.39
Stud. t (NW) (2.7) (2.17) (1.79) (1.73) (1.72) (1.72) (1.72) (5.08)
Stud. t (boot.) (3.74) (3.81) (4.26) (4.49) (4.71) (4.96) (5.15) (4.95)
Fixed Income Arbitrage 0.25 0.30 0.32 0.32 0.33 0.33 0.33 0.34
Stud. t (NW) (1.09) (1.58) (1.9) (1.94) (1.99) (2.03) (2.05) (3.17)
Stud. t (boot.) (1.8) (2.41) (3) (3.12) (3.32) (3.47) (3.76) (3.35)
Fund of Funds 0.10 0.14 0.15 0.15 0.16 0.16 0.17 0.17
Stud. t (NW) (0.58) (0.85) (0.86) (0.88) (0.9) (0.94) (0.97) (2.29)
Stud. t (boot.) (1.01) (1.54) (1.91) (1.98) (2.07) (2.3) (2.36) (2.36)
Global Macro 0.26 0.35 0.37 0.38 0.38 0.39 0.40 0.41
Stud. t (NW) (1.25) (2.11) (2.5) (2.61) (2.74) (2.89) (3.02) (3.66)
Stud. t (boot.) (1.71) (2.54) (3.17) (3.45) (3.63) (3.82) (3.78) (3.81)
Long/Short Equity Hedge 0.29 0.31 0.33 0.34 0.34 0.35 0.36 0.36
Stud. t (NW) (0.96) (1.04) (1.13) (1.17) (1.2) (1.22) (1.24) (4.09)
Stud. t (boot.) (3.68) (3.95) (4.41) (4.59) (4.53) (4.82) (4.69) (4.1)
Managed Futures 0.43 0.60 0.67 0.70 0.71 0.72 0.73 0.72
Stud. t (NW) (2.07) (2.96) (3.17) (3.28) (3.4) (3.48) (3.53) (3.77)
Stud. t (boot.) (1.37) (2.18) (2.92) (3.3) (3.44) (3.47) (3.42) (3.65)
Multi-Strategy 0.32 0.35 0.35 0.35 0.36 0.36 0.36 0.37
Stud. t (NW) (2) (2.4) (2.36) (2.33) (2.32) (2.31) (2.31) (5.76)
Stud. t (boot.) (4.18) (4.95) (5.84) (5.96) (5.86) (6.31) (6.26) (5.82)

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated with the
Cressie Read stochastic discount factor when we use the Agarwal and Naik (2004) factors as benchmark
assets. In the last column we also add the OLS Jensen’s alpha for comparison. For several values of the
Cressie Read γ used in the estimation, we report the estimated α, the asymptotic Student t − statistics
as well as the bootstrapped Student t-statistics (calculated using bootstrapped standard errors from 1000
re-samples). Bootstrapped t-statistics for the linear model are obtained with the residual bootstrap method
suggested by Kosowski et al. (2006). Asymptotic t-statistics are calculated using Newey and West (1987)
heteroskedasticity and autocorrelation consistent standard errors with the optimal number of lags given by
b4(T/100)2/9c. Hedge Fund indexes are built based on the primary strategy reported by each hedge fund
and equally weighting their monthly returns using all available data, after applying the filters described in
the online Appendix. The resulting estimation uses the full sample from January 1994 to June 2015.
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Table A16: Divergence: Jensen’s Alpha vs. Cressie-Read Alpha

Percentiles

1% 5% 10% 25% 50% 75% 90% 95% 99%

CAPM -2.24 -0.93 -0.51 -0.08 0.21 0.53 0.97 1.36 2.43
[-0.3] [-0.34] [0.27] [0.01] [0.01] [0.02] [0.61] [0.08] [0.02]

FF4 -2.35 -1.02 -0.60 -0.15 0.15 0.48 0.91 1.29 2.44
[1.45] [-0.45] [0.52] [0.11] [0.29] [0.18] [-0.05] [-0.18] [-0.07]

FH -2.29 -1.02 -0.55 -0.10 0.23 0.61 1.15 1.61 2.98
[0.55] [1.65] [0.22] [0.26] [-0.01] [-0.2] [-1.34] [-1.19] [0.44]

AN -2.90 -1.21 -0.69 -0.16 0.20 0.59 1.15 1.73 3.67
[-1.92] [1.06] [-0.58] [-0.59] [0.13] [0.1] [-0.46] [-1.32] [-1.79]

This table presents the estimated Jensen’s α measure for selected percentiles.
We also present, in brackets, the maximum divergence between Jensen’s al-
pha and the ones calculated for the following Cressie-Read SDFs γ =
{−3.5,−2,−1,−0.5, 0, 0.5, 1}. Each line indicate the basis assets used to com-
pute Jensen’s Alpha as well as the Cressie-Read SDF. Breakpoints are calculated
according to the cross section of Jensen’s Alpha estimates for each set of basis
assets (thus, columns do not indicate the same fund).

