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SUMMARY

This dissertation is composed of four self-contained chapters, where the common

object of interest is institutional investing.

Chapter 1, Mutual Fund Selection for Realistically Short Samples1 (joint with

Charlotte Christiansen and Niels Strange Grønborg) investigates how well popular

mutual fund selection methods detect groups of skilled, unskilled, and zero-alpha

funds in realistically short samples. We consider seven fund selection methods which

include: a benchmark four-factor model by Carhart (1997) with and without a Bonfer-

roni correction, two bootstrap methods by Kosowski, Timmermann, Wermers and

White (2006) and Fama and French (2010), two false discovery rate methods by Barras,

Scaillet and Wermers (2010) and Ferson and Chen (2015), and a structural model

method by Harvey and Liu (2018). We carry out an extensive simulation study and

find evidence of large performance differences across the seven selection methods

in both short and long sample settings. We show that the performance differences

documented by the simulation study carry over to an empirical application on a

sample of U.S. mutual funds. This shows that our simulation study is empirically

relevant.

Chapter 2, Active Risk Management and Mutual Fund Flows studies the role of

active risk management in a sample of U.S. mutual funds. Given the multitude of

actively managed mutual funds, fund managers fiercely compete to attract investor

flows. In this regard, it is important to identify fund features which are rewarded with

investor flows. The academic mutual fund literature documents that investors pri-

marily base their investment decision on past fund performance (e.g., Chevalier and

Ellison (1997), Sirri and Tufano (1998), Fant and O’Neal (2000), and Huang, Wei and

Yan (2007)). In addition to fund performance, this chapter investigates which of five

competing risk measures: standard deviation, lower semi deviation, Value-at-Risk,

expected shortfall, and tail risk, best explain the variation in future fund flows. First, I

find that investors have an aversion towards quantile risk measures such as Value-

at-Risk and expected shortfall. This finding is consistent with loss averse investor

1Published in Journal of Empirical Finance 55 (2020), 218-240.
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preferences proposed in Kahneman and Tversky (1979) and Gul (1991). Second, I

document that the relation between future fund flows and quantile risk is related

to investor clienteles, time-varying risk aversion, size, and age. Finally, via a panel

regression method similar to Barber, Huang and Odean (2016), I document that the

best predictor of fund flows is the risk measure Value-at-Risk.

Chapter 3, Hedge Fund Selection: Best Athletes or Portfolio Gains? (joint with Niels

Strange Grønborg, Juha Joenväärä, and Allan Timmermann) examines the possibil-

ity of identifying superior hedge funds ex-ante. Using a consolidated hedge fund

database introduced in Joenväärä, Kauppila, Kosowski and Tolonen (2020), we find

that the fund confidence set (FCS) approach by Grønborg, Lunde, Timmermann

and Wermers (2020) is able to identify funds with substantially higher risk-adjusted

returns than benchmark methods proposed in the literature (see e.g., Kosowski, Naik

and Teo (2007), Titman and Tiu (2010), Avramov, Kosowski, Naik and Teo (2011), and

Sun, Wang and Zheng (2012)). In a separate portfolio analysis, we investigate the in-

clusion rate of the superior FCS portfolio in combination with a static 60% stock and

40% bond portfolio. When we set the objective to maximize the risk-adjusted return

of the augmented portfolio, the augmented portfolio should allocate 80%-100% of

available capital to the superior FCS portfolio. This finding is particularly relevant for

pension funds which currently face the prospect of a prolonged period of low interest

rates.

Chapter 4, Betting on Mean-Reversion in the VIX? Evidence from the Revealed

Preferences of Investors (joint with Anders Merrild Posselt) evaluates the ability of

different asset pricing models to explain investor flows into exchange traded products

(ETPs) related to the CBOE Volatility Index (VIX). The ETPs are often promoted as

tools for portfolio diversification, as they offer protection against down markets

when market volatility is high. However, due to the constant maturity strategy of

the ETPs, the cost of owning VIX ETPs is too large to be offset during periods with

elevated market volatility (e.g., Whaley (2013), Alexander, Korovilas and Kapraun

(2016), Bordonado, Molnár and Samdal (2017), and Berkowitz and DeLisle (2018)).

This chapter provides a first investigation of flows into VIX ETPs. We document that

investors, on aggregate, do not consider systematic risks related to the ETPs when

they evaluate their performance. Instead, the ETPs are used to speculate in the mean-

reverting nature of the VIX. We document that speculations in the mean-reverting

nature of the VIX are amplified when the speed of mean reversion of the VIX is high.

