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forming hedge funds while controlling the family-wise error rate (FWER). The method condi-

tions rejection thresholds on informative covariates (such as fund characteristics and macroe-

conomic variables) and outperforms prior unconditional tests in simulations. Applied to U.S.

hedge fund data, fwer+ constructs portfolios that outperform passive benchmarks and gen-
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1. Introduction

Hedge funds offer several advantages to investors: they are free to change strategies, can

apply high leverage, and operate in a relaxed regulatory framework. This has led to an

increase in the size of the hedge fund industry over the past few decades, reaching $4.51

trillion in assets under management in 2024 (a 9.75 % increase from the previous year, Man-

dle, 2024). Paradoxically, the actual skill of hedge fund managers is not directly observable

by investors (Wu et al., 2021). These facts raise the following long-standing question in the

hedge fund literature: Is there a method to detect skilled hedge fund managers? Is there

any information input that can assist investors in fund selection? To answer all these ques-

tions, researchers need a statistical methodology that can handle the following four issues

simultaneously: (i) appropriately controlling downside risk; (ii) updating information in a

timely way by incorporating various fund features in the selection process; (iii) controlling

for luck ; and (iv) being feasible for a large panel. In this paper, we propose the family-wise

error rate plus (fwer+) method, which helps us assess hedge fund performance and examine

the covariate information associated with persistent hedge fund outperformance.

Prior hedge fund studies differ in their approaches to identifying hedge fund managers

who can produce significant alphas: one strand of the literature focuses on fund-level per-

formance covariates, while the other uses multiple-hypothesis testing to control for luck.

The first strand of the literature examines the persistence of hedge fund performance and

the relationships between funds’ characteristics, macroeconomic variables, and performance

(see, e.g., Agarwal and Naik, 2000; Avramov et al., 2011; Bali et al., 2014; Bali and Weigert,

2024; Sun et al., 2018; Chen et al., 2021). The majority of those studies create hedge fund

portfolios by sorting funds based on specific fund characteristics and past performance.

In the second strand, the existing literature on hedge fund performance accounting for

lucky funds is limited. It focuses on controlling either the family-wise error rate (FWER) or
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the false discovery rate (FDR).1 The FDR is the expected proportion of non-outperforming

funds among those selected as outperformers. Suppose that investors control FDR at the

5% level when forming their portfolio. Then they would expect about 5% of the portfolio of

funds to be non-outperforming. In contrast, if they control for FWER at 5%, the chance of

having any non-outperforming funds in the portfolio is only 5%. Roughly speaking, if they

form such portfolios annually over 100 years, they should expect only about 5 years in which

any selected funds are non-outperforming.

It is also worth noting that existing multiple-testing methods in this literature are un-

conditional; that is, they rely only on funds’ returns and do not account for other relevant

information affecting hedge fund performance (e.g., fund characteristics). In practice, it

appears unrealistic to evaluate hedge funds without accounting for all relevant information

available to investors. On the one side, hedge fund investments are characterised by illiquid-

ity, correlation risk, and tail risk.2 Moreover, hedge funds trade in illiquid assets and tend

to smooth returns when pricing them. Smoothing returns can lead to inflated risk-adjusted

performance (Getmansky et al., 2004). All these elements lead them to report negative skew-

ness and fat tails relative to normal distribution, and their population to be littered with

lucky funds, or else hedge funds that report a positive performance that is not statistically

significant (see, Giglio et al., 2020; Ferson and Chen, 2021; Chen et al., 2017). On the other

1In particular, Romano and Wolf (2005) and Romano and Shaikh (2006) have developed FWER control
methods, apply them to hedge fund performance and identified a handful of hedge funds as outperformers.
Ferson and Chen (2021) build upon the FDR method of Barras et al. (2010) and probability theory to infer
the performance of a cross-section of hedge funds. Similarly, Giglio et al. (2020) develop a machine learning
FDR procedure that accounts for omitted factors and missing data, and conduct multiple hypothesis testing
for hedge funds. In contrast with the findings of Romano and Wolf (2005) and Romano and Shaikh (2006),
both FDR studies argue that hundreds of hedge funds outperform after controlling for luck. This finding is
expected given FDR’s lenient nature.

2Hedge funds often employ market-neutral arbitrage strategies to immunise their portfolios. Those
strategies are built on unrealistic assumptions about correlations (e.g., time-varying market betas), which
can lead to exposure to correlation risk and result in large losses (see Buraschi et al., 2013). Also, hedge
funds extensively trade derivatives, which exposes them to correlation and volatility shocks, as well as tail
risk (see Agarwal et al., 2017).
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hand, hedge funds require a significant minimum investment and have lock-up periods. This

leads to a high investment threshold to form portfolios, which, in simple terms, makes the

risk from choosing the wrong hedge fund considerably higher. All of these issues demand a

strict method to control for luck and to account for all available information in a dynamic

manner.

This study bridges the aforementioned two strands of literature and fills the gap in hedge

funds’ selection by introducing the fwer+ procedure, an approach based on the statistical

framework of Zhou et al. (2021) that estimates FWER as a function of multiple informative

covariates. The idea is to allow the test’s rejection threshold for different hedge funds to

vary by fund-specific information. We deviate from the framework of Zhou et al. (2021)

by (i) specifically aiming to control the FWER among the discoveries in the right tail (i.e.,

detecting hedge funds with positive abnormal returns); and (ii) accommodating correlated

covariates that are common in financial data. fwer+ is well-suited to hedge fund evaluation

for three reasons. First, the FWER control protects against the downside risk of selecting the

wrong funds. Second, its multiple testing framework controls for luck in fund performance

evaluation. Finally, its use of informative covariates to differentiate rejection thresholds

allows testing the conditional performance of hedge funds. Given that investors continually

update their information, additional information captured by those covariates allows us to

evaluate investors’ rational expectations. In fact, using those covariates gives us greater

power to detect additional outperforming hedge funds, making it feasible to form a hedge

fund portfolio.

We first compare the finite-sample performance of fwer+ with two established FWER-

controlling procedures: the stepwise multiple testing procedure of Romano and Wolf (2005)

(StepM) and the stepwise superior predictive ability test of Hsu et al. (2010) (StepSPA). The

simulations show that fwer+ controls FWER well across target levels while retaining mean-

ingful power compared to its benchmarks. In contrast, StepM is highly conservative in our

hedge fund setting, with power close to zero across all FWER targets considered. StepSPA
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is more powerful than StepM, but its empirical FWER exceeds the nominal target across

stationary-bootstrap average block lengths ranging from 2 to 12 months. These results sug-

gest that, in our short-window, large-cross-section setting, the two unconditional procedures

are useful for assessing finite-sample trade-offs but are not reliable tools for empirical fund

selection. Accordingly, we report StepM and StepSPA as simulation benchmarks, while the

empirical portfolio analysis focuses on fwer+.

We then consider an extensive list of simulations, which shows that the fwer+ proce-

dure achieves higher power when (i) covariates are highly informative about the prior null

probability; (ii) outperforming funds’ alphas are higher; (iii) informative covariates are more

comprehensive; (iv) the noise-to-signal ratio is lower in covariates; (v) a longer period is

considered; and (vi) a smaller number of funds are tested. Moreover, the correlation among

covariates does not materially reduce the power of fwer+ and its control at all FWER

targets.

In our empirical analysis, we implement fwer+ to identify outperforming hedge funds

using a comprehensive set of 24 informative covariates grouped into four categories: return

characteristics, fund characteristics, managerial skill, and macroeconomic variables. Begin-

ning in late 1999, we estimate fund alphas, compute covariates, and apply fwer+ using a

rolling 36-month in-sample (IS) window, with FWER target levels ranging from 0.1% to

5%. For each selection set, we construct both equal-weighted and alpha-weighted portfo-

lios (“FWER portfolios” hereafter), with the latter assigning larger weights to funds with

stronger estimated IS alphas. The selected portfolios are then held out-of-sample (OOS)

for one year, after which the entire procedure is rolled forward annually through the end of

2023. To assess whether the selection step adds value beyond simple rules based on the same

investment universe, we compare these portfolios with three passive benchmarks: EW , an

equal-weighted portfolio of all eligible funds; EW+, an equal-weighted portfolio of eligible

funds with positive IS alpha; and αW+, an alpha-weighted version of EW+.

We conduct several experiments using this rolling design. First, we construct portfolios
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using each of the 24 covariates individually. We find that all portfolios outperform the pas-

sive benchmarks and generate significantly positive alphas in the seven-factor model of Fung

and Hsieh (2004) (up to 4.2% per annum). Second, we form portfolios using the full set

of covariates simultaneously. We find that these portfolios achieve significant seven-factor

alphas of up to 6.4% per annum for the equal-weighted FWER portfolio and up to 9.0%

per annum for the alpha-weighted FWER portfolio, respectively. The fwer+ procedure

using multiple covariates is sufficiently powerful to form non-empty portfolios even when

controlling the FWER at 0.1%, with more than 70% of selected funds producing positive

alpha in the OOS. The economic gains are also substantial. Over the full OOS period, the

fwer+ portfolios strongly outperform the passive EW , EW+, and αW+. A $1 investment in

the alpha-weighted (equal-weighted) fwer+ portfolios grows to approximately $11.0–$13.5

($6.8–$7.5), compared with roughly $3.0-$4.0 for the passive EW , EW+, and αW+ bench-

marks. This corresponds to cumulative returns of almost 1,200% over the last two decades.

Notably, the selected funds display performance patterns consistent with managerial skill

that not only help them avoid losses during downturns but also generate substantial gains

during the 2008–2009 financial crisis, in contrast to the large losses observed in the broader

hedge fund industry. Although performance moderates in parts of the later sample, both

the equal-weighted and alpha-weighted fwer+ portfolios retain statistically significant full-

sample alphas, unlike their passive benchmarks. These findings remain when the holding

periods of the fwer+ portfolios are extended up to four years and when alternative factor

models are considered.

Third, we decompose the fwer+-based portfolio into sub-portfolios by fund style and

show that these sub-portfolios outperform their respective industry counterparts. The fwer+-

based portfolio does not include funds from all styles at all times; rather, it selectively iden-

tifies truly outperforming funds from certain styles when such funds exist. Relative Value

funds appear most frequently in the portfolio and have been dominant in recent decades.

Nevertheless, the full set of Relative Value style funds, as obtained by our dataset, do not

5



outperform other styles, but those funds selected by fwer+ do so.

Fourth, to better understand the economic information underlying the superior perfor-

mance of the proposed procedure, we investigate how informative covariates contribute to the

OOS alpha of the equal-weighted FWER portfolios. We focus on equal-weighted portfolios to

isolate the contribution of covariate information to fund selection from the additional effect

of alpha-based portfolio weighting. To this end, we conduct two complementary analyses.

First, a leave-one-out ablation analysis quantifies the marginal contribution of individual

covariates and covariate groups. Second, we adapt the Shapley value framework (Shapley,

1953) to decompose the portfolio alpha gain across covariate groups while accounting for

overlapping information and to examine whether different sources of information reinforce

one another. The results suggest distinct roles for return-based and macroeconomic co-

variates. Return-based covariates provide the largest standalone contribution to portfolio

alpha, whereas macroeconomic covariates complement return-based covariates, managerial

skill proxies, and fund characteristics. Together with additional robustness analyses, the

findings suggest that fwer+ benefits from integrating both common and covariate-specific

information contained in the original covariates.

Our paper contributes to the literature in three ways. First, we contribute method-

ologically by adapting the informative-covariate FWER framework of Zhou et al. (2021)

to the problem of selecting outperforming investment opportunities. The resulting fwer+

procedure is designed for one-sided fund-selection problems and accommodates correlated

covariates, which are common in financial applications. This provides a conditional multiple-

testing framework that uses economically motivated information to improve power while

maintaining stringent control of false discoveries.

Second, we contribute to the hedge fund performance literature by showing that condi-

tioning multiple testing on informative covariates identifies portfolios with economically large

and statistically significant OOS performance. The selected portfolios outperform passive

benchmarks formed from the same eligible fund universe, remain significant across FWER
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targets, weighting schemes, sub-periods, holding horizons, and factor models, and perform

particularly well during market stress periods. These findings suggest that informative-

covariate multiple testing can make stringent FWER control practically useful in large-scale

fund-selection problems.

Third, we provide new evidence on the sources of information that drive the perfor-

mance of the selected portfolios. Using the equal-weighted FWER portfolios to isolate the

selection effect of covariates from the additional effect of alpha-based weighting, we develop

leave-one-out and Shapley analyses to quantify the contribution of covariate information to

portfolio alpha. These analyses show that return-based covariates provide the largest stan-

dalone contribution, whereas macroeconomic covariates reinforce the information contained

in return-based covariates, managerial-skill proxies, and fund characteristics. These results

highlight the importance of combining historical fund performance with information about

funds’ sensitivity to changing economic conditions.

The remainder of the paper is organized as follows. Section 2 introduces the fwer+ pro-

cedure. Section 3 describes the hedge fund dataset, while Section 4 discusses the performance

measures used. Section 5 presents the Monte Carlo simulation design and results. Section 6

reports the empirical analyses, Section 7 analyzes the contribution of covariate information

to portfolio performance, and Section 8 concludes the paper.

2. Methodology

Suppose that we are assessing n hedge funds with respect to the Fung and Hsieh (2004)

seven-factor model alpha (α). We test for each fund i a hypothesis

H0 : αi = 0 against H1 : αi ̸= 0, (1)

where αi is the true but unknown value α of the fund i, i = 1, . . . , n.

The literature on detecting outperformers while controlling for FWER has focused pri-

marily on one-sided tests with a composite null, leading to the development of numerous
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testing procedures.3 We aim to detect the funds having positive α, while controlling for

the probability of selecting at least one non-outperforming fund at a predetermined target

τ ∈ (0, 1). Among the funds selected as outperformers, let F denote the number of funds

that in fact have α ≤ 0. We are attempting to control a type I error which is defined as

FWER = P(F ≥ 1) at the target τ .

The procedures proposed in the literature share a common foundation: they rely on

bootstrap methods applied to funds’ returns (or, more generally, some relative performance

variable). However, these methods do not incorporate additional information – often avail-

able and informative – alongside the tests. Given that fund performance is typically assessed

over short time series of returns, these limitations reduce the power of such approaches in

detecting truly outperforming funds or managers that are expected to continue their perfor-

mance in the (short) future.

The issue of low power in multiple testing procedures has attracted growing attention

across many areas of science. Recent advances in statistics have sought to address this by

incorporating additional information to improve the detection of false nulls, as in Ignatiadis

and Huber (2021) and Zhou et al. (2021). However, these innovative approaches have not yet

been applied to the problem of selecting outperformers. In this study, we propose a simple

procedure that builds on the framework of Zhou et al. (2021) to overcome the low-power

limitations of existing methods.4 In the following sections, we first summarize the framework

and then introduce our fwer+ procedure.

2.1. Application in Picking Outperforming Funds

At a given time t, we assess hedge funds’ performance using their return series over the

past 36-month period. We conduct tests (1) on these return series using the Fung and Hsieh

3This literature includes Romano and Wolf (2005), Hansen (2005), and Hsu et al. (2010).
4The framework of Zhou et al. (2021) is computationally more efficient and has been shown to be more

powerful than that of Ignatiadis and Huber (2021).
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(2004) seven-factor model as our benchmark. 5 Our first step is to detect truly non-zero alpha

funds while controlling FWER at a target τ ∈ (0, 1). Suppose there is a set of d informative

covariates Z1, . . . , Zd carrying the information on the probability that the null of tests (1)

being true. Each Zk is a column vector (Zk
1 , . . . , Z

k
n)

′, k = 1, . . . , d. These covariates may

be time-varying, such as the exposure of fund returns to macroeconomic conditions over the

past 36 months, or time invariant, such as the characteristics of the funds.

For convenience, we denote Z = (Z1, . . . , Zd); thus, Zi means (Z1
i , . . . , Z

d
i ). For each i =

1, . . . , n, let Pi be the random variable representing the p-value of the test (1) corresponding

to fund i and pi be its realization. Conditional on Zi = zi, we denote the prior probability

of the null hypothesis i being true by π0(zi). We model the distribution of Pi as a mixture

of two groups in which the weights of the first and the second group are π0(zi) and 1 −

π0(zi), respectively. Let f0 and falt be the density functions of the first and second group,

respectively. Formally, we have

Pi|(Zi = zi) ∼ π0(zi)f0(·) + (1− π0(zi))falt(·). (2)

Thus, the covariates Z carry their information through the π0(zi), which takes a different

value across the tests. In contrast, the f0 and falt respectively are the density functions of

those p-values under true nulls and false nulls, and they are in the same form for all tests,

i.e., not depending on i. That is, the two density functions do not depend on Z. Following

common assumptions in the statistics literature, we assume the p-value of a true null is

uniformly distributed, i.e., f0(p) = 1 for all p and falt(p) is a strictly decreasing function of

p.6

In conventional approaches such as those of Bonferroni (1936) and Holm (1979), the

rejection region is determined either by a common threshold Θ that is fixed across all tests

5We also consider other factor models in our robustness checks.
6Under the framework of Zhou et al. (2021), the tests are assumed to be cross-sectionally independent.