Table A17: Size and Power (in %) of the Asymptotic Tests Small (S) and Large
(L) Samples (Gaussian Medium Noise)

α -0.8 -0.5 -0.3 0 0.3 0.5 0.8
γ

L S L S L S L S L S L S L S
Lin 98.4 82.00 72.0 42.6 31.2 19.6 4.2 5.2 29.2 24.2 73.4 44.4 98.8 82.60
1 98.8 84.00 75.0 47.2 34.4 20.6 5.0 7.0 32.0 25.4 74.0 44.8 99.0 84.00
0 98.6 81.80 71.6 43.6 32.0 18.8 4.0 5.6 31.0 25.2 73.8 43.6 98.6 82.20
-2 95.6 70.40 61.6 34.0 24.8 12.2 2.8 5.4 26.6 21.8 65.8 40.2 95.6 77.80

-3.5 76.4 53.00 42.8 25.0 16.0 10.2 4.2 7.0 23.4 20.2 51.6 34.6 79.4 65.40

Table A18: Size and Power (in %) of the Asymptotic Tests - Small (S) and
Large (L) Samples
(Gaussian Large Noise)

α -0.8 -0.5 -0.3 0 0.3 0.5 0.8
γ

L S L S L S L S L S L S L S
Lin 82.0 57.8 45.2 29.8 20.4 13.2 6.6 5.0 20.2 15.4 46.4 25.6 86.8 59.0
1 93.6 79.6 66.6 49.8 37.0 30.6 18.6 17.6 38.0 32.4 64.6 46.8 95.2 75.4
0 93.4 77.6 65.0 48.2 35.6 28.0 17.6 16.2 37.0 31.6 63.8 45.4 94.8 75.2
-2 90.0 68.0 55.8 39.0 30.2 21.6 13.6 12.6 33.2 28.4 58.4 40.8 92.8 71.2

-3.5 66.6 53.2 38.8 30.0 20.6 19.0 13.6 12.6 28.8 27.6 47.8 36.0 78.2 61.8

69



Table A19: The Cross-Section of Alphas

Cressie-Read γ:

-3.5 -2 -1 -0.5 0 0.5 1

HF Mean 0.58 0.57 0.58 0.58 0.61 0.63 0.65
(26.37) (22.19) (24.93) (24.10) (25.58) (24.87) (26.57)

Co-Skewness 0.01 -0.03 -0.04 -0.03 -0.04 -0.04 -0.05
(0.16) (-0.69) (-0.98) (-0.72) (-0.86) (-1.03) (-1.41)

Co-Kurtosis -0.16 -0.20 -0.20 -0.20 -0.21 -0.22 -0.23
(-6.90) (-5.41) (-4.82) (-5.03) (-5.60) (-6.07) (-6.64)

Idios. Vol. -0.11 -0.11 -0.11 -0.10 -0.10 -0.08 -0.08
(-2.76) (-2.80) (-2.62) (-2.23) (-2.04) (-1.49) (-1.21)

HF Skewness 0.05 0.06 0.07 0.07 0.07 0.07 0.07
(3.49) (3.79) (3.80) (3.56) (3.16) (2.94) (2.63)

HF Kurtosis 0.01 0.02 0.03 0.03 0.03 0.03 0.03
(0.66) (1.23) (1.58) (1.74) (1.62) (1.38) (1.17)

AR(1) 0.08 0.08 0.09 0.09 0.08 0.10 0.09
(7.91) (8.92) (7.29) (8.11) (6.45) (8.31) (8.50)

Size 0.01 0.00 0.01 0.01 0.02 0.02 0.02
(1.50) (0.77) (2.46) (1.66) (2.63) (2.52) (2.55)

Age 0.06 0.06 0.05 0.05 0.06 0.06 0.06
(2.13) (2.37) (2.16) (2.23) (2.81) (2.98) (3.07)

R2 0.38 0.38 0.38 0.39 0.43 0.46 0.48

This table presents the linear regression estimates for the following regression:
αγi = β0 +

∑N
i=1 βiXi + εi, where Xi denotes the control variables in the re-

gression (lines in the table). Columns correspond to the values of γ used in
the SDF estimation. All alphas are computed using the SDF implied from
the Fung and Hsieh ten factor model. Although not reported all regressions
include dummies for the hedge fund primary category. Student t-statistics are
computed using robust standard errors clustered by primary category.