In an event study, we document that investor flows in ETPs are large and negative

when the VIX “spikes”. Finally, we provide evidence that the investor behavior in VIX

ETPs is a very likely explanation for the “low premium response puzzle” in the VIX

premium documented by Cheng (2019).
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DANISH SUMMARY

Denne afhandling består af fire selvstændige kapitler. Fælles for de fire kapitler er at

de omhandler institutionel investering.

Kapitel 1, Mutual Fund Selection for Realistically Short Samples1 (fælles med

Charlotte Christiansen og Niels Strange Grønborg) undersøger, hvordan populære

investeringsfonds selektionsmetoder identificerer grupper af dygtige, dårlige, og nul-

alpha fonde i realistisk korte stikprøver. Vi betrager syv forskellige selektionsmetoder:

en benchmark metode af Carhart (1997) med og uden en Bonferroni korrektion, to

bootstrap metoder af henholdsvis Kosowski et al. (2006) og Fama and French (2010),

to false discovery rate metoder af henholdsvis Barras et al. (2010) og Ferson and

Chen (2015), og én strukturel model metode af Harvey and Liu (2018). Vi udfører et

omfattende simulationsstudie, og finder store forskelle imellem metodernes evner til

at identificere grupper af fonde i både korte og lange stikprøver. Vi viser, at de samme

forskelle gør sig gældende i en empirisk undersøgelse på en stikprøve bestående af

amerikanske investeringsfonde. Dette viser at vores simulationsstudie er empirisk

relevant.

Kapitel 2, Active Risk Management and Mutual Fund Flows betragter effekten

af aktiv risikostyring i amerikanske investeringsfonde. Grundet stor mangfoldighed

iblandt amerikanske investeringsfonde, da konkurrerer porteføljeforvaltere indædt

om at tiltrække investorernes midler. I denne henseende er det vigtigt for den enkelte

forvalter at identificere de egenskaber, som investorerne belønner med ekstra pen-

gestrømme. Den akademiske fonds litteratur dokumenterer, at investorer primært

baserer deres investeringsbeslutning på baggrund af fondes ydeevne (se eksempelvist

Chevalier and Ellison (1997), Sirri and Tufano (1998), Fant and O’Neal (2000), og

Huang et al. (2007)). Dette kapitel undersøger hvilke af fem konkurrerende risikomål:

standard afvigelse, nedre semi-afvigelse, Value-at-Risk, expected shortfall, og hale risi-

ko, der udover fondenes ydeevne bedst forklarer investorernes pengestrømme. Først

finder jeg at investorer har en aversion mod fraktil risikomål såsom Value-at-Risk

og expected shortfall. Denne konklusion stemmer overens med tabsaverse investor

1Publiceret i Journal of Empirical Finance 55 (2020), 218-240.
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præferencer som foreslået af Kahneman and Tversky (1979) og Gul (1991). For det

andet dokumenterer jeg, at relationen mellem investorers fremtidige pengestrømme

og fraktil risiko er relateret til investor klientel, tidsvarierende risikoaversion, størrelse

og alder. Til slut viser jeg med en panel regressions metode fra Barber et al. (2016), at

det bedste risikomål til at forudsige investorers fremtidige pengestrømme er Value-

at-Risk.

Kapitel 3, Hedge Fund Selection: Best Athletes or Portfolio Gains? (fælles med Niels

Strange Grønborg, Juha Joenväärä, og Allan Timmermann) undersøger muligheden

for at identificere overlegne hedge fonde ex-ante. Ved brug af en konsoldieret data-

base introduceret i Joenväärä et al. (2020), finder vi, at “fund confidence set” (FCS)

metoden af Grønborg et al. (2020) er i stand til at identificere fonde med væsentligt

højere risikojusteret afkast end eksisterende benchmark metoder (se eksempelvist

Kosowski et al. (2007), Titman and Tiu (2010), Avramov et al. (2011), og Sun et al.

(2012)). I en separat portefølje analyse undersøger vi inklusionsraten af den overlegne

FCS portefølje i kombination med en statisk 60% aktie og 40% obligations portefølje.

Når vores objektiv er at maksimere det risikojusterede afkast af den overordnede

portefølje da skal 80%-100% af den tilgængelige kapital allokeres til den overlegne

FCS portefølje. Dette resultat er relevant for pensionsfonde, der i øjeblikket står over

for udsigten til en periode med lave renter.