For each test, the covariates are independent. However, in Section 5 we show that these assumptions can be
substantially relaxed.
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(i.e., hypothesis i is rejected if and only if pi ≤ Θ) or by the rank of the test’s p-value within

the set of hypotheses being tested. Our idea is to determine for each hypothesis i a threshold

which is a function of zi denoted by Θ(zi) (i.e., the null hypothesis i is rejected if and only

if pi ≤ Θ(zi)). With this covariate-dependent threshold, FWER can be conservatively

estimated by 7

F̂WER =
n∑

i=1

π0(zi)Θ(zi). (3)

For each fund i, the prior odds of the null versus the alternative conditional on covariates is
P(αi = 0 | Zi = zi)

P(αi ̸= 0 | Zi = zi)
=

π0(zi)

1− π0(zi)
.

When comparing multiple funds, those with higher prior odds are more likely to be zero-

alpha funds. It is therefore natural to impose more stringent thresholds Θ(zi) for such funds,

while allowing more lenient thresholds for those with lower prior odds. Given a fixed FWER

budget, this reallocation allows more non-zero-alpha funds to be identified. This can be

achieved by setting

Θ(zi) = f−1
alt

(
π0(zi)θ

∗

1− π0(zi)

)
, (4)

where f−1
alt denotes the inverse of falt, and θ∗ > 0 is a common scaling parameter. Since f−1

alt

is a decreasing function, higher prior odds translate into lower thresholds Θ(zi), as desired.

Similarly, a smaller value of θ∗ leads to higher thresholds Θ(zi), thereby increasing the

number of non-zero-alpha funds being detected. Hence, θ∗ is chosen to be as small as possible

while ensuring that FWER is controlled at the target level τ . Using (3) and (4), we have

θ∗ = min

{
θ > 0 :

n∑
i=1

π0(zi)f
−1
alt

(
π0(zi)θ

1− π0(zi)

)
≤ τ

}
. (5)

7Specifically, conditioning on Zi = zi, we have

FWER = P
(
pi ≤ Θ(zi) for some zero-alpha fund i

)
≤

n∑
i=1

P
(
pi ≤ Θ(zi), αi = 0

)
=

n∑
i=1

P
(
pi ≤ Θ(zi)|αi = 0

)
P
(
αi = 0|Zi = zi

)
=

n∑
i=1

Θ(zi)π0(zi).
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In practice, to derive the asymptotic control of FWER, Zhou et al. (2021) replace the

π0(z) outside f−1
alt in (5) with a conservative quantity 1pi>λ/(1 − λ) for some λ ∈ (0, 1),

where 1pi>λ takes the value 1 if pi > λ and 0 otherwise.8 The π0(z) inside (4) and (5) as a

logit function which has a form of π0(zi) = 1/(1 + e−b0−b′zi), where b = (b1, . . . , bd) is the

column vector of the coefficients of the d covariates. The alternative density function falt(p)

is modelled as a beta distribution falt(p) = kpk−1 for k ∈ (0, 1). The parameters b0, . . . , bd

and k are estimated via an expectation–maximization algorithm.

Of the mentioned parameters, b = (b1, . . . , bd) reflects the strength of the informativeness

of the covariates, i.e., the link between the covariates and the probability of a particular

hypothesis being null. Covariates with higher absolute coefficients are more informative.

When all covariates are non-informative, one should expect these coefficients to be close to

zero. The remaining coefficient b0 reflects the proportion of the nulls, that is, the proportion

of zero-alpha funds. These zero-alpha funds either randomly select stocks or replicate passive

benchmarks or factors. All else equal, the higher b0, the higher the proportion of these funds.

As we aim to select truly positive alpha funds, we need to control FWER within the

group of selected outperforming funds. In this Section, we propose a simple procedure that

applies the framework of Zhou et al. (2021) to this problem.

Given a target FWER level τ ∈ (0, 1), our procedure, denoted fwer+, consists of two

steps. First, we implement the FWER procedure of Zhou et al. (2021) on the entire pop-

ulation of funds, controlling FWER at the target level τ . This procedure identifies a set

of abnormal funds, say A, which includes both under-performing and outperforming funds.

8Indeed, for any λ ∈ (0, 1), conditional on Zi = zi, we have that

E(1pi>λ|zi) = 0.P(pi ≤ λ|zi) + 1.P(pi > λ|zi) = P(pi > λ,αi = 0|zi) + P(pi > λ,αi ̸= 0|zi)

= P(pi > λ|αi = 0,zi).P(αi = 0|zi) + P(pi > λ|αi ̸= 0,zi).P(αi ̸= 0|zi)

= (1− λ).π0(zi) + P(pi > λ|αi ̸= 0,zi).P(αi ̸= 0|zi)

≥ (1− λ).π0(zi)

Hence, E (1pi>λ/(1− λ)|zi) ≥ π0(zi), i.e., 1pi>λ/(1− λ) is a conservative estimate of π0(zi).
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Second, we select from this set only those funds with positive estimated alphas, denoted A+.

Since the probability of having at least one zero-alpha fund in A is less than τ , the same

bound conservatively holds for the subset A+ ⊆ A. Assuming that no under-performing

funds appear in A+ by chance (i.e., no very lucky under-performers are selected), the set

A+ consists of truly outperforming funds with FWER controlled at the target level τ . As

FWER control is stringent, this assumption is likely to hold in practice.

As we will show in Section 5, the fwer+ procedure controls FWER effectively at any

specified target level and, when informative covariates are available, is more powerful than

existing methods.

2.2. Implementation Steps

We now describe how the fwer+ procedure is implemented in practice. The goal is to

identify hedge funds with positive alpha while controlling the probability of selecting any

non-outperforming fund at a predetermined FWER target τ ∈ (0, 1). Suppose we have n

hedge funds, with each of these having a return series for t = 1, ..., T . For simplicity, we

illustrate the procedure using two informative covariates (U, V ). The same implementation

naturally extends to any number of covariates. The procedure consists of four steps.

1. Calculate inputs. For each fund i, we conduct test (1), collect the estimated alpha α̂i

and calculate its p−value pi using the heteroskedasticity and autocorrelation consistent

(HAC) standard error of Newey and West (1987). We also record the realized values

of the informative covariates (U = ui, V = vi), i = 1, . . . , n. These quantities serve

as inputs to the multiple testing procedure. The p−values summarize the statistical

evidence for non-zero alpha, while the covariates capture additional information that

may help distinguish skilled funds from zero-alpha funds.

2. Estimate the relationship between covariates and the null probability. The intuition

behind fwer+ is that funds with different characteristics have different probabilities of

being zero-alpha funds. To incorporate this information, we estimate the probability
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that fund i has zero alpha as a function of its covariates. We first determine a λ ∈ (0, 1)

such that p-values above λ are predominantly generated under the null (i.e., correspond

to zero-alpha funds).9 To estimate the functions π0(ui, vi) and falt, the modelling of the

p-value distribution of funds in model (2) is reformulated to the modelling of whether

a fund has zero-alpha. Specifically, by defining Yi = 1pi>λ, model (2) is equivalent to

Yi|(ui, vi) ∼ π0(ui, vi)Ber(1− λ) + [1− π0(ui, vi)]Ber(1− Falt(λ)) (6)

where Ber(1− λ) is the Bernoulli distribution with success probability 1− λ and Falt

is the cumulative distribution function corresponds to falt. Assume that π0(ui, vi) is a

logistic function of the covariates (ui, vi)

π0(ui, vi) =
1

1 + e−b0−b1ui−b2vi

and the density function of the truly non-zero-alpha funds’ p-value as

falt(pi) = kpk−1
i .

The parameters b0, b1, b2 and k ∈ (0, 1) are estimated using an expectation–maximization

algorithm that maximizes the likelihood of model (6).10 This step estimates the associ-

ation between the covariates and the probability that a fund has zero alpha. This step

determines which fund characteristics are informative about the likelihood of a fund

having zero alpha. The coefficients describe how the covariates are associated with the

probability that a fund belongs to the zero-alpha group.

3. Determine covariate-dependent rejection thresholds. For each fund i, given the esti-

mated functions π0(ui, vi) and falt(pi), the rejection threshold for the fund is calculated

9To determine the value of λ, the approach of Storey (2002) and Storey et al. (2017) in estimating
the proportion of zero-alpha funds π0, is adopted. Specifically, for a given λ, π0 is estimated by π̂0(λ) =
#{pi>λ}
(1−λ)n , where #{pi > λ} denotes the number of funds with p-values exceeding λ. λ is chosen over the set
{0.05, 0.10, . . . , 0.95} to minimize the estimated mean squared error of π̂0(λ).

10Specifically, the algorithm initializes values for (b0, b1, b2) and k. At each iteration, using the parameter
values from the previous iteration, the expectation step computes, for each fund, the posterior probability that
the fund has zero alpha, given its Yi and covariates. The maximization step updates (b0, b1, b2) by maximizing
the expected quasi-log-likelihood (White, 1982) of the Bernoulli mixture model (6), and updates k through
the corresponding likelihood of the alternative distribution. These steps are repeated until convergence.
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as

Θ(ui, vi) =

[
π0(ui, vi)θ

∗

(1− π0(ui, vi))k

]1/(k−1)

,

where

θ∗ = k

[
1

τ(1− λ)

n∑
i=1

Yi

(
π0(ui, vi)

1− π0(ui, vi)

)1/(k−1)
]1−k

.

These results are driven by, first, imposing the FWER constraint (5) to obtain θ∗,

then, applying model (4) to achieve Θ(ui, vi) with a note that f−1
alt (x) = (x/k)1/(k−1).11

Funds that are more likely to be zero-alpha funds (i.e., have larger π0(ui, vi)) receive

more stringent rejection thresholds, whereas funds with more favourable characteristics

receive more lenient thresholds. This reallocation improves the statistical power of the

procedure to identify genuinely non-zero-alpha funds.

4. Apply the rejection rule. Finally, we apply the rejection rule to each fund. A fund i

is deemed to have an alpha significantly different from zero if pi ≤ min{Θ(ui, vi), λ}.12

Among these significant non-zero alpha funds, select all those with α̂i > 0 as the

final set of outperforming funds. The additional condition pi ≤ λ ensures that funds

with large p-values, those likely to be generated under the null, are excluded from the

selection.

3. Data

Our hedge fund data is collected from the Lipper TASS and Hedge Fund Research (HFR)

databases. We follow previous studies to merge both datasets and remove duplicate funds

11Specifically, by replacing π0(ui, vi) outside the f−1
alt with 1pi>λ/(1−λ) = Yi/(1−λ) and using f−1

alt (x) =

(x/k)1/(k−1), the constraint in (4) becomes
∑n

i=1
Yi

1−λ

(
π0(ui,vi)θ

[1−π0(ui,vi)]k

)1/(k−1)

≤ τ . By isolating common terms

and rearranging, we obtain θ ≥ k

[
1

τ(1−λ)

∑n
i=1 Yi

(
π0(ui,vi)

1−π0(ui,vi)

)1/(k−1)
]1−k

. This yields the expression of θ∗.
12The condition pi ≤ min{Θ(ui, vi), λ} is used instead of pi ≤ Θ(ui, vi) because funds with pi > λ are

classified as having zero alpha.
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existing in both data providers (see Joenväärä et al., 2021; Couts et al., 2024).13 Following

previous research, we impose several screenings to deal with common sample biases (see,

Fung and Hsieh, 2001; Bali et al., 2012; Chen et al., 2021; Couts et al., 2024; Chen et al.,

2025). We include only US-dollar-based hedge funds in our sample to avoid duplicate funds

listed in different currencies. We include both live and graveyard funds from January 1994

to account for survivorship bias. To address the backfill bias, for each fund, we retain only

observations starting from the month the fund is added to the database. For each fund, we

consider only months where the fund’s net-of-fee return and asset under management (AUM)

data are available. Following the literature, we consider only funds’ returns once their AUM

first reaches $5 million in the sample and require all funds to have at least 36 months of

return history (see, e.g., Couts et al., 2024). Finally, we consider only those funds whose

category is defined. These categories include: Convertible Arbitrage, Dedicated Short Bias,

Emerging Markets, Equity Market Neutral, Event Driven, Fixed Income Arbitrage, Global

Macro, Long/Short Equity Hedge, Managed Futures, Multi-Strategy, Fund of Funds, and

Relative Value. After applying the above restrictions, we obtain a sample of 7,241 funds

spanning January 1997 to December 2023.

4. Performance Metrics

Following the majority of the existing literature on hedge fund performance, we use the

Fung and Hsieh (2004) seven-factor model alpha as our baseline performance measure (see,

e.g., Kosowski et al. (2007) and Chen et al. (2017)). For each fund i we regress

ri,t = αi + Ftβi + εi,t (7)

where ri,t is the excess return in month t (i.e., simple return minus risk-free rate). Given that

hedge funds often invest in illiquid assets, their reported returns tend to be highly serially

13We apply fuzzy-matching to fund names across the two databases, and we declare a pair of funds as
duplicates if their correlation of returns exceeds 99%. Finally, we retain only the fund with the longest series
of returns and assets under management (AUM) for each duplicate pair.
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correlated.14 Therefore, we calculate and test funds’ alpha using their unsmoothed returns,

obtained using the procedure proposed by Getmansky et al. (2004).15 This standard practice

is widely adopted in the relevant literature.16

Ft = [F 1
t , F

2
t , . . . , F

7
t ] is the 1 × 7 matrix of the seven risk factors, βi = [β1

i , β
2
i , . . . , β

7
i ]

′

is the 7 × 1 matrix of coefficients, and εi,t is the noise of the fund i at month t. The seven

factors include an equity market factor which is the S&P500 excess return (MKT ); the

Wilshire small cap minus large cap return; the change in the constant maturity yield of the

10-year Treasury (∆10Y ); the change in the spread between Moody’s Baa yield and the

10-year Treasury (∆CredSpr) (i.e., credit yield spread); and 3 trend-following factors for

bonds (BDTF ), currency (FXTF ), and commodities (CMTF ).

In Section 6.7, we additionally conduct robustness checks of the fund portfolio perfor-

mance of our proposed method under the use of different multi-factor models in selecting

funds with significant alphas following previous and recent studies, such as those of Bali

et al. (2012, 2014) and Chen et al. (2025). Those include the four-factor model of Carhart

14Other sources can also lead to smoothed returns, such as misreporting (Bollen and Pool, 2008, 2009) or
the intention to earn higher fees (Agarwal et al., 2011).

15Getmansky et al. (2004) assume that the observed return of fund i in period t, denoted by r∗i,t, is a
weighted average of the fund’s unobserved true economic returns over the most recent k + 1 periods:

r∗i,t = w0Ri,t + w1Ri,t−1 + · · ·+ wkRi,t−k

where Ri,t denotes the true economic return in period t, the weights satisfy wj ∈ [0, 1] for all j = 0, . . . , k,
and

∑k
j=0 wj = 1. Getmansky et al. (2004) model the economic return as Ri,t = µi + ηi,t where µi is the

average return of the fund and ηi,t
iid∼ N(0, σ2

η). This implies

r∗i,t = µi + w0ηi,t + w1ηi,t−1 + · · ·+ wkηi,t−k = µi + w′
1ϵi,t−1 + . . .+ w′

kϵi,t−k + ϵt

which is a moving average process of order k where ϵi,t′ = w0ηi,t′ for t′ = t, . . . , t − k, and w′
j = wj/w0 for

j = 1, . . . , k. Following Couts et al. (2024), we conservatively set k = 3 and estimate the moving average
process to obtain estimates of the mean return µi, weights w′

j , j = 1, . . . , k, and residual ϵi,t. We recover
w0 by using

∑k
j=1 w

′
j = (1 − w0)/w0 and then extract the residual ηi,t = ϵi,t/w0. Finally, the unsmoothed

(economic) return is then recovered as Ri,t = µi + ηi,t. In our regression (7), ri,t = Ri,t − rf,t where rf,t is
the one-month Treasury bill rate in month t.

16See, e.g., Kosowski et al. (2007), Fung et al. (2008), Li et al. (2016),Titman and Tiu (2011), Agarwal
et al. (2018), and Wu et al. (2021), among others.
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(1997), a six-factor model in which we add the two risk factors ∆10Y and ∆CredSpr into

the four-factor model of Carhart (1997), and a nine-factor model in which three more risk

factors, including BDTF , FXTF and CMTF are added into the six-factor model above.

The four risk factors in the four-factor model consist of the market’s excess return on the

CRSP NYSE/Amex/NASDAQ value-weighted market portfolio, the Fama–French small mi-

nus big factor, the high minus low factor, and the momentum factor.17 We also consider

the nine-factor model of Chen et al. (2025), which outperforms previous multi-factor mod-

els in explaining hedge fund returns. Their multi-factor model includes the market factor

(MKT ), asset growth (AGR), betting-against-beta (BAB), low-risk (LRSK), return on

assets (ROA), time-series momentum (TSMOM), ∆10Y , ∆CredSpr and the spread be-

tween the constant maturity yield of the 10-Year Treasury bill and constant maturity of the

3-Month Treasury bill (term spread) (TERM).18

5. Simulations

In this Section, we show that: i) our proposed approach works well in terms of controlling

FWER and outperforms the existing methods in terms of power; ii) the performance of fwer+

is robust across variations in key simulation parameters.