70



Table A20: Fung and Hsieh (2001) Alphas for Hedge Fund Indexes - New
Fung and Hsieh factors - Asymptotic t-statistics

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.36 0.21 0.14 0.11 0.11 0.13 0.15 0.16
Stud. t (Asym) 3.55 0.88 0.90 0.97 1.25 1.73 2.40 0.96
Stud. t (boot.) 2.08 1.33 0.91 0.76 0.80 0.89 0.93 0.96
CTA 0.42 0.43 0.46 0.46 0.45 0.43 0.42 0.43
Stud. t (Asym) 7.40 3.82 4.93 5.58 6.68 8.00 9.12 3.37
Stud. t (boot.) 2.50 2.82 3.60 3.56 3.46 3.46 3.29 3.50
Emerging Markets 0.55 0.29 0.24 0.23 0.24 0.27 0.31 0.32
Stud. t (Asym) 2.83 1.01 0.95 0.97 1.16 1.48 1.82 1.84
Stud. t (boot.) 2.62 1.49 1.52 1.44 1.58 1.79 1.55 1.90
Equity Market Neutral 0.37 0.27 0.29 0.31 0.31 0.31 0.31 0.33
Stud. t (Asym) 24.94 6.50 12.34 15.37 15.85 15.04 15.96 5.75
Stud. t (boot.) 6.02 4.76 5.35 5.62 5.69 5.80 5.59 5.60
Event Driven 0.52 0.40 0.36 0.34 0.33 0.33 0.33 0.35
Stud. t (Asym) 6.24 1.91 2.34 2.61 2.99 3.50 4.08 4.46
Stud. t (boot.) 7.12 5.30 5.44 4.96 4.92 4.98 3.89 4.45
Fixed Income Arbitrage 0.35 0.18 0.14 0.14 0.16 0.18 0.20 0.21
Stud. t (Asym) 6.37 1.60 1.67 1.99 2.72 3.79 4.87 1.89
Stud. t (boot.) 2.11 1.13 1.05 1.18 1.43 1.75 1.89 1.85
Fund of Funds 0.24 0.19 0.15 0.13 0.12 0.12 0.11 0.12
Stud. t (Asym) 5.07 2.02 2.12 2.21 2.48 2.86 3.36 1.57
Stud. t (boot.) 2.87 2.40 2.06 1.67 1.55 1.52 1.21 1.43
Global Macro 0.41 0.35 0.30 0.28 0.26 0.24 0.23 0.24
Stud. t (Asym) 9.30 5.71 5.69 5.62 5.70 5.73 5.97 2.77
Stud. t (boot.) 3.89 3.56 3.04 2.84 2.84 2.64 2.20 2.73
Long/Short Equity Hedge 0.64 0.44 0.41 0.40 0.39 0.38 0.38 0.38
Stud. t (Asym) 5.37 1.71 2.08 2.26 2.50 2.78 3.07 3.72
Stud. t (boot.) 7.35 5.27 5.02 4.89 4.66 4.74 3.30 3.85
Managed Futures 0.43 0.39 0.44 0.45 0.44 0.42 0.40 0.43
Stud. t (Asym) 5.52 2.16 3.30 3.86 4.67 5.64 6.54 2.38
Stud. t (boot.) 1.66 1.67 2.25 2.27 2.28 2.24 2.15 2.27
Multi-Strategy 0.48 0.40 0.38 0.37 0.36 0.35 0.34 0.35
Stud. t (Asym) 9.44 3.54 4.31 4.71 5.09 5.45 5.88 5.07
Stud. t (boot.) 8.06 7.12 6.81 6.42 6.42 6.22 4.96 5.12

This table presents the estimated non-parametric α measure for Hedge Fund indexes associated
with the Cressie Read stochastic discount factor when we use the Fung and Hsieh (2001) factors
as benchmark assets. In the last column we also add the OLS Jensen’s alpha for comparison.
For several values of the Cressie Read γ used in the estimation, we report the estimated α, the
asymptotic Student t−statistics as well as the bootstrapped Student t-statistics (calculated using
bootstrapped standard errors from 1000 re-samples). Bootstrapped t-statistics for the linear model
are obtained with the residual bootstrap method suggested by Kosowski et al. (2006). Asymptotic
t-statistics are calculated using the delta method (see section 4.4) to account for the dependence
of α on λ and the error associated with the estimation of the latter. Hedge Fund indexes are built
based on the primary strategy reported by each hedge fund by equally weighting their monthly
returns using all available data, after applying the filters described in the online Appendix. The
resulting estimation uses the full sample from January 1994 to June 2015.
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Table A21: Fung and Hsieh (2001) Alphas for Hedge Fund Indexes -
New Fung and Hsieh factors - Newey-West t-statistics