Kapitel 4, Betting on Mean-Reversion in the VIX? Evidence from the Revealed

Preferences of Investors (fælles med Anders Merrild Posselt) evaluerer forskellige ka-

pital prisfastsættelses modellers evner til at forklare pengestrømme i børshandlede

produkter relateret til CBOEs Volatility Index (VIX). Produkterne fremhæves ofte

som instrumenter til portefølje diversifikation, da de beskytter mod nedadgående

markeder, hvor markedsvolatilitet er høj. Dog er omkostningerne store ved at eje

produkterne, da de følger en strategi med konstant restløbetid. Derfor finder tidligere

studier, at omkostningen ved at eje produkterne er for stor til at kunne opvejes i

perioder med høj markedsvolatilitet (se eksempelvist Whaley (2013), Alexander et al.

(2016), Bordonado et al. (2017), og Berkowitz and DeLisle (2018)). Dette kapitel bidra-

ger med den første undersøgelse af pengestrømme i børshandlede VIX produkter. Vi

dokumenterer, at investorer, i gennemsnit, ikke tager højde for systematisk risiko, når

de evaluerer produkternes ydeevne. I stedet anvendes produkterne til spekulation i

den tilbagevendende adfærd af VIX. Vi dokumenterer ligeldes, at spekulation i denne

tilbagevendende adfærd er forstærket, når halveringstiden i VIX er kort. I et event stu-

die dokumenterer vi, at investorernes pengestrømme i børshandlede VIX produkter

er store og negative, når VIX stiger kraftigt og pludseligt. Til slut viser vi, at investor

adfærden i produkterne er en sandsynlig forklaring på det fænomen i VIX-præmien

der kaldes “low premium response puzzle” dokumenteret i Cheng (2019).
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Abstract

Performance of mutual fund selection methods is typically assessed using long sam-

ples (long time series). We investigate how well the methods perform in shorter

samples. We carry out an extensive simulation study based on empirically motivated

skill distributions. For both short and long samples, we present evidence of large

differences in performance between popular fund selection methods. In an empirical

analysis, we show that the differences documented by the simulations are empirically

relevant.
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2 CHAPTER 1. MUTUAL FUND SELECTION FOR REALISTICALLY SHORT SAMPLES

1.1 Introduction

How to select the best performing mutual funds ex-ante is a long standing problem

for practitioners and academics alike. The problem is of immense interest not only

because of the size of the mutual fund industry, but also because the selection of the

best mutual funds has real welfare implications for individual investors. The academic

literature on mutual fund selection generally documents impressive properties for

long sample periods. However, investors may not be interested in historic fund

performance, but rather in recent performance. Similarly, researchers routinely apply

the fund selection methods on shorter rolling windows in order to analyze the time

series dynamics of fund performance. This is especially relevant if fund managers

change their style and sector exposures over time. Furthermore, there is no guarantee

that the methods, that perform best in large samples are also the ones that perform

best in small samples. For these reasons, it is very important to understand how fund

selection methods perform in small samples and to compare the performance of the

various methods when used in short sample periods.

The contribution of this paper is to provide a first comparison of how various pop-

ular fund selection methods work and ask whether there are material differences in

performance between various fund selection methods for realistically small samples.

The literature on fund selection is extensive, see e.g. Bollen and Busse (2004),

Avramov and Wermers (2006), Mamaysky, Spiegel and Zhang (2008), Guercio and

Reuter (2014), Grønborg, Lunde, Timmermann and Wermers (2019), and the survey

of Jones and Wermers (2010). Previous literature evaluate different mutual fund

selection methods based on fairly large samples compared to what we do in this

paper. Barras et al. (2010) use a sample of 32 years, Ferson and Chen (2015) use a

sample of 17 years, while Harvey and Liu (2018) use a sample of 27 years in their

simulation studies. Andrikogiannopoulou and Papakonstantinou (2019) show that

the analysis in Barras et al. (2010) is overly conservative using simulation studies

based on samples of at least 15 years of monthly observations.