5.1. Simulation Settings

As presented in Section 2.1, FWER is estimated using a mixture model in which the

informativeness of the covariates is captured via only the null proportion function π0(z).

Therefore, the simulation design will be simple as follows. The value of Z will be generated

17We follow David Hsieh’s website to collect the seven risk factors of the Fung and Hsieh (2004) factor
model, the one-month Treasury bill rate and four risk factors of the Carhart (1997) factor model have been
obtained from the data library of Kenneth French.

18We collect the nine risk factors of the Chen et al. (2025) factor model from the data library of Kenneth
French, Andrew Chen’s Open Source Asset Pricing data library, AQR’s online datasets, Global Factor Data
and Federal Reserve Bank of St. Louis.
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in the first step. Based on these values and the assumption on the form of π0(z), we assign

the true nulls (i.e., determine which funds have zero-alpha). The remaining funds will be

assigned non-zero alpha values. Under our framework, the signals of being false null (i.e.,

the magnitude of the non-zero alphas) are transformed to an estimation of FWER via the

density function of the non-zero alpha funds’ p-value, falt.

To determine realistic values for the parameters, we use data from all 7,241 funds in our

sample and utilize the seven risk factors data, which start from January 1997 to December

2023. We calculate the factor loadings (βi) for the funds by regressing each of the funds on

the risk factors. We estimate their mean and correlation coefficient matrix. We generate

balanced panel data of n funds with T observations per fund.

In each iteration, we conduct seven steps as follows.

1. We generate two covariates Z = (U, V ) from standard normal distributions. We inves-

tigate two cases: independent covariates and correlated covariates with a correlation

coefficient ρ = 0.5.

2. Consistent with the fwer+ framework, we assume π0(u, v) having a logit form 1
1+e−b0−b1u−b2v

where the triplet (b0, b1, b2) is one of the three cases (2, 1, 1), (2.4, 1.5, 1.5) and (2.8, 2, 2).

These three cases of (b1, b2) cover a weak, moderate and strong relationship between

covariates and the probability of a fund having a zero-alpha, respectively. Given a

specific choice of π0(u, v), for each fund i, we draw a random value from a Bernoulli

distribution which takes the value 0 with a probability of π0(ui, vi). Funds with drawn

values of 0 are assigned as zero-alpha funds, which is around 81% of the population.

We randomly assign the remaining funds with alpha of α > 0 and −α with proportion

of 13% and 6%, respectively. We consider the monthly alpha α ∈ {0.5, 1.0, 1.5}%.19

19To set these values, we first estimate the proportions of zero (π0), positive (π+), and negative (π−)
alpha funds using the approach of Barras et al. (2010). The method gives us π0 ≈ 81%, π+ ≈ 13%, and
π− ≈ 6%. Depending on b1 and b2, the choice of b0 aims to generate π0 ≈ 81%. Our conclusions remain
unchanged for different choices of π0, π+, and π−. As the empirical monthly alpha distribution (in %) has

18



3. We generate the risk factors, F s and their loadings βs from normal distributions such

that their parameters are the same as those of the real sample counterpart in the whole

sample period (i.e., from January 1997 to December 2023).

4. We generate the simulated excess return of each fund via the following formula

ri,t = αs
i + F s

tβ
s
i + εi,t (8)

where the noise ϵi,t is drawn independently from a normal distribution N(0, σ2) with

σ to be set at 2.6% as the median of the standard deviation of error terms estimated

from the real sample fund-by-fund regressions.

5. For each fund, we then regress its simulated returns on the seven simulated factors,

F s
t , to obtain its estimated α̂ and the p-value.

6. Using the estimated α̂s, the corresponding p-values, and simulated covariates, we im-

plement the fwer+ procedure to detect truly positive alpha funds while controlling

FWER at predetermined targets τ ∈ (0, 1). We benchmark our approach against the

StepM procedure of Romano and Wolf (2005) and the StepSPA procedure of Hsu et al.

(2010).20 As our focus is on small FWER targets, we consider τ ∈ {0.1%, 1%, 2%, . . . , 10%}.

7. By comparing the simulated αs and the selected outperforming funds, we record the

family-wise error (FWE), which takes the value 1 if there is at least one of the funds

in the negative or zero αs groups classified as outperformers. We also calculate the

detected proportion, which is the ratio of truly outperforming funds detected by each

procedure.

We repeat the steps 1 to 7 across 1000 iterations and calculate the actual FWER as the ratio

an 87th percentile of 0.5, and the average alpha for the top 13% of funds is 0.9, it is realistic to simulate with
truly positive alphas of 0.5, 1.0, and 1.5.

20Details of the StepM and StepSPA procedures within our framework are provided in Section IA of the
Internet Appendix. Romano and Wolf (2005) and Romano and Shaikh (2006) apply the StepM procedure to
relatively small sets of hedge funds (105 and 210, respectively) in earlier periods. Hsu et al. (2010) propose
the StepSPA procedure, which extends the superior predictive ability (SPA) test of Hansen (2005) in an
analogous manner that the StepM procedure extends the reality check of White (2000). Hsu et al. (2010)
apply StepSPA to evaluate the predictive performance of technical trading rules.

19



of the number of times we observe FWE = 1 over 1000 and the power as the average of the

detected proportion recorded in the step 7 above.

5.2. A Comparison to Existing Methods

To compare the performance of the fwer+ procedure with existing methods, including the

StepM and StepSPA tests, we consider a specific simulated data setting with n = 1000 funds

and moderately informative covariates.21 We first present simulation results for T = 36,

with α varying in {0.5, 1.0, 1.5}%.

The performance of the procedures is shown in Figure 1, where all numbers are reported

in percentage terms. In each of the top three sub-figures, we display the actual FWER for

a range of targets, with each curve representing a different procedure. At a given target

level, a procedure is said to control FWER well if its corresponding point lies on or below

the dashed 45◦ line. We observe that both the fwer+ and StepM procedures consistently

control FWER across different alpha magnitudes, whereas the StepSPA test loses control for

all considered FWER targets.

We present the power in the bottom three sub-figures. Provided that FWER is well

controlled, the fwer+ procedure outperforms the other two methods in all cases, with the

performance gap depending on the FWER target. For instance, at target τ = 5% and

α = 1.5%, the power advantage of fwer+ over StepM is 16%. We note that StepSPA does

not control FWER, and StepM has power close to 0. Our findings explain the absence of

prior studies in hedge fund or mutual fund selection based on FWER.22

21Our main conclusions remain unchanged when using weakly or strongly informative covariates. In the
StepM and StepSPA implementations, we adopt the stationary bootstrap procedure of Politis and Romano
(1994), with an average block length of 6 months to preserve the realistic dependence structure in hedge
fund returns. In the Internet Appendix IB, we report results for average block lengths ranging from 2 to 12
months. Our conclusions remain unchanged.

22Unlike FDR methods, which aim for a looser Type I control, the power of FWER methods tends to be
lower, especially when the number of funds is large and the truly positive alpha is small. Note that with
n = 1000 funds in our simulation setting, power gaps of 6% to 16% translate into 60 to 160 more truly
positive alpha hedge funds being detected.
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Figure 1: Performance comparison. The figure compares the fwer+ procedure with existing methods,
including the StepM of Romano and Wolf (2005) and the StepSPA of Hsu et al. (2010), in terms of FWER
control (top three sub-figures) and power (bottom three sub-figures). The simulated data consist of balanced
panels of 1000 funds, each with 36 monthly observations. StepM and StepSPA are implemented using the
stationary bootstrap with an average block length of six months. All values are reported in percentage terms.
From left to right, α takes values 0.5, 1.0, and 1.5 (in %). The input covariates U and V used in the fwer+

procedure are moderately informative and independent.

5.3. Performance of fwer+ under Different Signal Strengths

In empirical experiments, the characteristics of the input data can vary over time. For

instance, in constructing our portfolio presented in Section 6, we assess fund performance

using a rolling window of 36 months. Both the magnitude of non-zero alphas and the

informativeness of covariates can change across different periods. To understand the impact

of these factors on the performance of the fwer+ procedure, this Section varies the alpha

level of the non-zero-alpha funds and the informativeness of the covariates.
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Specifically, we fix the number of funds at n = 1000 and the time window at T = 36,

which reflects the representative IS configuration in our baseline empirical analysis. We

then vary α from 0.5% to 1.5%, and consider covariates with weak, moderate, and strong

relationships to the proportion of zero-alpha funds.

Figure 2 reports the performance of the fwer+ procedure under both independent and

correlated covariate settings. The top three sub-figures show the actual FWER at the given

targets, while the bottom three depict power. From left to right, each subfigure corresponds

to a different non-zero alpha magnitude: 0.5%, 1%, and 1.5%.

In each of the top three sub-figures, the red (green and blue) solid curves represent the

actual FWER of the fwer+ procedure under weakly (moderately and strongly) informa-

tive and independent covariates. The dotted curve of the same color corresponds to the

same informativeness level under the correlated covariate setting (i.e., the two covariates are

correlated with a correlation coefficient ρ = 0.5). It is evident that the fwer+ procedure

effectively controls FWER at all target levels, regardless of covariate dependence, as all curve

points lie on or below the 45◦ line.

The bottom three sub-figures display the power. We observe that the greater the infor-

mativeness of the covariates, the higher the power of the fwer+ procedure. Moving from

the left to the right sub-figures, the magnitude of alpha among the outperforming funds

increases, and accordingly, the power of fwer+ also improves. This is not surprising, as

outperforming funds become easier to detect when the signal is stronger.23

5.4. Performance of fwer+ under Varying Covariates Strength

We have investigated the performance of fwer+ using two covariates, Z = (U, V ). In

practice, however, the number of truly informative covariates is often unknown. As a result,

23In our simulation setting, the true null probability π0(u, v) (and thus the p-value) is generated based on
the values of u and v. Consequently, we cannot compare the power of the fwer+ procedure across different
(u, v) settings. Therefore, the powers of fwer+ under independent and dependent covariate structures are
not directly comparable.
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Figure 2: Performance of fwer+ under varying signal settings. The figure shows the impact of
signals (i.e., the magnitude of true non-zero alphas and the informativeness of covariates) on the performance
of fwer+ in terms of FWER control in the top three sub-figures and power in the bottom three sub-
figures. The simulated data consist of balanced panels of n = 1000 funds, each with T = 36 observations.
The outperforming (underperforming) funds in the population have alphas of α (−α), where α varies in
{0.5, 1.0, 1.5}%. We consider three settings of the covariates Z = (u, v) including weakly, moderately, and
strongly informative. Covariates may be independent (solid curves) or correlated with a correlation coefficient
of 0.5 (dotted curves).

practitioners may use too few covariates, or include variables that are estimated with noise

or, worse, completely unrelated to fund performance (i.e., non-informative covariates). In

this Section, we assess the robustness of fwer+ under these scenarios.

First, to model the case of insufficient covariate information, we implement the fwer+

procedure using only one covariate, Z1 = U . Second, to evaluate the impact of noisy covari-

ates, we generate perturbed versions Z∗ = (U+η, V +ζ), where η and ζ are noise terms drawn

from a normal distribution N(0, σ2). We vary the noise level by setting σ ∈ {0.5, 1.0, 1.5}%.
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Finally, for the non-informative covariate case, we use a single covariate that is pure noise,

drawn independently from N(0, 1).

Figure 3 presents the performance of fwer+ under all these scenarios. For comparison,

we also include the benchmark case using the original informative covariates Z.

Figure 3: Performance of fwer+ under use of insufficient information. The figure shows the impact
of using insufficient covariates, covariates containing different levels of noise, and non-informative covariates
on the performance of fwer+ in terms of FWER control (top three sub-figures) and power (bottom three
sub-figures). The simulated data are balanced panels of n = 1000 funds, each with T = 36 observations and
a non-zero alpha of 1%. We consider three settings of the two independent covariates Z = (U, V ), including
weakly, moderately, and strongly informative. The simulated data are generated based on Z via π0(Z).
In the noisy covariates cases, instead of using Z, fwer+ uses Z∗ = (U + η, V + ζ) where η, ζ ∼ N(0, σ2)
and σ ∈ {0.5, 1.0, 1.5}. In the insufficient covariates case, the fwer+ uses only Z1 = U , while in the non-
informative case it uses a single covariate drawn from N(0, 1), unrelated to π0(Z). For comparison purposes,
we include the performance of the fwer+ using full information Z.

We observe that in all scenarios, FWER is well controlled at all considered targets. The

non-informative case suggests that it is safe, in terms of FWER control, to implement the
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fwer+ procedure even when an unrelated covariate is mistakenly included. Unsurprisingly,

in terms of power, fwer+ performs best when truly informative covariates are used, and

worst when the covariate is irrelevant or non-informative. The power of fwer+ with covari-

ates estimated with noise lies between these two extremes and decreases as the noise level

increases, i.e., with the magnitude of σ. This also implies that adding a non-informative

covariate to an otherwise informative set may reduce the power of fwer+.

5.5. Performance of fwer+ under Varying Sample Size

Hitherto, we have investigated the performance of fwer+ across scenarios regarding the

informativeness of covariates and the strength of signals from outperforming funds. In this

Section, we further examine the impact of sample size, i.e., the number of funds in the sample

(cross-section) and the number of observations per fund (time-series), on the procedure’s

performance.

To that end, we consider balanced panel data by varying both the number of funds, n,

and the number of observations per fund, T . As the IS horizons for portfolio selection in the

hedge fund literature are typically 24, 36 or 48 months, we consider T = 24, 36, and 48. The

value of n is also varied to cover the range of cases encountered in our empirical experiments,

spanning from 500 to 3000.

For the sake of space, in this set of simulations, we report results for data generated

under the setting of moderately informative and independent covariates, with α = 1%.24

The results are depicted in Figure 4.

In the sub-figures of Figure 4, the number of observations per fund increases from left

to right. In each sub-figure, we present the results in different colours corresponding to the

number of funds: n = 500, 1000, 2000, and 3000. From the top three sub-figures, we again

observe the excellent performance of fwer+ in terms of FWER control. It is clear from

24Our conclusions are robust to other settings, including dependent covariates and moderately or strongly
informative covariates; the corresponding results are available upon request.
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Figure 4: Varying sample size and number of observations. The figure shows the performance of
fwer+ under varying sample sizes (n) and numbers of observations per fund (T ). The simulated data are
balanced panels with T observations per fund, generated under moderately informative and independent
covariates, and with a non-zero alpha of 1%. From left to right, the top three sub-figures show perfor-
mance with respect to FWER control as T varies from 24 to 48. The bottom three sub-figures present the
corresponding power.

the bottom three sub-figures that power gains are higher when the time series are longer

(i.e., T increases from left to right). This is consistent with the fact that outperforming

funds are easier to detect when they outperform over a longer period. Interestingly, fwer+

is more powerful when the number of funds is smaller. This is a desirable property, as the

procedure can be applied to a wide range of problems involving both small and large numbers

of hypotheses.
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5.6. Performance of fwer+ under Cross-sectional Dependence in Covariates

The FWER framework of Zhou et al. (2021) assumes that p-values and covariates are

independently and identically distributed across tests. This assumption is strong and often

violated in finance. Hedge funds may be exposed to common shocks, leading to correlated

returns and covariates, particularly among funds with the same investment style. In this

Section, we evaluate the performance of fwer+ under correlated covariates.

More specifically, in step 1 of the simulation design, we partition 1,000 funds into groups

of size k. Each covariate is drawn from a normal distribution such that: (i) within each

group, the covariate values are correlated with a correlation coefficient c, and (ii) across

groups, the covariate values are independent. We consider three cases for group size, k ∈

{10, 100, 200}, and five cases for correlation, c ∈ {0, 0.25, 0.5, 0.75, 0.9}. Larger values of k

or c imply stronger dependence among tests. The remaining steps, from steps 2 to 7, follow

the procedure described in Section 5.1. Figure 5 reports the results (FWER in the upper

panels and power in the lower panels). We find that fwer+ maintains control for all FWER

targets and that dependence does not materially reduce the procedure’s power.

5.7. Summary of Simulations

All our simulations demonstrate the excellent performance of fwer+ in controlling FWER

across various data scenarios. We observe that the procedure achieves higher power when any

of the following conditions hold: (i) a stronger relationship between the covariates and the

prior null probability; (ii) a larger magnitude of the outperforming funds’ alpha; (iii) using

a more comprehensive set of informative covariates; (iv) lower noise levels in the covariates;

(v) the outperforming funds exhibit superior performance over a longer period (i.e., larger

T ); and (vi) a smaller number of funds in the population. Moreover, the correlation among

covariates does not materially reduce the power of the fwer+ procedure and its control at

all FWER targets.
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Figure 5: Cross-sectional dependence in covariates. The figure shows the performance of fwer+ under
cross-sectional dependence in covariates. Funds are partitioned into independent groups of size k. Within
each group, the covariate is generated so that the values for the k funds are correlated with a coefficient c,
while values across groups are independent. The simulated data are balanced panels with 36 observations
per fund, generated under moderately informative covariates with cross-sectional dependence as described
above, and with a non-zero alpha of 1%. From left to right, the top three sub-figures report FWER control
as k varies from 10 to 200. In each sub-figure, each curve corresponds to a value of c ∈ {0, 0.25, 0.5, 0.75, 0.9}.
The bottom three sub-figures show the corresponding power.