-3.5 -2 -1 -0.5 0 0.5 1 Lin

Convertible Arbitrage 0.36 0.21 0.14 0.11 0.11 0.13 0.15 0.16
Stud. t (NW) 1.47 0.48 0.31 0.25 0.27 0.34 0.41 0.96
Stud. t (boot.) 2.08 1.33 0.91 0.76 0.80 0.89 0.93 0.96
CTA 0.42 0.43 0.46 0.46 0.45 0.43 0.42 0.43
Stud. t (NW) 3.36 2.66 2.71 2.66 2.62 2.60 2.58 3.37
Stud. t (boot.) 2.50 2.82 3.60 3.56 3.46 3.46 3.29 3.50
Emerging Markets 0.55 0.29 0.24 0.23 0.24 0.27 0.31 0.32
Stud. t (NW) 1.41 0.55 0.43 0.38 0.42 0.50 0.59 1.84
Stud. t (boot.) 2.62 1.49 1.52 1.44 1.58 1.79 1.55 1.90
Equity Market Neutral 0.37 0.27 0.29 0.31 0.31 0.31 0.31 0.33
Stud. t (NW) 5.74 3.14 4.12 4.37 4.39 4.35 4.25 5.75
Stud. t (boot.) 6.02 4.76 5.35 5.62 5.69 5.80 5.59 5.60
Event Driven 0.52 0.40 0.36 0.34 0.33 0.33 0.33 0.35
Stud. t (NW) 2.95 1.27 1.26 1.21 1.22 1.28 1.34 4.46
Stud. t (boot.) 7.12 5.30 5.44 4.96 4.92 4.98 3.89 4.45
Fixed Income Arbitrage 0.35 0.18 0.14 0.14 0.16 0.18 0.20 0.21
Stud. t (NW) 2.54 0.78 0.57 0.57 0.68 0.85 0.99 1.89
Stud. t (boot.) 2.11 1.13 1.05 1.18 1.43 1.75 1.89 1.85
Fund of Funds 0.24 0.19 0.15 0.13 0.12 0.12 0.11 0.12
Stud. t (NW) 1.70 0.94 0.72 0.60 0.56 0.57 0.58 1.57
Stud. t (boot.) 2.87 2.40 2.06 1.67 1.55 1.52 1.21 1.43
Global Macro 0.41 0.35 0.30 0.28 0.26 0.24 0.23 0.24
Stud. t (NW) 3.59 3.20 2.43 2.13 1.97 1.84 1.74 2.77
Stud. t (boot.) 3.89 3.56 3.04 2.84 2.84 2.64 2.20 2.73
Long/Short Equity Hedge 0.64 0.44 0.41 0.40 0.39 0.38 0.38 0.38
Stud. t (NW) 2.85 1.16 1.16 1.13 1.14 1.15 1.17 3.72
Stud. t (boot.) 7.35 5.27 5.02 4.89 4.66 4.74 3.30 3.85
Managed Futures 0.43 0.39 0.44 0.45 0.44 0.42 0.40 0.43
Stud. t (NW) 2.52 1.54 1.77 1.79 1.78 1.77 1.75 2.38
Stud. t (boot.) 1.66 1.67 2.25 2.27 2.28 2.24 2.15 2.27
Multi-Strategy 0.48 0.40 0.38 0.37 0.36 0.35 0.34 0.35
Stud. t (NW) 3.82 2.18 2.16 2.10 2.07 2.06 2.04 5.07
Stud. t (boot.) 8.06 7.12 6.81 6.42 6.42 6.22 4.96 5.12

This table presents the estimated non-parametric α measure for Hedge Fund indexes asso-
ciated with the Cressie Read stochastic discount factor when we use the Fung and Hsieh
(2001) factors as benchmark assets. In the last column we also add the OLS Jensen’s
alpha for comparison. For several values of the Cressie Read γ used in the estimation, we
report the estimated α, the asymptotic Student t− statistics as well as the bootstrapped
Student t-statistics (calculated using bootstrapped standard errors from 1000 re-samples).
Bootstrapped t-statistics for the linear model are obtained with the residual bootstrap
method suggested by Kosowski et al. (2006). Asymptotic t-statistics are calculated using
Newey and West (1987) heteroskedasticity and autocorrelation consistent standard errors
with the optimal number of lags given by b4(T/100)2/9c. Hedge Fund indexes are built
based on the primary strategy reported by each hedge fund by equally weighting their
monthly returns using all available data, after applying the filters described in the online
Appendix. The resulting estimation uses the full sample from January 1994 to June 2015.
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