The methods we compare are in the spirit of Carhart (1997). Our paper is con-

cerned with fund selection methods that rely on traditional alphas, which has long

been a popular performance measure. The method of Carhart (1997) compares fund

returns, net of transaction costs and management fees, to a set of benchmark port-

folios that mimic systematic risk exposures. In this framework, the value a fund

manager adds per period to the investor is net alpha multiplied by the size of the

investment.1 The mutual fund literature has shown that the prediction of alpha

is related to various fund characteristics. These characteristics include: fund size

(Chen, Hong, Huang and Kubik (2004)), industry concentration (Kacperczyk, Sialm

1A different approach has recently been suggested by Berk and van Binsbergen (2015). Their measure
of fund manager skill is defined as a funds’ assets under management multiplied by gross alpha. This
measure differs from the net-alpha approach, as it measures the value a fund manager extracts from
capital markets.
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and Zheng (2005)), return gap (Kacperczyk, Sialm and Zheng (2008)), active share

(Cremers and Petajisto (2009)), coefficient of determination (Amihud and Goyenko

(2013)), and a time-varying skill index (Kacperczyk, Nieuwerburgh and Veldkamp

(2014)). Furthermore, a recent paper by Uppal and Zaffaroni (2016) shows that the

alpha component of mispricing is a lot more important than the beta component

of asset mispricing. The focus on traditional alpha measures is not without issues.

Ferson and Lin (2014) argue that shortcomings with traditional alphas can be caused

by a number of reasons such as asymmetric information between fund managers

and investors, nonlinear payoffs, time-varying model parameters, and market in-

completeness. These problems may imply that some covariance terms between fund

returns and the pricing kernel are excluded from a traditional benchmark model (see

e.g. Glode (2011)). Although problems with traditional alpha measures have been

documented they remain widely used.

The first class of models that we consider is the relatively simple bootstrap pro-

cedures of Kosowski et al. (2006) and Fama and French (2010). The second class is

the false discovery rate methods of Barras et al. (2010) and Ferson and Chen (2015).

Finally, we consider the novel expectation maximization approach of Harvey and Liu

(2018) as the third class of selection methods.

The fund selection methods we consider have been designed with considerably

different objectives in mind. Despite this, we focus on how well the methods identify

subgroups of funds with different performance levels. As a consequence, we may

evaluate the methods in ways that differ from how they were originally intended.

Therefore, our study does not provide any critique of the theoretical properties of the

methods.

To asses the small sample performance of fund selection methods, we set up an

extensive simulation study, where funds are drawn from a continuous skill distribu-

tion, the Gaussian Mixture Distribution (GMD), which allows us to construct three

groups of funds with bad performance, neutral performance, and good performance,

respectively. The continuous skill distribution poses realistic challenges in identifying

which distribution a fund is drawn from. For example, the distribution of funds with

neutral performance overlaps with the distribution of funds with good performance.

The parameters of the GMD skill distribution are chosen based on a comprehensive

empirical analysis of US equity mutual funds. In order to provide further reconcilia-

tion of the different objectives across selection methods, we also evaluate the small

sample performance of the fund selection methods with an approximately discrete

skill distribution. For this distribution, the standard deviation within each skill group

is very low.

We uncover several interesting findings. Firstly, we document large differences

in performance between the different fund selection methodologies when applied

to small samples of 60 monthly observations. Due to the diversity of the selection

methods, we make a feasible model comparison based on estimates of the propor-
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tions of funds with bad, neutral, and good performance, respectively. Specifically,

we report the performance of each selection method in terms of bias, root mean

square error (RMSE), and coverage probability (CP) of its simulated proportion esti-

mates. Secondly, we find that the simple bootstrap methods and the false discovery

rate methods outperform the advanced expectation maximization method for small

samples. We find that the bootstrap methods of Kosowski et al. (2006) and Fama and

French (2010) and the false discovery rate method of Ferson and Chen (2015) have

the most attractive properties for realistically short sample periods.

After presenting results for the small sample simulation study, we compare these

to the corresponding large sample simulation study. We find large variations in

performance across different methods and also large differences compared to the

small sample setting. Therefore, inference on small sample performance based on

large sample simulations can be misleading. The Fama and French (2010), Ferson

and Chen (2015), and Barras et al. (2010) methods have the most attractive properties

for long sample periods.

Our simulation results are robust to using different significance levels as well as

to using the approximately discrete skill distribution instead of the continuous skill

distribution.

Lastly, we conduct an empirical analysis, where we apply each of the seven fund

selection methodologies to a series of subsamples. In line with our simulation study,

we show that the different approaches lead to very different results. The Barras et al.