6. Empirical Analysis

In this Section, we apply the fwer+ procedure to detect outperforming funds in the IS

period and invest in those identified funds in OOS. We first describe the covariates under

consideration and outline the construction of our fwer+-based portfolios. We then exam-

ine portfolio performance using individual and multiple covariates, compare it with passive

benchmarks, and assess whether selected funds continue to perform well over longer holding
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horizons. Finally, we decompose performance by fund style and assess robustness under

alternative performance evaluation models.

6.1. Covariates

We create a comprehensive set of 24 hedge fund covariates documented in the literature

as predictors of hedge fund performance. In particular, we focus on studies that provide

statistically significant evidence that the selected covariates explain or predict hedge fund

alphas.25 We categorise our covariates into four groups, namely return-based and moments,

fund characteristics, managerial skill, and macroeconomic covariates. Table 1 presents the

exact covariates we consider.

Previous studies have shown the importance of trend movements such as cumulative

returns, after unsmoothing returns, and higher moments and downside risk measures in

predicting hedge fund returns due to the non-normality of hedge fund returns (see Liang

and Park, 2007; Bali et al., 2012; Wu et al., 2021). For example, Liang and Park (2007)

document that downside risk measures reveal information on the cross-sectional variation of

hedge fund returns. Wu et al. (2021) also find that the hedge fund returns’ kurtosis is an

important moment in predicting hedge fund returns. Panel A of Table 1 includes covariates

calculated from funds’ past returns, such as cumulative return, standard deviation (second

moment), skewness (third moment), kurtosis (fourth moment), and the Sharpe ratio, all

based on sample funds’ past 12-month returns.

Panel B of the same table contains covariates based on fund-specific characteristics, such

as the logarithm of assets under management, age, incentive fee, and management fee. Earlier

studies have highlighted the importance of hedge fund characteristics in explaining cross-

sectional variation in fund returns and, by extension, fund performance (see Ackermann

25We incorporate covariates regardless of the approach used to establish their significance (e.g., time series,
Fama and MacBeth regression, etc.), as well as whether that significance was established in raw returns,
factor model alphas, or returns controlled for characteristic exposure.
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Table 1: Hedge fund return covariates. The table reports the 24 covariates used by fwer+ to select
outperforming hedge funds. We categorise them into four different groups, namely, return-based (Panel A),
fund characteristics (Panel B), managerial skill (Panel C), and macroeconomic covariates (Panel D).

Covariate Note

Panel A: Return-based Covariates
Cumulative return Cumulative return over the past 12 months
Return Volatility Standard deviation of returns over the past 12 months
Skewness Skewness of returns over the past 12 months
Kurtosis Kurtosis of returns over the past 12 months
Sharpe ratio Sharpe ratio over the past 12 months

Panel B: Fund Characteristics
Fund size Logarithm of the fund’s assets under management
Fund Age Age of fund in months
Incentive fee Fund’s incentive fee
Management fee Fund’s management fee
Minimum investment Fund’s minimum investment
Lockup period Fund’s lockup period
High-water mark Fund’s high-water mark
Redemption notice period Fund’s redemption notice period

Panel C: Managerial Skill Covariates
Rsquare Rsquare of the testing model over the past 36 months
Idiosyncratic risk Idiosyncratic risk (IVOL) based on the testing model
Six-factor Idiosyncratic risk Equity six-factor model’s IVOL of Bali and Weigert (2024)

Panel D: Beta Coefficient on Macroeconomic Covariates
Sentiment Change Investor sentiment change of Baker and Wurgler (2006) (beta coeff.)
Macroeconomic risk Macroeconomic risk factor of Bali et al. (2014) (beta coeff.)
Liquidity timing Market liquidity timing (loading coeff. of squared liquidity)
Inflation Inflation (beta coeff.)
Term spread Term spread (beta coeff.)
Default yield spread Default yield spread (beta coeff.)
Equity Market Uncertainty Equity Market Uncertainty index (beta coeff.)
Economic Policy Uncertainty Economic Policy Uncertainty index (beta coeff.)

et al., 1999; Aragon, 2007; Boyson, 2008; Agarwal et al., 2009). Such explanatory power

remains robust even after controlling for other variables (see Bali et al., 2014, 2021; Bali

and Weigert, 2024). For instance, Boyson (2008) reports that hedge fund performance is

more persistent among the younger and smaller funds. As investors’ flows chase funds
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outperforming in the past, funds become larger and more passive. Thus, the size (i.e., the

asset under management) of funds is directly linked to their performance.

Covariates based on factor models are also informative on managerial skill. For example,

Titman and Tiu (2011) show that the R2 of a factor model measures managerial skill because

less skilled managers will choose greater exposure to systematic factors (i.e., higher R2) to

generate alphas, whereas managers with high skill (i.e., lower R2) do not. Similarly, highly

skilled fund managers can successfully trade idiosyncratic volatility stocks and profit from the

positive relation between idiosyncratic volatility and futures returns (see Bali and Weigert,

2024). For that reason, we employ the R2 and the idiosyncratic risk of the factor model

used as a benchmark for measuring alpha, which is Fung and Hsieh (2004) in our baseline

analysis, and the idiosyncratic risk based on the Fama and French (2015) five-factor model

plus the momentum factor of Carhart (1997), as reported in Panel C. The idiosyncratic risk

is the unbiased estimate of the variance of the model’s error terms.26

Finally, we consider hedge fund loadings on macroeconomic variables as covariates. Hedge

funds aggressively seek abnormal returns on risk assets driven by changes in economic condi-

tions. Hence, fund performance is affected by the extent to which funds vary their exposure

to economic indicators such as inflation, interest rates, and economic uncertainty. Those

macroeconomic variables and/or funds’ loadings on them have been extensively reported to

explain hedge fund returns and alphas over the past years (see Bali et al., 2011; Avramov

et al., 2013; Cao et al., 2013; Bali et al., 2014; Chen et al., 2021; Wu et al., 2021; Chen et al.,

2025).27 Panel D of Table 1 reports the macroeconomic indicators and their correspond-

26We employ the Fung and Hsieh (2004) seven-factor model for our main analysis. For robustness, we
also consider alternative models (see Section 6.7), including the Carhart (1997) four-factor, six-factor, and
traditional nine-factor models (as used in Bali et al., 2012), as well as the recent nine-factor model proposed
by Chen et al. (2025). For each model, we regress excess return on the factors and obtain R2 of the regression.

27For example, Bali et al. (2014) examine whether macroeconomic risk predicts the cross-sectional dis-
persion of hedge fund returns. They find that time-varying uncertainty betas of fund returns on different
measures of macroeconomic risk can predict the cross-section of fund returns. Similarly, Chen et al. (2021)
document a significant cross-sectional relation between hedge fund sentiment beta and fund future perfor-
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ing fund loadings used as covariates for our study. We consider loadings on the sentiment

changes index of Baker and Wurgler (2006) and the Pástor and Stambaugh (2003) squared

liquidity measure (timing), and the beta coefficients of the following: the macroeconomic

risk factor of Bali et al. (2014), the inflation, the term spread, the default yield spread, the

Equity Market Uncertainty, and the Economic Policy Uncertainty index.28

6.2. Portfolios of Outperforming Funds

We focus on the performance of a portfolio of selected hedge funds rather than on a

single fund. At the end of each year from 1999 onward, we use the return data over the

past 36 months for eligible funds to calculate their unsmoothed returns using the model of

Getmansky et al. (2004). These unsmoothed returns over the past 36 months are used to

compute the Fung and Hsieh (2004) seven-factor model alpha and its p-value using HAC

standard errors of Newey and West (1987).29 For covariates, except the R2 obtained along

with the alpha, we use the original return and other data fields to be consistent with the

findings in the literature. All covariates are standardized. A fund is eligible if it has return

data for all months of the IS period and complete data for all covariates considered at the

time of portfolio formation.

mance using the loading coefficient of the sentiment changes index in the regression of fund returns on the
benchmark model augmented by the sentiment changes index of Baker and Wurgler (2006).

28We calculate the sentiment changes index following Baker and Wurgler (2006) using data available on
Jeffrey Wurgler’s webpage (https://pages.stern.nyu.edu/ jwurgler/). We obtain the timing liquidity measure
from Robert F. Stambaugh’s webpage (https://finance.wharton.upenn.edu/ stambaug/). Other macro indi-
cators are obtained from the Federal Reserve Bank of St. Louis (https://fred.stlouisfed.org/), Turan Bali’s
webpage (https://sites.google.com/a/georgetown.edu/turan-bali/) and the economic policy uncertainty web-
page (https://www.policyuncertainty.com/). The beta coefficients for macroeconomic covariates were esti-
mated using 36-month rolling-window regressions of hedge fund returns on each macroeconomic covariate.
Using the same estimation window, the loading on squared liquidity was estimated by regressing hedge fund
returns on the liquidity measure and its square.

29If we extend the data back to 1995, our sample includes only a few funds with all covariates at the end of
1997 and 1998. Therefore, we restrict our sample to start from the beginning of 1997 and begin constructing
portfolios from the end of 1999. Following most studies in the hedge fund literature, we use the seven-factor
model of Fung and Hsieh (2004) and adopt a 36-month IS horizon (see, e.g., Cumming et al., 2012; Chen
et al., 2017; and Chen et al., 2021). We later conduct robustness checks using alternative factor models in
Section 6.7.
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We apply the fwer+ procedure to detect outperforming funds while controlling FWER

at a given target level τ . Following the notation in Section 2, let A+
t denote the set of

funds selected by fwer+ as outperformers at the end of year t. We construct both an equal-

weighted and an alpha-weighted portfolio from this same selection set. In the equal-weighted

portfolio, each selected fund receives weight 1/|A+
t |. In the alpha-weighted portfolio, capital

is allocated in proportion to each selected fund’s estimated IS alpha over the IS period of 36

months. To be specific, the weight for fund i is determined as

wα
i,t =

α̂IS
i,t∑

j∈A+
t
α̂IS
j,t

, i ∈ A+
t

where α̂IS
i,t denotes the IS estimated alpha for fund i. Note that, by the construction α̂IS

i,t > 0

for all funds i ∈ A+
t . Thus, the equal-weighted and alpha-weighted portfolios differ only in

their allocation rule, not in the fwer+ selection step.

The returns of the resulting portfolios in the following year (OOS) are recorded. If no

funds are selected, we invest in the one-month Treasury bill to earn the risk-free rate. If

a selected fund stops reporting during the OOS year, its weight is redistributed among the

remaining funds in the portfolio according to the corresponding portfolio-weighting rule.30

Our portfolios are formed on a rolling yearly basis. The first OOS period is the year 2000,

during which we invest in the funds selected based on IS data from January 1997 to December

1999. The final OOS period is 2023, using fund selections based on IS data from January

2020 to December 2022. We construct the FWERτ portfolios using the fwer+ procedure

with FWER controlled at the target level τ . We consider a range of target levels, including

two conventional choices τ ∈ {1%, 5%} as well as two more stringent levels, τ = 0.5% and

τ = 0.1%.

30The OOS holding period varies in the literature: Kosowski et al. (2007) use 12 months while Chen et al.
(2017) consider 3, 6, 9, 12, 24, and 36 months. In practice, a hedge fund is a long-term investment vehicle
and typically imposes a lock-up period. In our data, the lock-up period spans from 0 to several years with
an average of 3.5 months. Accordingly, we first adopt a one-year holding period and later extend it to 2, 3,
and 4 years (see Section 6.5) to illustrate the practical relevance of our portfolios.
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We evaluate portfolio performance using unsmoothed portfolio returns. We first compute

the original portfolio return as the weighted average of constituent fund returns, using either

equal weights or the past alpha weights defined above. We then apply the unsmoothing

procedure of Getmansky et al. (2004) to the resulting portfolio return series.31

6.3. FWERτ Portfolios and Covariates

This Section presents our experiments in which we construct a set of FWERτ portfolios

using the mentioned covariates. We first construct portfolios using only a single covariate. As

such, we have 24 portfolios for each target τ . For each portfolio, we calculate the annualized

OOS seven-factor model alpha, the related t-statistic, portfolio size, and the proportion of

months in which the portfolio is empty. In the interest of space, we report in Panel A

of Table 2 a summary of these metrics across each of the FWER targets. The FWERτ

portfolios yield alphas ranging from 2.4% to 6.8%, with mean values ranging from 4.0% to

4.2%, depending on the FWER target.

Thus far, we have implemented fwer+ using only a single covariate. Different covariates

might capture various aspects of fund managers’ skills. Utilizing multiple covariates can help

fwer+ perform better as the information set is more comprehensive. In Panel B of Table 2,

we present the performance of the equal-weighted FWERτ portfolio using all 24 considered

covariates as inputs. We find that the new portfolio contains roughly twice as many funds

compared to the FWERτ portfolios with individual covariates. As a result, it is a non-empty

portfolio in every year, even with control at a very low error level. This allows investors to

pick funds with high confidence. More importantly, its alpha is substantially higher than the

average alpha of the FWERτ portfolios based on individual covariates, ranging from 5.9%

to 6.4% with larger gains for portfolios controlling for more stringent FWER levels.

31The results using the original returns of the selected funds show similar portfolio alpha gains and are
available upon request.

34



Table 2: OOS performance for the FWERτ portfolios compared to benchmarks. This table reports the OOS performance
of portfolios constructed from funds selected by the fwer+ procedure. Panel A reports the minimum, average, and maximum values
across the 24 individual-covariate FWERτ portfolios for alpha and its Newey–West t-statistics, average excess return, and portfolio
sizes across FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}. Panels B and C report portfolio performance for equal-weighted and
alpha-weighted FWERτ portfolios constructed using all 24 covariates simultaneously. As benchmarks, Panel D reports the same
performance metrics for the passive equal-weighted portfolio of all eligible funds (EW ), the equal-weighted portfolio of funds with
positive IS alpha (EW+), and the alpha-weighted version of EW+ (αW+). Portfolio alphas are estimated using the Fung and Hsieh
(2004) seven-factor model. Average excess returns and alphas are annualized.

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio Size

Average Min Max Average Min Max Average Min Max Average Min Max Empty Rate (%)

Panel A: Summary performance of FWERτ portfolios with individual covariates

0.1 4.0 2.4 6.7 5.1 1.8 6.4 4.5 3.4 7 13 0 51 2.2
0.5 4.2 3.2 6.8 4.9 1.2 6.1 4.7 3.9 7 17 0 63 1.7
1.0 4.2 3.3 6.8 4.8 1.3 5.9 4.7 3.9 7 19 0 67 1.6
5.0 4.0 3.0 6.7 4.4 1.2 5.2 4.6 3.8 6 26 0 84 1.4

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio size

Average Min Max Empty Rate (%)

Panel B: Equal-weighted FWERτ portfolios using all covariates

0.1 6.4 6.7 6.9 27 2 71 0
0.5 6.3 6.9 6.8 36 2 95 0
1.0 6.1 6.8 6.7 41 2 117 0
5.0 5.9 6.8 6.5 56 2 172 0

Panel C: Alpha-weighted FWERτ portfolios

0.1 9.0 5.0 9.7 27 2 71 0
0.5 8.7 5.2 9.4 36 2 95 0
1.0 8.6 5.1 9.3 41 2 117 0
5.0 8.3 5.5 9.1 56 2 172 0

Panel D: Benchmark portfolios

EW 0.2 0.2 3.4 1331 398 1961 0
EW+ 0.8 0.9 3.4 832 224 1487 0
αW+ 1.6 1.1 4.5 832 224 1487 0
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As mentioned, we additionally construct an alpha-weighted portfolio based on the in-

sample alpha of the selected funds. The performance of these portfolios is reported in Panel

C of the same table. Relative to the equal-weighted FWERτ portfolios presented in Panel B,

the alpha-weighted portfolios exhibit even stronger performance, with alpha improvements

ranging from 8.3% to 9.0%.

As the existing FWER procedures either fail to adequately control the FWER or suffer

from low statistical power, we benchmark the empirical performance of the fwer+ portfolios

against equal- or alpha- weighted portfolios of all eligible funds, i.e., those having a complete

36-month return history over the past 3 years at the time of portfolio formation and all

considered covariates. These portfolios are constructed as follows. At the end of each year

from 1999, the first (second) equally weighted portfolio, denoted by EW (EW+), simply

selects all those eligible funds (eligible funds having a positive alpha in the IS period) to

invest in with equal weights in the following year. We repeat the procedure yearly until the

end of 2022 to have a set of funds invested in 2023. We also construct an αW+ portfolio

that weights funds in EW+ by their IS alpha. We report the performance of those portfolios

(EW , EW+ and αW+) in Panel D of the same table. We find that all the FWERτ portfolios

outperform EW , EW+ and αW+. It should also be noted that the EW , EW+ and αW+

portfolios gain alphas that are not significantly different from zero.

We further investigate the performance of the FWERτ portfolios in sub-periods. We

partition the entire OOS period, spanning 2000 to 2023, into three non-overlapping sub-

periods, each lasting 8 years: 2000–2007, 2008–2015, and 2016–2023. We calculate the

performance metrics for the portfolios in each sub-period and report them in Panels A-C of

Table 3.

The table shows that the equal-weighted FWERτ portfolios generate positive alphas and

positive excess returns across all sub-periods. The portfolio alphas are statistically significant

for all FWER targets and sub-periods considered. In terms of alphas, the FWERτ portfolios

perform best during the first sub-period, with annualized alphas ranging from 6.8% to 7.0%.
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Table 3: OOS performance of the FWERτ portfolios using all considered covariates. This table
reports the OOS performance of portfolios constructed from funds selected by fwer+ using all 24 covariates
across three non-overlapping sub-periods: 2000–2007 (Panel A), 2008–2015 (Panel B), and 2016–2023 (Panel
C). For each weighting scheme, the reported statistics are the annualized Fung and Hsieh (2004) seven-factor
alpha, the corresponding Newey–West t-statistic, and the annualized excess return. The final three columns
report the average, minimum, and maximum number of funds held in the portfolio. Results are reported for
FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}.

τ (%) Equal-weighted FWERτ portfolio Alpha-weighted FWERτ portfolio Portfolio size

FH Alpha Excess Return t-stat FH Alpha Excess Return t-stat Average Min Max
(%) (%) (%) (%)

Panel A: Period 2000–2007

0.1 6.9 5.5 8.0 9.5 4.4 11.0 32 6 71
0.5 6.8 5.3 8.0 9.5 4.3 11.2 44 6 91
1.0 6.8 5.4 8.1 9.6 4.2 11.5 49 6 103
5.0 7.0 5.7 8.2 9.7 4.5 11.4 68 6 144

Panel B: Period 2008–2015

0.1 5.4 4.3 5.5 5.8 2.3 5.5 27 2 69
0.5 5.5 4.4 5.6 5.7 2.5 5.2 37 2 95
1.0 5.5 4.0 5.7 5.7 2.4 5.3 43 2 117
5.0 5.3 3.8 5.5 5.7 2.7 5.4 61 2 172

Panel C: Period 2016–2023

0.1 4.7 2.1 7.2 10.3 2.0 12.6 22 6 43
0.5 4.4 2.3 6.8 9.3 2.0 11.7 28 7 56
1.0 4.0 2.1 6.3 8.7 1.9 11.3 31 7 68
5.0 3.4 2.1 5.8 7.5 1.9 10.4 40 8 93

Although the performance of the FWERτ portfolios is uniformly deteriorating over time, in

the most recent sub-period, they continue to deliver statistically significant alphas ranging

from 3.4% to 4.7%, with annualized excess returns reaching up to 7.2%. When it comes

to the alpha-weighted portfolio, the performance is even better across all sub-periods, with

the seven-factor alpha generated being up to 10.3% per annum for the most recent period

(i.e., 2016–2023). But most importantly, both portfolio formations show that the FWERτ

selected funds maintain a positive performance even during the second sub-period (i.e., an

annual seven-factor alpha of almost 6%), which includes the Global Financial Crisis period.
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6.4. Alpha and Wealth Evolution

To examine how portfolio performance evolves over time, we compute expanding-window

alpha estimates for each portfolio. Specifically, for each portfolio and each month from

December 2004 onward, we estimate the seven-factor alpha using portfolio returns from Jan-

uary 2000 through that month. Each portfolio therefore generates a time series of estimated

alphas, which we plot in Panel A of Figure 6. For comparison, we also report the alpha evo-

lution of the passive EW , EW+, and αW+ portfolios. The alphas of the FWERτ portfolios

remain consistently above those of the passive benchmarks over most of the OOS period.

Panel B of Figure 6 shows the corresponding accumulated wealth from investing $1 in

each portfolio from January 2000 to December 2023. The equal-weighted FWERτ portfolios

grow to approximately $6.8–$7.5, compared with roughly $3 for the passive equal-weighted

benchmarks. The alpha-weighted FWERτ portfolios perform even better, with accumulated

wealth reaching approximately $11.0–$13.5, compared with about $4 for the passive αW+

benchmark. Notably, while the broader hedge fund industry suffered large losses during

the 2008 financial crisis, the funds selected by fwer+ avoided the downturn and generated

substantial gains.32

Regarding the hedge funds’ lock-up periods, a couple of portfolios contain funds with

lock-up periods of up to 3 years. More specifically, the proportions of the selected funds

with lock-up periods greater than 1 year and 2 years are 5% and 2%, respectively. For

this reason, to test the practical application of the method, we present in Section 6.5 the

performance of the portfolio with holding horizons of up to 3 and 4 years.

32Specifically, while the equally weighted portfolio incurred a loss of −21% in 2008, the FWERτ portfolio
with τ = 5% achieved a gain of 8%. Over the entire crisis period, spanning July 2007 to June 2009, the
corresponding figures are −11% and 11.5%, respectively.
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Figure 6: Alpha and wealth evolution. This figure reports the evolution of OOS portfolio alphas and
accumulated wealth for the portfolios reported in Table 2. The FWERτ portfolios are constructed using all
24 covariates and are reported for FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}. The figure includes both
equal-weighted and alpha-weighted FWERτ portfolios, together with the passive benchmark portfolios: the
equal-weighted portfolio of all eligible funds (EW ), the equal-weighted portfolio of funds with positive IS
alpha (EW+), and the alpha-weighted version of EW+ (αW+). Panel A shows the evolution of portfolio
alphas. For each portfolio and each month starting at the end of 2004, we estimate the seven-factor alpha
using all available portfolio returns from January 2000 through that month. The first observation therefore
corresponds to January 2000–December 2004, while the final observation uses data through December 2023.
Panel B shows the corresponding accumulated wealth of a $1 investment over the full OOS period from
January 2000 to December 2023. Portfolio alphas are annualized.

Panel A: Alpha evolution

Panel B: Wealth evolution
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6.5. Retention, Outperforming Rates and Longer Horizons

Each year, a large number of hedge funds are delisted from commercial databases (see

Van der Sluis and Posthuma, 2004). Hodder et al. (2014) reveals that the delisted funds

with positive prior performance have an insignificant difference in average returns from the

listed funds over the next year. In contrast, delisted funds with negative prior performance

have a mean delisting return of −5.67% in the following year. Delisted funds may affect the

performance of the fwer+ procedure presented in the previous Sections.

For this purpose, we consider the FWERτ portfolios using all covariates and compute

the retention rate of the selected funds (or, otherwise, the funds that remained listed in

our database) over the entire OOS holding period. We first calculate, for each of the 24

exercise years, the proportion of portfolio funds that report returns over the entire 12-month

OOS holding period. We then average these 24 retention proportions to obtain the overall

retention rate. We estimate the seven-factor model alpha using 12-month returns for each

fully listed fund, then calculate the proportion of fully listed funds with positive alpha.

Averaging proportions yields the OOS outperforming rate in the retained funds. We also

calculate the OOS outperforming rate that accounts for all selected funds (regardless of

listing status). The related findings are presented in Table 4.

Table 4: OOS outperformance rate of selected funds. This table reports the OOS retention and
outperforming rates of funds selected by the fwer+ procedure using all 24 covariates. For each of the 24
portfolio formation years, the retention rate is defined as the proportion of selected funds that continue
to report returns throughout the full 12-month OOS holding period. The full-sample retention rate is the
average of these annual retention rates. For funds that remain listed throughout the OOS year, we estimate
the seven-factor alpha using their 12 monthly OOS returns and compute the proportion with positive alpha.
The OOS outperforming rate is the average of these annual proportions. The table also reports the OOS
outperforming rate relative to the initial set of selected funds, which treats funds that stop reporting during
the OOS year as non-outperformers.

τ (%) Average number OOS retention OOS outperforming rate OOS outperforming rate
of selected funds rate (%) in retained funds (%) in selected funds (%)

0.1 28 92 84 79
0.5 37 93 81 76
1.0 43 92 80 75
5.0 58 93 78 73
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We note that the proportion of delisted funds in our portfolios is lower than that reported

in the literature, averaging only 8% (Hodder et al., 2014 report a 15.14% delisting rate of

hedge funds between 1994 and 2009). This means that, on average, only 1 or 2 selected funds

are delisted during our OOS periods. In addition, we note that the OOS outperformance

rates for the retained and selected funds are close and sufficiently high. These observations,

along with the reported small or insignificant penalty for delisted funds (see Hodder et al.,

2014), lead us to argue that the effect of delisted funds, positive or negative, is negligible for

our fwer+ portfolios.

We now study whether the funds selected by fwer+ can sustain their past performance

over horizons longer than one year. Hedge funds are characterized by lock-up periods that

restrict investors from redeeming capital over short horizons. To account for this, we extend

the rebalancing interval to every two, three, or four years instead of forming a new set of

outperformers annually. For example, in the 2-year holding case, we implement the fwer+

procedure at the end of 1999 using data over the previous three years, 1997–1999, select

significant outperforming funds, and hold them through 2000 and 2001. Similarly, we form a

new set of funds to hold through 2002 and 2003 at the end of 2001, and so on, until reaching

the end of 2021, when we select funds for 2022–2023. The procedure is analogous for the 3-

and 4-year holding horizon cases.

The performance of FWERτ portfolios using all considered covariates is presented in

Table 5. We note that all FWERτ portfolios generate positive alphas, and most of them

are statistically significant, even when the holding horizon is extended to four years, which

is longer than the IS period (i.e., three years) used to assess and select the outperforming

funds. This illustrates fwer+’s ability to identify funds whose performance persists over

longer horizons, highlighting its practical relevance to investors.
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Table 5: OOS performance of the FWERτ portfolios using all considered covariates with
varying holding horizons. This table reports the OOS performance of portfolios constructed from funds
selected by fwer+ using all 24 covariates under longer holding horizons. Panels A, B and C report results for
two-, three-, and four-year holding horizons, respectively. For each weighting scheme, the reported statistics
are the annualized Fung and Hsieh (2004) seven-factor alpha, the corresponding Newey–West t-statistic, and
the annualized excess return. The final three columns report the average, minimum, and maximum number
of funds held in the portfolio. Results are reported for FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}.

τ (%) Equal-weighted FWERτ portfolio Alpha-weighted FWERτ portfolio Portfolio size

FH Alpha Excess Return t-stat FH Alpha Excess Return t-stat Average Min Max
(%) (%) (%) (%)

Panel A: 2-year holding period

0.1 5.5 5.9 5.9 7.7 8.2 4.1 23 1 69
0.5 5.3 5.7 5.8 6.9 7.5 3.6 30 1 95
1.0 5.3 5.8 6.2 7.2 7.8 4.1 35 1 117
5.0 5.0 5.5 5.8 6.8 7.4 4.4 49 2 172

Panel B: 3-year holding period

0.1 3.4 4.3 3.0 4.0 6.2 1.0 19 2 53
0.5 2.9 3.9 2.6 2.9 5.0 0.8 25 2 68
1.0 2.5 3.9 2.0 2.7 5.0 0.8 29 2 74
5.0 1.9 3.4 1.4 1.7 4.2 0.6 39 2 95

Panel C: 4-year holding period

0.1 4.9 5.5 4.3 7.0 7.9 3.8 14 1 38
0.5 4.7 5.3 4.0 6.2 7.2 2.9 18 1 48
1.0 4.7 5.2 4.4 6.3 7.2 3.1 21 1 51
5.0 4.1 4.5 4.0 5.4 6.3 3.0 28 2 60

6.6. Portfolio Performance Decomposition by Fund Style

Next, we examine which fund styles are most frequently selected. For this purpose, we

consider the FWER5% portfolio using all covariates. We calculate the average number of

funds selected by fwer+ per year for each style across different sub-periods. Panel A of

Figure 7 shows that Relative Value becomes the dominant selected style after 2009, despite

ranking below several other styles in the first sub-period. Equity Hedge is also consistently

selected across all sub-periods, but it is not selected as intensively as Relative Value in the

latter part of the sample. Other fund styles frequently selected during our sample period are
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those of Global Macro and Fund of Funds.33

Figure 7: Fund style analysis. The figure shows the style composition of the FWER5% portfolio using
all considered covariates (Panel A) and of all eligible funds at the corresponding portfolio formation dates
(Panel B). For each sub-period, we count the number of funds in each style and then take the average to
obtain the number of funds per year.

Panel A: Funds selected in the FWER5% portfolio by style

Panel B: All eligible funds by style

33Results for the FWERτ portfolios with τ ∈ {0.1, 0.5, 1}% are similar, and our conclusions remain
unchanged.

43



To investigate whether this pattern simply reflects the composition of the hedge fund

universe used, Panel B of Figure 7 reports the style composition of all eligible funds. The

high selection rate of Relative Value funds cannot be explained by the prevalence of this style

in the overall sample. In particular, Equity Hedge and Fund of Funds account for much larger

shares of eligible funds, whereas Relative Value accounts for a substantially smaller share.

This suggests that the prominence of Relative Value in the FWER5% portfolio reflects

selective identification by fwer+, rather than the unconditional size of the style category.34

Panel A of Table 6 sheds more light on the contribution of each fund style to the OOS

performance of the FWER5% portfolio. We partition the selected funds into style-based

groups and treat each group as a new portfolio. We track their OOS returns over the holding

periods and calculate their corresponding annualized seven-factor model alpha and excess

returns. As not all fund styles are selected every year, we count the number of months during

which funds from each style are present in the portfolio, along with the average number of

funds belonging to that style in those months, in the last column. We report the results

for the entire OOS period (288 months) in Panel A. We find that the Relative Value style

appears in the portfolio for the longest period (281 out of 288 months), followed by the

Event-driven (264 out of 288 months) and Equity Hedge (252 out of 288 months) styles. On

average, the Relative Value style also contributes the most funds to the portfolio, more than

twice that of the second group (Event-driven).

In terms of alpha, the contribution of each style is more difficult to evaluate because it

depends on both the number of selected funds in the style and the number of months the

style is present in the portfolio. For example, the Emerging Markets funds yield the highest

alpha. For example, Emerging Markets funds generate the highest alpha. However, this style

appears in fewer than half of the OOS months (137 out of 288 months), and its portfolio size

34Relative Value funds seek to exploit mispricings between assets within the same or similar markets.
Their objective is to capitalise on short-term pricing inefficiencies across comparable securities and generate
returns uncorrelated with the broader market.
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Table 6: OOS performance by style. The table decomposes the OOS performance of FWER5%
portfolios (Panel A) and all eligible funds in our sample (Panel B) into groups by fund style. For each
portfolio, constituent funds are partitioned by style, and each style group is treated as a separate sub-
portfolio. We track the monthly returns of each style sub-portfolio during the OOS holding periods and
report performance over the full OOS sample of 288 months, from January 2000 to December 2023. Portfolio
alphas are estimated using the seven-factor model and are annualized. The table reports the annualized alpha,
the corresponding Newey–West HAC-adjusted t-statistic, and the annualized excess return. For each style
sub-portfolio, we also report the number of months in which the style is present in the corresponding main
portfolio and the average number of funds in that style during those months.

Fund Style FH Alpha (%) t-statistic Excess Portfolio Representation
Return (%) Presence months Avg. #funds

Panel A: Selected Funds

Convertible Arbitrage 5.2 4.4 6.0 92 1.8
Emerging Markets 10.8 3.0 17.0 137 4.5
Equity Hedge 7.4 3.6 9.3 252 10.2
Equity Market Neutral 8.5 4.7 9.0 129 2.4
Event Driven 4.5 3.1 5.2 264 9.4
Fixed Income Arbitrage 3.2 1.6 4.3 192 2.2
Fund of Funds 4.3 4.7 4.7 228 11.6
Global Macro 8.0 4.2 7.6 216 6.5
Long/Short Equity Hedge 8.3 2.0 10.2 167 4.6
Multi-Strategy 8.2 2.5 7.3 120 2.3
Relative Value 4.7 6.4 4.5 281 16.3

Panel B: All eligible funds

Convertible Arbitrage 2.3 1.4 5.0 288 8.6
Dedicated Short Bias 1.5 0.3 -1.5 174 1.5
Emerging Markets -0.1 -0.0 6.0 288 31.3
Equity Hedge -0.6 -0.6 4.0 288 413.6
Equity Market Neutral 3.9 2.0 5.0 288 11.5
Event Driven 1.0 1.1 4.2 288 122.6
Fixed Income Arbitrage 1.6 0.9 3.7 264 9.4
Fund of Funds -0.3 -0.4 1.9 288 306.3
Global Macro 3.1 2.7 3.6 288 165.7
Long/Short Equity Hedge -1.4 -1.0 3.4 288 97.7
Multi-Strategy 1.7 1.3 4.0 288 19.4
Relative Value 0.7 0.6 3.1 288 144.8

is relatively small (4.5 funds on average). The Equity Market Neutral, Long/Short Equity

Hedge, Multi-Strategy and Global Macro funds follow, generating an annualized alpha of

around 8%. Nevertheless, all selected style portfolios generate positive alphas over the full

OOS period.

To assess the practical value of fwer+, we construct style-based portfolios consisting of
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all eligible funds in the IS of 36 months (i.e., those with a complete 36-month return history

and all considered covariates). We exhibit the performance of these portfolios in Panel B of

the same table. Note that two groups, including Dedicated Short Bias and Fixed Income

Arbitrage, do not span all 288 months because they either lack eligible funds in certain years

or all eligible funds are delisted during the OOS holding period.