(2010) model finds that most of the funds have neutral performance. The methods

of Kosowski et al. (2006), Fama and French (2010), and Ferson and Chen (2015) find

that most of the funds are unskilled. The method of Harvey and Liu (2018) finds only

unskilled funds.

The remainder of this paper is structured as follows. Section 1.2 presents the

different fund selection methods in detail. Section 1.3 describes our data set. In

Section 1.4, we set up our simulation framework and present the main results for the

simulation study. Section 1.5 is devoted to an empirical comparison of the analyzed

methods, while some concluding remarks are presented in Section 1.6. Various details

are delegated to the Appendix.

1.2 Mutual Fund Selection Methods

This section presents the mutual fund selection methods. In Section 1.2.1, we intro-

duce mutual fund selection methods, then we present our benchmark method in

Section 1.2.2. Section 1.2.3 presents the bootstrap methods, Section 1.2.4 presents the

methods based on the false discovery rate, and Section 1.2.5 presents the structural

modeling approach based on the expectation maximization algorithm. Section 1.2.6

highlights the different objective functions of the various fund selection methodolo-

gies.
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1.2.1 Introduction

A common feature for existing mutual fund selection methods is the assumption that

the true skills of mutual fund managers are drawn from different skill distributions or

groups. In line with most of the literature, we define different skill groups based on the

ability of fund managers to generate net alpha, α. Net alpha is defined as the excess

return (above the risk-free rate) generated by a fund after controlling for common

risk factors and fees.2 We consider skilled fund managers, unskilled fund managers,

and neutral (zero-alpha) fund managers, and rely on the following definition of the

three skill groups:

• Skilled fund managers have sufficient stock-picking skills to more than recover

trading costs and expenses (α> 0).

• Unskilled fund managers have insufficient stock-picking skills to recover trad-

ing costs and expenses (α< 0).

• Zero-alpha fund managers have stock-picking skills just sufficient to recover

trading costs and expenses (α= 0).

We assume that each group has its own skill distribution such that the skill for

all funds is a composite distribution. We label the fractions of skilled, unskilled, and

zero-alpha funds by π+, π−, and π0, respectively.

The continuous composite skill distribution for all funds is illustrated in Figure 1.1.

The figure shows a Gaussian Mixture Distribution (GMD) for three unobserved skill

distributions with π+ = 11%, π− = 59%, π0 = 30%. The parameters of the continuous

GMD are determined by the empirical properties of our data set of US equity mutual

funds, cf. Section 1.3. Furthermore, the figure depicts fund groups with different

annualized means, αs , and standard deviations, σs , for s =+,−,0.3

Due to the unobserved nature of the true underlying fund manager skills, the

composite skill distribution poses a major challenge with respect to inference on

the cross-section of fund alphas. That is, as the three underlying skill distributions

overlap for some values of alpha, a fund selection method can wrongfully perceive a

fund from the zero-alpha group as skilled. In the more extreme case, a mutual fund

selection method can even perceive a truly skilled fund as unskilled.4 The accuracy

by which a method identifies true skill is essential for inference about mutual fund

performance and selection.

A concern with the continuous skill distribution in Figure 1.1 is that we, by con-

struction, assume zero probability mass for funds located at α = 0%. This is prob-

2The net alphas are estimated from an asset pricing model such as the Carhart (1997) four-factor
model. More details about how we estimate the alphas in the benchmark model follow in Section 1.2.2.

3 The GMD is characterized by the annualized mean parameters α+ = 1.32%, α− = −1.77%, and
α0 = 0%, and the annualized standard deviations σ+ = 0.38%, σ− = 0.61%, and σ0 = 0.50%.

4Barras et al. (2010) assume that the two extreme distributions do not overlap, whereas Ferson and
Chen (2015) solve the problem by introducing power and confusion parameters.
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Figure 1.1: Continuous Distribution of Mutual Fund Manager Skill

This figure shows the unobserved alpha-distributions for skilled, unskilled, and zero-alpha funds (solid
red, blue, and green lines respectively), and the composite distribution of all mutual fund alphas, (dashed
black line). The figure shows the underlying fund alpha distributions and resulting composite distribution
used in the simulation study. The distributions are characterized by the following parameter values, which
are obtained from empirical data: π+ = 11% , π− = 59%, π0 = 30%; α+ = 1.32%, α− =−1.77%, α0 = 0%;
σ+ = 0.38%, σ− = 0.61%, and σ0 = 0.50%. The α’s and σ’s are stated with their annualized values.
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lematic for selection methods that assume that all funds are zero-alpha funds under

their null hypothesis. The obvious fix to this problem is to consider a discrete skill

distribution, where the standard deviation parameters for the three skill groups are

set to zero. This is not feasible in our analysis, however, as the method of Harvey and

Liu (2018) requires the underlying skill distribution to be continuous. Instead we

consider an approximately discrete skill distribution.5 In the discrete skill distribution

we use the same parameters as in the continuous skill distribution, except that we

change the standard deviations to be close to zero.6 We illustrate the new discrete

skill distribution in Figure 1.2.