Our first observation is that the entire Relative Value group does not outperform the

other styles. In fact, it significantly underperforms the Global Macro and Equity Market

Neutral groups. This implies that the prominence of Relative Value funds in the FWER5%

portfolio reflects selective identification by fwer+’, rather than superior unconditional per-

formance of the style as a whole. Second, when comparing Panels A and B on a style-by-style

basis, we find that every style-specific FWER5% portfolio outperforms its equally weighted

(EW ) counterpart. The higher alpha gains and shorter presence periods suggest that fwer+

effectively identifies outperforming funds within each style and does so during periods when

such funds exist.

6.7. Alternative Factor Models

The ability of factor models to estimate the entire distribution, as well as the alpha and

beta components, can vary due to misspecification. Using different models, potentially less

susceptible to misspecification, can yield better insights into the true alphas and betas (see

Ardia et al., 2024). In this Section, we assess whether the performance of the FWERτ

portfolios is robust to alternative benchmark multi-factor models used in fund performance

literature (see, e.g., Bali et al., 2012, 2014). More specifically, we consider four alternative

factor models including the four-factor model of Carhart (1997), a six factor model, including

the four-factor model and ∆10Y and ∆CredSpr risk factors, a nine-factor model including

BDTF , FXTF and CMTF factors on top of the six-factor model above, as well as the

recent nine-factor model of Chen et al. (2025) that is suitable for explaining hedge fund

performance as described in Section 4.
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We repeat the exercises presented in the previous sections for each alternative factor

model. We present in Table 7 the performance of the FWERτ portfolios using all informative

covariates. Overall, the OOS alphas of the FWERτ portfolios vary by factor models, but

all are positive and statistically significant at the 5% level.

Table 7: Performance of the FWERτ portfolios using all covariates under alternative factor
models. This table reports the OOS performance of FWERτ portfolios constructed from funds selected
by fwer+ using all 24 covariates under alternative performance evaluation models. Panel A reports results
using the four-factor model of Carhart (1997); Panel B reports results using the six-factor model which
augments the Carhart four-factor model with ∆10Y and ∆CredSpr; Panel C reports results using the nine-
factor model which further includes bond, currency, and commodity trend-following factors; and, Panel D
reports results using the nine-factor model of Chen et al. (2025). For each weighting scheme, the reported
statistics are the annualized portfolio alpha, the corresponding Newey–West t-statistic, and the annualized
excess return. The final four columns report the average, minimum, and maximum number of funds held in
the portfolio and the percentage of OOS months in which the portfolio is empty. Results are reported for
FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}.

τ (%) Equal-weighted FWERτ portfolio Alpha-weighted FWERτ portfolio Portfolio size

Alpha Excess Return t-stat Alpha Excess Return t-stat Average Min Max Empty rate
(%) (%) (%) (%) (%)

Panel A: Four-factor model of Carhart (1997)

0.1 5.4 6.3 4.8 6.5 7.9 3.1 39 3 140 0
0.5 5.0 6.0 4.4 6.2 7.7 3.1 48 4 161 0
1.0 5.0 6.1 4.6 6.4 7.9 3.4 54 5 175 0
5.0 4.4 5.7 3.6 5.6 7.3 3.0 69 6 221 0

Panel B: Six-factor model

0.1 4.7 5.6 4.1 8.4 9.1 2.7 30 4 102 0
0.5 4.6 5.5 4.0 7.7 8.3 2.8 38 6 125 0
1.0 4.5 5.6 3.7 7.5 8.4 2.7 44 10 139 0
5.0 4.0 5.1 3.4 6.0 7.1 2.2 58 13 179 0

Panel C: Nine-factor model

0.1 6.5 7.2 3.8 9.5 10.3 2.1 27 1 91 0
0.5 6.0 6.8 4.0 8.6 9.7 2.2 33 1 110 0
1.0 5.9 6.7 3.9 8.5 9.6 2.3 37 1 116 0
5.0 5.4 6.2 4.2 7.6 8.9 2.3 50 1 135 0

Panel D: Nine-factor model of Chen et al. (2025)

0.1 6.2 6.2 3.0 8.8 7.9 2.4 17 0 55 9.7
0.5 6.8 6.9 3.7 9.2 8.7 2.7 23 0 97 4.2
1.0 6.7 6.9 3.7 8.8 8.4 2.8 27 0 129 4.2
5.0 6.6 6.9 4.1 9.0 8.6 3.3 38 0 208 4.2
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7. The Contribution of Covariate Information

Before assessing the contribution of covariates to OOS portfolio performance, we first

verify that the estimated prior null probabilities behave consistently with the selection mech-

anism of fwer+. As discussed in Section 2.1, the procedure assigns fund-specific rejection

thresholds according to the estimated prior odds of the null hypothesis. Because the prior

odds are a strictly increasing transformation of π0(z), funds with lower estimated π0(z) re-

ceive more lenient rejection thresholds. Section IC of the Internet Appendix shows that the

estimated prior null probabilities exhibit substantial dispersion across covariate quartiles.

This diagnostic confirms that the covariates are informative for the threshold-allocation

mechanism of fwer+, although their informativeness varies considerably across covariates.

While this exercise examines the informativeness of individual covariates in the fund selection

process, it does not quantify their contribution to OOS portfolio performance. We there-

fore turn to leave-one-out and Shapley analyses to quantify the performance contribution of

individual covariates and broader covariate groups.

The two analyses examine the contribution of covariate information from complementary

perspectives. In the leave-one-out analysis, we take the FWERτ portfolio constructed using

all covariates as the benchmark and measure the alpha loss resulting from excluding either

a covariate group or an individual covariate. In the Shapley analysis, we instead take the

FWERτ portfolio constructed without informative covariates as the benchmark and decom-

pose the total alpha gain from incorporating all covariates across the four covariate groups

while accounting for their overlapping information. We further compute pairwise Shapley in-

teractions to examine whether different covariate groups reinforce or substitute one another.

All analyses in this section use the equal-weighted FWERτ portfolios to isolate the role of

covariate information in fund selection from the additional effect of alpha-based portfolio

weighting.
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7.1. Marginal Contribution of Covariates to Portfolio Performance

To quantify the contribution of the covariates to portfolio performance, we first conduct a

leave-one-out ablation analysis. Starting from the full specification with all 24 covariates, we

reconstruct the OOS portfolio after excluding one covariate group or one individual covariate

at a time. Alpha loss is then estimated from the monthly return of the full-covariate portfolio

minus that of the reduced-covariate portfolio. A positive (negative) alpha loss means that

excluding the group or the individual covariate harms (improves) the performance of the

resulting portfolio.

In the interest of space, Table 8 reports the results for the 5% FWER target.35 Panel

A shows that excluding any covariate group results in a positive alpha loss, indicating that

each group contributes to portfolio performance. The return-based covariate group has

the largest marginal contribution, with an annualized alpha loss of 2.37%, substantially

larger than those associated with macroeconomic covariates (0.96%), managerial skill proxies

(0.80%), and fund characteristics (0.66%). Although none of the group-level alpha losses is

statistically significant at conventional levels, their magnitudes suggest that return-based

covariates contribute the most to the OOS performance of the portfolio.

Panel B reports the corresponding leave-one-covariate-out analysis. Default yield spread,

Sharpe ratio, cumulative return, macro risk, and lockup period generate the largest alpha

losses when excluded, whereas removing return volatility or kurtosis slightly improves port-

folio performance. Incentive fee is the only individual covariate associated with a statistically

significant alpha loss at the 5% level, while the contribution of liquidity timing is marginally

significant at the 10% level. The results reveal substantial heterogeneity in the marginal

contribution of individual covariates to the OOS performance of fwer+. Importantly, each

covariate group contains variables whose exclusion reduces portfolio alpha, indicating that

all four groups provide economically valuable information for fund selection.

35Results for other FWER targets are qualitatively similar.
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Table 8: Marginal contribution of covariate information to portfolio alpha. The table reports the
marginal contribution of different covariate groups and individual covariates to the performance of fwer+
using a leave-one-out ablation analysis. For each analysis, the corresponding covariate group or individual
covariate is excluded from the input of fwer+, while all remaining covariates are retained. Portfolio returns
are then reconstructed under the reduced specification. We report alpha loss, estimated as the intercept from
a regression of the monthly return difference between the full-covariate and reduced-covariate portfolios on
the Fung and Hsieh (2004) seven-factor model, together with the corresponding Newey–West t-statistics.
Results are reported for the 5% FWER target.

Ablation set Alpha loss t-statistic

Panel A: Group of covariates

Return-based covariates 2.37 1.86
Macroeconomic covariates 0.96 1.47
Managerial skill proxies 0.80 1.22
Fund characteristics 0.66 1.62

Panel B: Individual covariates

Default Yield Spread 1.91 1.55
Sharpe Ratio 1.34 1.08
Cumulative Return 0.86 1.73
Macro Risk 0.83 1.79
Lockup Period 0.72 1.73
Idiosyncratic Risk 0.70 1.65
Incentive Fee 0.63 2.23
Inflation 0.60 1.73
R-squared 0.52 1.05
Fund Age 0.45 1.31
Six-factor Model Idiosyncratic Risk 0.43 1.24
Skewness 0.41 1.12
Equity Market Uncertainty 0.41 1.04
Liquidity Timing 0.40 1.93
Management Fee 0.39 1.11
Minimum Investment 0.38 0.89
Term Spread 0.37 1.02
Redemption Notice Period 0.30 0.68
High-Water Mark 0.24 0.64
Investor Sentiment Change 0.16 0.44
Economic Policy Uncertainty 0.08 0.20
Fund Size 0.06 0.29
Kurtosis -0.08 -0.50
Return Volatility -0.26 -0.92

Because the covariates contain overlapping information, the alpha losses from the leave-

one-out analysis cannot be interpreted as additive measures of importance.36 We therefore

36For example, summing the alpha losses from excluding the individual covariates in Panel B yields
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next perform a Shapley decomposition of the portfolio alpha generated by fwer+ to at-

tribute the overall performance gain across different sources of covariate information while

accounting for their overlap.

7.2. Shapley Decomposition of Alpha Gains

To quantify the contribution of different sources of covariate information to the portfolio

alpha generated by fwer+, we adapt the Shapley value framework originally proposed by

Shapley (1953) and subsequently applied to attribution problems in economics (Israeli, 2007)

and machine learning (Lundberg and Lee, 2017), including recent applications to mutual

fund selection (DeMiguel et al., 2023). Whereas previous applications focus on attributing

model performance, we use the Shapley framework to attribute the economic value generated

by incorporating informative covariates, measured by the incremental OOS portfolio alpha.

Thereby, we first construct an fwer+-based portfolio using a constant variable as the sole

covariate input. Because the constant variable contains no cross-sectional information, this

specification is equivalent to applying fwer+ without informative covariates. Using this

portfolio as the benchmark, the alpha gain from incorporating all covariates is calculated.

The Shapley decomposition then measures how much each covariate group contributes to

this gain.37

Table 9 reports the results. The first three columns report the annualized alpha obtained

11.85%, which exceeds the total alpha gain attributable to incorporating informative covariates.
37Let G denote the set of four covariate groups. For any subset (coalition) S ⊆ G, let v(S) denote

the annualized alpha of the fwer+ portfolio constructed using only the covariates in the groups in S.
In particular, v(∅) denotes the annualized alpha obtained by fwer+ without informative covariates (i.e.,
implementing fwer+ using a constant variable as the sole covariate input), while v(G) denotes the annualized
alpha obtained using all covariates. The Shapley value of group g ∈ G is defined as

ϕg =
∑

S⊆G\{g}

#S! (#G −#S − 1)!

#G!
[v(S ∪ {g})− v(S)] .

where #S denotes the number of groups in subset S and “!” denotes the factorial operator, and v(S ∪{g})−
v(S) is the marginal increase in annualized portfolio alpha obtained by adding covariate group g to subset
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with no covariates, the annualized alpha obtained using all covariates, and the corresponding

alpha gain, respectively. Compared to the no-covariate portfolios, incorporating covariate

information increases annualized portfolio alpha by between 1.77% and 2.63% across the four

FWER targets. The remaining columns decompose this alpha gain into the contributions

of the four covariate groups. Notably, return-based covariate group accounts for the largest

contribution at every FWER target, contributing between 1.18% and 1.49% of annualized

alpha, corresponding to approximately 48% to 84% of the total alpha gain in relative terms.

This finding indicates that recent return characteristics constitute the primary source of

information driving the superior OOS performance of the FWERτ portfolios.

Table 9: Shapley decomposition of alpha gains by covariate group. The table reports the ex-
act Shapley decomposition of the improvement in portfolio alpha from incorporating covariate information
into the fwer+ procedure. “No covariates” and “All covariates” report the annualized alpha of the portfolios
formed by fwer+ with a constant covariate and with all covariates, respectively, while “Alpha gain” (in %) de-
notes the difference between the two. The remaining columns report the Shapley contribution of each covari-
ate group to the total alpha gain. Results are reported for the four FWER targets τ ∈ {0.1%, 0.5%, 1%, 5%}.

τ (%) No covariates All covariates Alpha gain Shapley decomposition of alpha gains

Return-based Macro Managerial skill Characteristics

0.1 3.80 6.43 2.63 1.27 0.70 0.36 0.30
0.5 4.25 6.30 2.05 1.18 0.28 0.18 0.41
1.0 4.14 6.13 1.99 1.36 0.20 0.14 0.28
5.0 4.15 5.93 1.77 1.49 0.05 0.11 0.13

The remaining alpha gain is distributed across macroeconomic covariates, managerial

skill proxies, and fund characteristics. At the most stringent FWER target (τ = 0.1%),

macroeconomic covariates provide the second-largest contribution, accounting for 0.70% of

S. The Shapley values satisfy ∑
g∈G

ϕg = v(G)− v(∅),

so that they exactly decompose the improvement in portfolio alpha attributable to incorporating covariate
information. Since there are four covariate groups, the decomposition requires form and evaluating only
24 = 16 portfolios. Applying the same decomposition to the 24 individual covariates would instead require
forming and evaluating 224 = 16, 777, 216 portfolios, making an exact Shapley decomposition computationally
prohibitive.

52



annualized alpha (27% of the total gain). As the FWER target becomes less stringent,

however, the contribution of macroeconomic covariates declines substantially, whereas those

of fund characteristics and managerial skill proxies remain positive but relatively modest

throughout. Overall, the Shapley decomposition indicates that recent return characteristics

account for the largest standalone contribution to the incremental alpha generated by incor-

porating covariate information. This finding is consistent with the leave-one-out evidence in

Section 7.1 and with the broader empirical result that past-performance information plays an

important role in fund selection. As we show below, however, the contribution of macroeco-

nomic covariates is more apparent through their complementarity with the remaining sources

of information.

While the Shapley decomposition attributes the overall portfolio alpha gain to each co-

variate group, it does not reveal whether different sources of information complement or

substitute one another. To address this question, we further compute the pairwise Shapley

interactions between covariate groups. Intuitively, a pairwise Shapley interaction measures

whether two covariate groups jointly generate more (or less) portfolio alpha than would be

expected from the sum of their individual contributions after averaging over all possible

combinations of the remaining covariate groups.38

38Using the notation in Footnote 37, for two covariate groups g, h ∈ G and a background coalition
S ⊆ G \ {g, h}, define the second-order marginal contribution as

∆g,h(S) = v(S ∪ {g, h})− v(S ∪ {g})− v(S ∪ {h}) + v(S),

which measures the additional annualized alpha generated by including g and h jointly beyond the sum
of their individual contributions under the same background coalition. The pairwise Shapley interaction
between g and h is then defined as

Ig,h =
∑

S⊆G\{g,h}

#S!(#G −#S − 2)!

(#G − 1)!
∆g,h(S),

which averages the second-order marginal contribution over all possible background coalitions using the
standard Shapley weights. Positive values indicate complementarity between the two covariate groups,
whereas negative values indicate substitutable or overlapping information.
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Table 10 reports the pairwise Shapley interactions between the four covariate groups.

Two findings emerge. First, the strongest interactions on average involve macroeconomic

covariates. Across all FWER target levels, the interactions between macroeconomic variables

and return-based covariates, as well as between macroeconomic variables and managerial

skill proxies, are positive and among the largest observed. Averaged across the four FWER

targets, these interactions equal 0.90% and 0.88%, respectively. These results indicate that

macroeconomic covariates complement both return-based information and managerial skill

proxies in generating OOS portfolio alpha, suggesting that their contribution extends beyond

their individual effects.

Table 10: Pairwise Shapley interactions between covariate groups. The table reports the pairwise
Shapley interactions between the four covariate groups. Positive values indicate that the two covariate groups
jointly contribute more to OOS portfolio alpha than would be expected from their individual contributions,
whereas negative values indicate overlapping or substitutable information. Results are reported across the
four FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%} together with their average.

Pairwise Shapley interaction of covariate groups

τ (%) Return Return Return Macro Macro Skill
× Macro × Skill × Characteristics × Skill × Characteristics × Characteristics

0.1 0.48 -0.11 0.57 0.40 0.22 -0.06
0.5 0.85 -0.08 -0.16 1.16 0.71 -0.12
1.0 1.22 0.15 -0.15 0.84 0.28 -0.08
5.0 1.05 0.35 0.55 1.14 0.41 0.22

Average 0.90 0.08 0.20 0.88 0.40 -0.01

Second, interactions not involving macroeconomic covariates are generally smaller and

less stable across FWER targets. In particular, the average interactions between return-based

variables and managerial skill proxies (0.08%), return-based variables and fund characteris-

tics (0.20%), and managerial skill proxies and fund characteristics (−0.01%) are close to zero.

Taken together, the results suggest that the superior OOS performance of FWERτ portfo-

lios arises not only from the individual contributions of informative covariates but also from

the complementarity between macroeconomic covariates and other sources of economically

motivated information.
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Taken together, the analyses provide complementary perspectives on the contribution of

covariate information to the OOS performance of the FWERτ portfolios. The leave-one-out

analysis quantifies the marginal contribution of individual covariates and covariate groups,

the Shapley decomposition attributes the overall alpha gain across the four covariate groups

while accounting for overlapping information, and the pairwise Shapley interactions examine

whether different sources of information reinforce one another. Although these approaches

measure different aspects of covariate importance, they deliver a consistent overall message.

In particular, the results suggest distinct roles for the return-based and macroeconomic

covariate groups. Return-based covariates provide the dominant standalone contribution to

portfolio alpha, whereas macroeconomic covariates appear to serve as contextual information

that consistently reinforces the information contained in return-based covariates, managerial

skill proxies, and fund characteristics.

These findings are further supported by the supplementary analyses reported in the Inter-

net Appendix. Section ID shows that macroeconomic and risk-exposure covariates account

for a substantial share of the common latent structure underlying the covariates. Never-

theless, replacing the original covariates with latent factors or principal components leads

to inferior portfolio performance, indicating that fwer+ benefits from exploiting both com-

mon and covariate-specific information. Moreover, the alternative approaches for enhancing

covariate informativeness presented in Sections IE and IF, including statistical screening

and machine-learning-based transformations, do not improve upon the original 24-covariate

specification. Overall, the evidence suggests that preserving the original covariates allows

fwer+ to exploit both their individual predictive content and the complementarities among

different sources of economically motivated information.

8. Conclusion

This paper introduces the fwer+ procedure as a powerful and flexible method for con-

trolling FWER when selecting outperforming investment opportunities. By incorporating
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multiple informative covariates, fwer+ estimates FWER conditionally on the available infor-

mation, allowing rejection thresholds to vary across tests. Through simulations, we demon-

strate that when informative covariates are available, fwer+ effectively controls FWER at

any target level and achieves considerably higher power than existing methods that ignore

such information.

Empirically, applying fwer+ to U.S. hedge funds identifies portfolios that deliver econom-

ically large and statistically significant OOS performance. The selected portfolios outper-

form passive benchmarks formed from the same eligible fund universe, including the equal-

weighted portfolio of all funds, the equal-weighted portfolio of funds with positive in-sample

alpha, and its alpha-weighted counterpart. These results hold across FWER target levels,

weighting schemes, sub-periods, longer holding horizons, and alternative factor models. The

evidence therefore suggests that incorporating informative covariates into multiple testing

improves the practical usefulness of FWER control in fund selection, where unconditional

procedures are often too conservative for short rolling windows and large cross-sections. Fi-

nally, the leave-one-out ablation, Shapley decomposition, and pairwise Shapley interaction

analyses provide new insights into the contribution of informative covariates to portfolio

performance. Return-based covariates provide the largest standalone contribution to the

superior performance of fwer+, whereas macroeconomic covariates consistently complement

return-based covariates, managerial skill proxies, and fund characteristics. These findings

highlight the importance of integrating multiple, complementary sources of covariate infor-

mation in hedge fund selection.

Overall, our evidence suggests that the fwer+ procedure is an effective tool for investors

seeking to identify outperformers with high confidence and limited false discoveries. Its flex-

ibility allows users to specify any desired FWER threshold, making it particularly suitable

for applications in which downside risk is severe. Beyond hedge funds, the method can be

applied to other large-scale selection problems in economics and finance where false dis-

coveries are costly and informative covariates are available, such as selecting outperforming
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mutual funds (see, e.g., Barras et al., 2010; Hsu et al., 2025), factor selection (see, e.g.,

Harvey and Liu, 2020), or algorithmic trading strategies (see, e.g., Bajgrowicz and Scaillet,

2012). The fwer+ framework thus provides a general-purpose approach for high-confidence

decision-making under covariate information.
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Internet Appendix:

Assessing Hedge Fund Performance with An Information-based

Multiple Test

IA. The Implementation of the StepM and StepSPA Procedures

In this section we present the StepM and StepSPA procedures for multiple tests where

the testing metric is the alpha of an asset pricing model. In line with frameworks of Romano

and Wolf (2005) and Hansen (2005), Hsu et al. (2010) we first consider performance of n

funds and conduct for each fund i a hypothesis test:

H0 : µi ≤ 0 H1 : µi > 0 (9)

where µi is the expectation of a time-varying metric di,t which represents for the performance

of the fund i relative to a benchmark at time t, i = 1, . . . , n. The relative performance can

be expressed in a form of di,t = L0,t − Li,t where L0,t and Li,t are values of a loss function

measured at time t of the benchmark and fund i, respectively. The choice of the loss function

is flexible and depends on the goal of researchers.

For instance, in the framework of Hsu et al. (2010), where they assess the performance

of trading rules, the Li,t is set to be −1 multiplied by the return of a trading rule i in excess

of interest rate in day t. The benchmark strategy is one that earns the interest rate, whose

L0,t = 0 which is −1 multiplied by 0 (the benchmark return excess of the interest rate). The

di,t turns out to be the excess return of the strategy i and µi is its expected return.

In our framework, the testing performance is the alpha of a fund, the choice of the loss

function will be different. Suppose we are testing the alpha of the model (7). We consider

funds surviving through periods t from 1 to T and assess their performances in this period.

As the adjusted return of a fund i is ri,t − F tβ̂i where β̂i is the estimate of βi, we define a

1



loss function as Li,t = −[ri,t − Ftβ̂i]. This is a natural setting as the smaller the loss Li,t,

the better the performance of the fund. The benchmark is the portfolio that invests on the

considering risk factors and thus the adjusted return is 0 and its loss is L0,t = 0. We have

that the expectation of L0,t − Li,t = ri,t − Ftβ̂i is the alpha of the fund i. Thus, in our

framework

di,t = ri,t − Ftβ̂i = α̂i + ε̂i,t (10)

The StepM and StepSPA procedures rely on a bootstrapped resampling where the sta-

tionary bootstrap procedure of Politis and Romano (1994a), with average length 1/q where

q ∈ (0, 1), is adopted.

First we estimate the variance ω̂2
i of di,t as in Hansen (2005). More specifically, let d̄i be

the average of di,1, . . . , di,T . Then,

ω̂2
i = γ̂i,0 + 2

T−1∑
t=1

κ(T, t)γ̂i,t (11)

where γ̂i,t = 1/T.
∑T−t

k=1(di,k − d̄i)(di,k+t − d̄i), t = 0, . . . , T − 1 and κ(T, t) = T−t
T

(1 − q)t +

t
T
(1− q)T−t.

For each bootstrapped iteration b, a cross-sectionally and jointly bootstrapped return of

each fund i and risk factors are generated. We calculate d̄i,b =
∑T

t=1 di,t,b/T where di,t,b is

the relative performance obtained by implementing (10) on the bootstrapped return of the

fund i.39

For the (studentized) StepM procedure, we calculate the variance ω̂2
i,b for the boot-

strapped differential di,t,b via using (11) where di,t and d̄i are replaced by di,t,b and d̄i,b,

respectively.

After B iterations, we establish a bootstrapped critical point for StepM, c∗τ,StepM , as the

(1− τ)th quantile of the bootstrapped population max
i

[(d̄i,b − d̄i)/ω̂i,b], b = 1, . . . , B.40

39We bootstrap from fund returns and risk factors as adjusted return of a fund i is changing via both its
return and the estimated βi calculated with use of the return.

40Our implementation of the StepM procedure is similar to Hsu et al. (2010) which differs from the original
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In the (studentized) StepSPA, we define µ̂i = d̄i.1{
√
T d̄i≤−ω̂i

√
2 log log T} where 1{·} denotes

the indicator function, i = 1, . . . , n. and the bootstrapped critical point is defined as c∗τ =

max{cτ , 0} where cτ is the (1− τ)th quantile of the bootstrapped population
√
Tmax

i
[(d̄i,b −

d̄i + µ̂i)/ω̂i], b = 1, . . . , B.

Both the StepM and StepSPA are processed with the same steps but different in the

statistics and bootstrapped critical point. In particular, the StepSPA procedure is as follow-

ings:

• Sort
√
T d̄i/ω̂i in a descending order.

• Select the top k funds if
√
T d̄k/ω̂k > c∗τ . If there is no hypothesis rejected then stop

the procedure. Otherwise,

1. Remove the selected funds to obtain a sub-sample. Recalculate the critical c∗τ
with use of the sub-sample, denoted by csτ .

2. The top k′ funds in the sub-sample with
√
T d̄k′/ω̂k′ > csτ are selected. If there is

no hypothesis rejected then stop the procedure. Otherwise, go to step 3.

3. Repeat the steps 1 and 2 above until there is no hypothesis that can be rejected.

In the StepM procedure, the statistics
√
T d̄k/ω̂k and bootstrapped critical point c∗τ are

replaced by d̄k/ω̂k and c∗τ,StepM , both in the whole sample and sub-sample, respectively.

procedure of Romano and Wolf (2005) in three aspects. First, they use a circular block bootstrap while Hsu
et al. (2010) and us use the stationary bootstrap. Second, they adopt data-driven algorithm in determining
the block size of bootstrap, while we use a fixed values of q that correspond to average bootstrap lengths from
2 to 12 months. Third, they use bootstrapped standard errors whereas Hsu et al. (2010) and us adopt HAC
estimators as described in 11. In unreported simulations, these differences do not affect the finite sample
performance of the StepM performance reported in our simulations results. Finally it should be noted that
both Hsu et al. (2010) and Romano and Wolf (2005) apply their methods to technical rules and daily data.
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IB. Performance comparison of fwer+ against StepM and StepSPA with varying

average block lengths

As discussed in Section IA, we adopt the stationary bootstrap procedure of Politis and

Romano (1994b) for the StepM and StepSPA methods. This procedure relies on a parameter

q, which corresponds to an average block length of 1/q in the data-generating process. Section

5.2 presents comparisons between fwer+ and the StepM and StepSPA procedures when

q = 1/6, corresponding to an average block length of 6 months. In this section, we further

conduct simulations to demonstrate that our conclusions remain unchanged across plausible

values of q ∈ {1/12, 1/3, 1/2} which corresponds to average block lengths of 12, 3 and 2

months, respectively. These values are realistic for preserving the dependence structure in

hedge fund returns.

Figures I and II present the results comparing fwer+ with the StepM and StepSPA

procedures, respectively. We find that StepM provides satisfactory FWER control across all

considered values of q, whereas StepSPA fails to do so. In addition, the fwer+ procedure

consistently achieves higher power than StepM.

IC. Informativeness of Covariates for Fund Selection

As discussed in Section 2.1, the fwer+ procedure assigns fund-specific rejection thresholds

according to the prior odds of the null hypothesis (see Equation (4)). Since the prior odds

are a strictly increasing transformation of the estimated prior null probability, π0(z), the two

measures induce identical rankings of funds. Consequently, lower values of π0(z) imply a

lower estimated probability that a fund is a zero-alpha fund and hence more lenient rejection

thresholds under fwer+.

Using the estimated prior null probabilities, we next assess the informativeness of the

covariates for fund selection under fwer+. For each covariate, funds are sorted into quartiles

within each estimation period according to the covariate values. The average estimated prior
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Figure I: Performance comparison: fwer+ versus StepM under varying average block lengths.
The figure compares the performance of the fwer+ procedure and the StepM procedure of Romano and Wolf
(2005) in terms of FWER control (top row) and statistical power (bottom row). The simulated data consist
of balanced panels with 1000 funds, each observed over 36 monthly periods.The simulated data consist of
balanced panels of 1000 funds, each with 36 monthly observations. From left to right, α takes values 0.5, 1.0,
and 1.5 (in %). The input covariates U and V used in the fwer+ procedure are moderately informative and
independent. The StepM procedure employs the stationary bootstrap with average block length parameter
q. We consider five block-length specifications q ∈ {1/12, 1/6, 1/3, 1/2}.

null probability is first computed within each quartile and estimation period, and Table I

reports the time-series average of these quartile means together with the difference between

the fourth and first quartiles (Q4−Q1). Covariates are ranked by the absolute value of this

difference. We interpret this absolute difference as a descriptive measure of the covariate’s

discriminatory ability. Larger absolute differences indicate that the covariate more effectively

separates funds assigned high and low estimated prior null probabilities and, consequently,

more differentiated rejection thresholds under the proposed fwer+ procedure.
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Figure II: Performance comparison: fwer+ versus StepSPA under varying average block
lengths. The figure compares the performance of the fwer+ procedure and the StepM procedure of Hsu
et al. (2010) in terms of FWER control (top row) and statistical power (bottom row). The simulated data
consist of balanced panels with 1000 funds, each observed over 36 monthly periods.The simulated data
consist of balanced panels of 1000 funds, each with 36 monthly observations. From left to right, α takes
values 0.5, 1.0, and 1.5 (in %). The input covariates U and V used in the fwer+ procedure are moderately
informative and independent. The StepSPA procedure employs the stationary bootstrap with average block
length parameter q. We consider five block-length specifications q ∈ {1/12, 1/6, 1/3, 1/2}.

Table I reveals substantial heterogeneity in the discriminatory ability of the covariates.

The Sharpe ratio exhibits the strongest pattern, with the average estimated prior null prob-

ability declining from 0.79 in the lowest quartile to 0.45 in the highest quartile. Similar

monotonic decreasing patterns are observed for fund size, cumulative return, equity market

uncertainty, and redemption notice period, whereas return volatility, idiosyncratic risk, and

six-factor model idiosyncratic risk display increasing patterns. These results suggest that

higher values of the former covariates are associated with lower estimated prior null prob-
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abilities, while higher values of the latter are associated with higher estimated prior null

probabilities.

Table I: Covariate information and estimated prior null probabilities. For each covariate, funds are
sorted into quartiles within each estimation period according to the covariate values. The average estimated
prior null probability, π0(z), is first computed within each quartile and estimation period, and the table
reports the time-series average of these quartile means. The final two columns report the difference between
the fourth and first quartiles (Q4−Q1) and its absolute value.

Mean π0(z) Differences in mean π0(z)
Covariate Q1 Q2 Q3 Q4 (Q4−Q1) |Q4−Q1|
Sharpe Ratio 0.79 0.74 0.65 0.45 -0.34 0.34
Fund Size 0.75 0.69 0.63 0.54 -0.21 0.21
Cumulative Return 0.78 0.69 0.59 0.57 -0.20 0.20
Return Volatility 0.53 0.66 0.71 0.72 0.19 0.19
Idiosyncratic Risk 0.55 0.66 0.70 0.71 0.16 0.16
Six-factor Model Idiosyncratic Risk 0.55 0.67 0.70 0.70 0.15 0.15
Redemption Notice Period 0.71 0.69 0.65 0.58 -0.13 0.13
Equity Market Uncertainty 0.72 0.68 0.62 0.60 -0.12 0.12
R-squared 0.61 0.65 0.67 0.69 0.08 0.08
Minimum Investment 0.69 0.68 0.64 0.61 -0.08 0.08
Economic Policy Uncertainty 0.70 0.66 0.62 0.64 -0.06 0.06
Liquidity Timing 0.69 0.66 0.64 0.64 -0.05 0.05
Lockup Period 0.67 0.66 0.66 0.63 -0.05 0.05
Management Fee 0.67 0.68 0.64 0.63 -0.04 0.04
Inflation 0.70 0.62 0.63 0.66 -0.04 0.04
Fund Age 0.64 0.65 0.66 0.68 0.04 0.04
Kurtosis 0.67 0.66 0.66 0.63 -0.03 0.03
Incentive Fee 0.66 0.68 0.65 0.63 -0.03 0.03
Term Spread 0.69 0.64 0.64 0.66 -0.03 0.03
Default Yield Spread 0.69 0.64 0.63 0.66 -0.03 0.03
Investor Sentiment Change 0.70 0.63 0.62 0.68 -0.03 0.03
Macro Risk 0.68 0.64 0.64 0.67 -0.01 0.01
Skewness 0.66 0.66 0.66 0.64 -0.01 0.01
High-Water Mark 0.66 0.66 0.65 0.65 -0.01 0.01

Several other covariates, including inflation, investor sentiment change, high-water mark,

macro risk, and management fee, exhibit relatively flat or non-monotonic patterns, indicating

limited discriminatory ability when considered individually. This does not imply that they

are uninformative in fwer+, however, since π0(z) is estimated from a multivariate model in

which covariates may contribute jointly with other variables. In addition, the quartile-based

analysis is less informative for binary or highly discrete covariates, such as High-Water Mark,
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where the limited number of distinct values restricts variation across quartiles.

ID. Performance of dimensionality reduction methods

Section shows that fwer+ identifies hedge funds that generate significant OOS alphas

when supplied with a rich set of informative covariates. However, the 24 covariates consid-

ered in this study are unlikely to provide entirely distinct information. Instead, many are

expected to capture overlapping aspects of fund performance, risk, managerial behaviour,

and macroeconomic conditions. This raises the question of whether the information rele-

vant for fwer+ can be summarized by a smaller number of latent factors without materially

reducing portfolio performance. To investigate this question, we replace the original covari-

ates with latent factors extracted using factor analysis and principal component analysis

(PCA), and compare the resulting portfolio performance with that obtained using the full

24-covariate specification.

This exercise serves two purposes. First, it provides an interpretability check by iden-

tifying which covariate groups are most strongly represented in the common information

structure. Second, it evaluates whether a small number of latent factors can preserve the

information content of the full set of covariates when used as inputs to fwer+. The aim

is to understand the economic content of the information that fwer+ uses when selecting

outperforming funds.

We start with factor analysis method which models the observed informative covariates

Z = (Z1, . . . , Zd) (standardized) as a linear combination of the unobserved m latent factors

fi, i = i . . . ,m, plus noise:

Z1 = l11f1 + . . .+ l1mfm + ϵ1

Z2 = l21f1 + . . .+ l2mfm + ϵ2
...

Zd = ld1f1 + . . .+ ldmfm + ϵd

(12)
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where ϵi is independent noise with zero mean and finite variance, and f ∼ N(0, Im) where

f = (f1, f2, . . . , fm)
′ is the column vector of the latent factors.

The number of latent factors is determined by the Kaiser–Guttman rule, which retains

only those factors associated with eigenvalues of the covariance matrix of the standardized

covariates greater than one (Kaiser, 1960).41 Across 24 years, the number of latent factors

varies from six to nine, with an average of eight, and the model (12) shows a good fit with

a Root Mean Square residual (RMS) from 0.02 to 0.04.42. Given the good fit of the factor

analysis model, it is of interest to investigate how the information in the covariates considered

is aggregated by the latent factors. For this purpose, we calculate the communality of each

standardized covariate Zj, which represents the proportion of its variance explained by the

common factors.

Specifically, model (12) implies that the part of Zj not explained by the factors is

Var(ϵj) = Var(Zj)− Var
( m∑

i=1

ljifi

)
= 1−

m∑
i=1

l2ji. (13)

Consequently, Zj is better explained by the factors when the quantity
∑m

i=1 l
2
ji, called the

communality, is higher. This communality quantifies the extent to which a covariate shares

information with the extracted latent factors. From a variance perspective, it represents

the proportion of the covariate’s variance attributable to a linear combination of the latent

factors.

Figure III shows the communality of each covariate over time. To construct this figure,

we calculate each covariate’s communality each time we conduct the factor analysis, from

41This quantitative approach is among the most commonly used in the literature (Goretzko et al., 2021).
The rationale for this criterion is that an eigenvalue represents the variance explained by a factor. Since
each covariate has a maximum variance of one, selecting factors with eigenvalues above one ensures that
each retained factor explains at least as much variance as a single covariate on average.

42RMS =

√∑d−1
i=1

∑d
j=i+1(rij−r̂ij)

2

d(d−1)/2 where rij and r̂ij are the observed correlation and the correlation

reproduced by the factor model of covariates Zi and Zj , respectively. As a rule of thumb, the model is a
good fit if the RMS is less than 0.05.
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the first portfolio formation at the end of 1999 to the final formation at the end of 2022. We

then rank the covariates by their average communality across years, from highest to lowest,

and display the results in a heat map.

Figure III: Covariate communalities over time. This figure reports the communality of each covariate
from the factor analysis conducted at each portfolio formation date, from 1999 to 2022. The communality
of a covariate is the proportion of its variance explained by the common latent factors, with values closer to
one indicating that the covariate is well explained by the common factor structure and values closer to zero
indicating that it contains more covariate-specific information.

Overall, 12 covariates have an average communality above 0.7. They range from the

idiosyncratic volatilities of the seven-factor and equity six-factor models of Bali and Weigert

(2024) to liquidity timing. These covariates include representatives from all four groups of

covariates listed in Table 1, with more than half coming from macroeconomic covariates (7),

followed by managerial skill (2), past return-based covariates (2), and fund characteristics

(1).43 In contrast, the bottom panel of the figure shows covariates that are least explained

43The macroeconomic covariates include the Economic Policy Uncertainty Index, Macro Risk, Equity
Market Uncertainty, Default Yield Spread, Term Spread, Inflation and Liquidity Timing. The managerial
skill covariates include the Idiosyncratic Risks of the seven-factor model of Fung and Hsieh (2004) and the
six-factor model of Bali and Weigert (2024). The past return-based covariates include the Cumulative Return
and Return Volatility, while the fund characteristics include the Incentive Fee.
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by the latent factors. In our context, these covariates are less represented in the latent-factor

specification, indicating that their information is more idiosyncratic and not fully captured

by the common factors. Notably, most of them are fund characteristics (7), followed by past

return-based (3), managerial skill (1), and macroeconomic covariates (1).44

Our findings suggest that the ability to identify future outperformers is not driven only by

past returns or static fund characteristics. Instead, it is closely connected to how funds are

exposed to, and potentially respond to, changing economic conditions. At the same time, the

fact that the full 24-covariate specification performs better than the latent-factor specification

suggests (to be discussed below) that fwer+ benefits from both common information across

covariates and idiosyncratic information contained in individual variables.

Table II presents the performance of the FWERτ portfolios constructed from funds se-

lected by the fwer+ procedure using latent factors extracted from the full set of 24 covariates

across different FWER target levels. Thereby, when forming portfolios at the end of each

year from 1999 onward, we compute latent factors from 24 covariates and use these factors

as new covariates. The number of latent factors is determined by the Kaiser–Guttman rule,

which retains only those factors associated with eigenvalues of the covariance matrix of the

standardized covariates greater than one (Kaiser, 1960).45

Compared with the results obtained using all 24 covariates directly (reported in Panel B

of Table 2), the portfolios based on the latent factors generate lower OOS alphas and excess

returns. These results suggest that a small number of latent factors cannot fully capture the

information contained in the original covariates, implying that covariate-specific information

44The fund characteristics include the Redemption Notice Period, Lockup Period, Management Fee, Fund
Size, Fund Age, High-Water Mark and Minimum Investment. The past return-based covariates include the
Sharpe Ratio, Skewness and Kurtosis. The managerial skill covariate includes the R-square of the seven-
factor model, while the macroceonomic covariate includes the Investor Sentiment Change.

45This quantitative approach is among the most commonly used in the literature (Goretzko et al., 2021).
The rationale for this criterion is that an eigenvalue represents the variance explained by a factor. Since
each covariate has a maximum variance of one, selecting factors with eigenvalues above one ensures that
each retained factor explains at least as much variance as a single covariate on average.
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Table II: Performance of the FWERτ portfolios using factor analysis. This table reports the
OOS performance of FWERτ portfolios constructed from funds selected by the fwer+ procedure using
latent factors extracted from the full set of 24 covariates. At each portfolio formation date, latent factors
are obtained via factor analysis and used as new covariates in the fwer+ procedure. The number of latent
factors is selected using the Kaiser–Guttman rule. Portfolio performance is reported across FWER target
levels τ ∈ {0.1%, 0.5%, 1%, 5%}. The table reports the annualized Fung and Hsieh (2004) seven-factor
alpha, the corresponding Newey–West t-statistic, the annualized excess return, and portfolio-size summary
statistics. The portfolio-size summary reports the average, minimum, and maximum number of funds held
in the portfolio, as well as the percentage of OOS years in which the portfolio is empty.

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio size summary
Average Min Max Empty rate (%)

0.1 4.7 4.6 5.2 20 0 47 4
0.5 3.8 3.3 4.7 28 0 68 4
1.0 3.6 2.9 4.6 32 0 76 4
5.0 3.2 2.7 4.2 46 0 112 4

also contributes to the performance of fwer+.

Similarly, instead of the latent factors from factor analysis, we use principal components

extracted from principal component analysis as the input covariates. Table III reports the

OOS performance of the resulting FWERτ portfolios. Although the principal-component

specification performs slightly better than the latent-factor specification, it still underper-

forms the full 24-covariate specification. Taken together, these findings suggest that fwer+

benefits from exploiting both the common information shared across covariates and their

covariate-specific information.

IE. Covariates Screening using Statistical Test of Informativeness

Including uninformative covariates also adds noise to the estimation process. It might

therefore be useful to test whether a covariate provides meaningful information. In this

section, we introduce the omnibus test developed by Huang et al. (2020). This test assesses

the dependence between a covariate and the p-value through a permutation-based approach.

Specifically, the test computes a sample statistic by categorizing both the p-values and the

covariate into groups to measure their dependence. To obtain the sample statistic, a simple

test such as the Chi-square test for dependence between the two newly categorized variables

12



Table III: Performance of the FWERτ portfolios using principal components as covariates.
This table reports the OOS performance of FWERτ portfolios constructed from funds selected by the fwer+

procedure using principal components extracted from the full set of 24 covariates. At each portfolio formation
date, principal components are obtained from the standardized covariates and used as new covariates in the
fwer+ procedure. The number of retained principal components is selected using the Kaiser–Guttman rule.
Portfolio performance is reported across FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}. The table reports
the annualized Fung and Hsieh (2004) seven-factor alpha, the corresponding Newey–West t-statistic, the
annualized excess return, and portfolio-size summary statistics. The portfolio-size summary reports the
average, minimum, and maximum number of funds held in the portfolio.

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio size summary
Average Min Max

0.1 5.5 6.2 5.6 17 1 53
0.5 5.3 6.3 5.4 21 1 65
1.0 5.0 5.4 5.2 25 1 77
5.0 5.0 5.4 5.3 33 1 100

is used. It then resamples the hypotheses without replacement to generate a distribution of

test statistics under the null. The p-value of the omnibus test is obtained by comparing the

observed statistic with this resampling distribution.

At the end of each year from 1999 to 2022, we construct portfolios to invest in the

following year using a three-step testing procedure. First, we test the informativeness of

the twenty-four considered covariates. Second, since we conduct multiple omnibus tests,

one for each covariate, we need to correct for multiple testing when selecting the significant

informative covariates. Given the small number of tests (a maximum of 24), we apply the

procedure of Holm (1979), known as the Holm procedure.46 Third, we perform the fwer+

procedure using the informative covariate(s) selected by the Holm procedure to detect truly

outperforming funds. We invest equally in this set of selected funds in the following year and

record the return. We roll forward the three-step procedure until 2022 to select the funds

46Given the small number of tests, two appropriate procedures can be adopted, including those of Bon-
ferroni (1936) and Holm (1979). To control FWER at a target τ , the Bonferroni (1936) procedure simply
uses a fixed p-value threshold, τ/M , for all tests, where M is the number of tests. The Holm procedure,
which first sorts the p-values in increasing order, p1 ≤ p2 ≤ . . . ≤ pM , then rejects a null hypothesis i if
pi ≤ τ/(M − i+1). The latter is more powerful and is thus used. Results using the procedure of Bonferroni
(1936) are similar and are available upon request.
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invested in 2023.

We exhibit the OOS performance of the new FWERτ portfolios in Table IV. The table

present the results for portfolios where informative covariates are selected using the Holm

procedure with FWER controlled at 1%. We consider a range of τ values from 0.1% to

5%. We find that all resulting portfolios deliver positive and statistically significant alphas,

ranging from 5.3% to 5.5%. Compared to Panels A and B of Table 2, the gains are higher

than those of the average of the portfolios using individual covariates but lower than those

of the one using all covariates.

Table IV: OOS performance of FWERτ portfolios using significantly informative covariates.
The table reports OOS performance metrics of the FWERτ portfolios constructed using significantly in-
formative covariates identified by the omnibus test. Informative covariates are selected using the Holm
procedure with FWER controlled at 1%. Portfolio performance is reported across FWER target levels
τ ∈ {0.1%, 0.5%, 1%, 5%}. The table reports the annualized Fung and Hsieh (2004) seven-factor alpha, the
corresponding Newey–West t-statistic, the annualized excess return, and portfolio-size summary statistics.
The portfolio-size summary reports the average, minimum, and maximum number of funds held in the
portfolio.

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio size summary
Average Min Max

0.1 5.5 6.6 6.0 24 2 60
0.5 5.4 5.7 6.0 32 2 78
1.0 5.4 5.3 6.0 36 2 92
5.0 5.3 5.4 5.9 49 2 134

IF. Boosting the Informativeness of Covariates via Machine Learning

In this section, we investigate whether the informativeness of covariates can be enhanced

using machine learning techniques. The main idea is to generate new covariates that better

target the future expected returns of funds. Specifically, we first employ machine learning

models to predict the predict the future alphas of funds and then use these predicted alphas

as new covariates. We consider four well-known machine learning models: the least absolute

shrinkage and selection operator (LASSO; Tibshirani 1996), random forest (RF; Breiman
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2001), stochastic gradient boosting (GB; Friedman 2002), and deep neural network (DNN;

LeCun et al. 2015).

Formally, the relationship between the fund’s future alpha over the period t+1, . . . , t+h

and the covariate information available at the end of month t can be modelled as

α̃i,t→t+h = ft(Xi,t) + ϵ̃i,t, (14)

where α̃i,t→t+h is the seven-factor alpha of fund i calculated using returns from month t+ 1

to t+ h, Xi,t denotes the realized covariates of fund i measured at the end of month t, ft is

an unknown function capturing the relationship between Xi,t and the future alpha α̃i,t→t+h,

and ϵ̃i,t is the noise term.

Consistent with the choice of our IS horizon and rolling window, to predict the alpha

over the period from month t+ 1 to t+ 12 for some t, we use data from the previous three

years ending at month t to train the model (14) and generate predictions. Specifically, we

train the model using the target variable α̃i,k→k+12 and features Xi,k for k = t − 36, t − 24,

and t − 12, all calculated within the IS period. Then, we apply the trained model to the

features Xi,t observed at the end of month t to obtain the predicted alpha over the period

t+ 1 to t+ 12. 47

Aligned with our baseline portfolios, the first predicted alpha corresponds to the year

1999. This predicted alpha, computed using data up to December 1999, is used as an input

covariate in the fwer+ procedure to select funds for investment in the year 2000.48 We then

roll the sample forward and rebalance the portfolios annually, following the same procedure

as for the FWERτ portfolios described in Section 6 of the main manuscript.

Table V reports the OOS performance of the FWERτ portfolios using the predicted

alphas from each machine learning model as a covariate. We find that these portfolios

47We follow Wu et al. (2021) in tuning the hyperparameters of the models.
48To obtain the first predicted alpha at the end of 1999, we extend the data back to January 1995 to

calculate the input covariates required for training the machine learning model.
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Table V: OOS performance of FWERτ portfolios using machine learning-based covariates. This
table reports the OOS performance of fwer+ portfolios constructed using machine-learning-based covariates
across FWER target levels τ ∈ {0.1%, 0.5%, 1%, 5%}. The covariates are one-year-ahead predicted alphas
generated from LASSO (Panel A), gradient boosting (GB; Panel B), random forest (RF; Panel C), and deep
neural network (DNN; Panel D) models. Panel E reports the performance of fwer+ portfolios using all four
machine-learning-based covariates jointly. Portfolio alphas are estimated using the Fung and Hsieh (2004)
seven-factor model. Monthly returns and alphas are annualized. Newey–West t-statistics are reported in the
“t-statistic” column. The portfolio-size summary reports the average, minimum, and maximum number of
funds held in the portfolio, together with the empty rate, defined as the percentage of OOS years in which
the portfolio is empty.

τ (%) FH Alpha (%) t-statistic Excess Return (%) Portfolio size summary
Average Min Max Empty rate (%)

Panel A: FWERτ with the covariate using LASSO
0.1 3.9 5.5 4.3 13 2 34 0
0.5 4.4 6.3 4.8 17 3 41 0
1.0 4.3 5.8 4.7 20 5 46 0
5.0 3.8 5.0 4.3 26 7 61 0

Panel B: FWERτ with the covariate using GB model
0.1 4.0 3.7 4.8 12 0 34 8
0.5 4.4 4.1 5.2 15 0 43 8
1.0 4.6 4.3 5.4 18 0 46 8
5.0 4.6 4.6 5.3 23 0 61 8

Panel C: FWERτ with the covariate using RF model
0.1 5.4 4.6 5.9 13 0 34 4
0.5 4.9 3.9 5.5 16 0 41 2
1.0 5.0 3.8 5.6 18 0 46 2
5.0 4.4 3.4 5.1 24 0 61 2

Panel D: FWERτ with the covariate using DNN model
0.1 4.1 4.8 4.3 12 1 34 0
0.5 3.7 3.7 4.1 16 1 41 0
1.0 3.8 3.9 4.1 18 1 45 0
5.0 3.6 3.7 4.1 25 1 62 0

Panel E: FWERτ with use of all covariates generated by the four models
0.1 5.4 6.6 5.5 12 0 36 8
0.5 5.3 6.6 5.7 15 0 44 4
1.0 5.2 6.4 5.5 17 0 46 4
5.0 5.0 6.1 5.4 22 0 61 4

perform generally similarly to the average of the underlying individual ones. When all four

machine learning-based covariates are used simultaneously, the performance is improved but

underperforms the one obtained from using all 24 underlying covariates directly.
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