From Figure 1.2, we note that the skill groups no longer overlap. An additional

reason for considering a non-overlapping discrete skill distribution is that the fund

selection methods we consider estimate the fractions of skilled, unskilled, and zero-

alpha funds very differently. For example, our continuous GMD specification in

Figure 1.1 can generate a fund from the zero-alpha group with a small positive alpha.

5We are thankful to an anonymous referee for suggesting this specification.
6The approximately discrete GMD is characterised by the following parameters: π+ = 11% , π− = 59%,

π0 = 30%; α+ = 1.32%, α− =−1.77%, α0 = 0%; σ+ = 0.01%, σ− = 0.01% and σ0 = 0.01%.



1.2. MUTUAL FUND SELECTION METHODS 7

Figure 1.2: Approximately Discrete Distribution of Mutual Fund Manager Skill

This figure shows the unobserved alpha-distributions for skilled, unskilled, and zero-alpha funds (solid
red, blue, and green lines respectively). The distributions are characterized by the following parameter
values: π+ = 0.11 , π− = 0.59, π0 = 0.30; α+ = 1.32%, α− =−1.77%, α0 = 0%; σ+ = 0.01%, σ− = 0.01%, and
σ0 = 0.01%. The α’s and σ’s are stated with their annualized values.
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This is not the case for the discrete distribution and it will help us understand, to

what extent the performance of the different methods is affected by overlapping skill

distributions.

1.2.2 Benchmark Model

We define risk-adjusted performance (alpha) in terms of the extension of Jensen

(1968) and Fama and French (1993) introduced by Carhart (1997). The four-factor

model is expressed as

Ri ,t =αi +bi Rm,t + si SMBt +hi HMLt +mi MOMt +εi ,t

=αi +β′
i X t +εi ,t , (1.1)

where Ri ,t is fund manager i’s excess return in period t over the one-month Treasury

bill rate, Rm,t is the excess return of the market index and SMBt , HMLt , and MOMt
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are the returns of factor portfolios related to size, book-to-market, and momentum,

respectively. βi is a vector of bi , si , hi , and mi and X t is a vector of the four common

risk factors at time t . εi ,t is fund i ’s idiosyncratic return residual at time t , which is as-

sumed to have a zero mean with an independent and identical normal distribution.7

In this framework, the true stock-picking skill of mutual fund manager i is measured

by its alpha, αi .

Inference on the stock-picking ability of a mutual fund is based on a traditional

two-stage procedure. First, we estimate alphas via fund-by-fund OLS regressions, and

second we perform hypothesis tests under a null of zero abnormal performance (αi =
0). The estimate of the fraction of skilled (unskilled) funds is the fraction of funds that

have a significant and positive (negative) alpha. We compute fund t-statistics with

Newey and West (1987) heteroskedasticity and autocorrelation consistent standard

deviation estimates. We use a 5% level of significance when not stated otherwise. This

approach forms a natural benchmark for other fund selection methodologies.

The drawback of the benchmark approach is that we undertake a multiple testing

problem. When we simply count the number of skilled and unskilled funds based on

the estimated t-statistics at a 5% significance level, the probability that we wrong-

fully reject at least one null hypothesis will be greater than 5%. That probability is

increasing with the number of comparisons and, therefore, with the number of funds.

Wrongfully rejecting a null hypothesis of a zero-alpha fund means labeling a fund

with zero alpha as being skilled or unskilled. Controlling for the multiple comparisons

is, therefore, essential when attempting to select the best (or worst) mutual funds. As

an additional benchmark model, we extend the benchmark model above with the

Bonferroni correction that accounts for the multiple comparisons by decreasing the

level of significance.

1.2.3 Bootstrap Method

Kosowski et al. (2006) and Fama and French (2010) use bootstrap selection methods

in order to separate manager skill from luck.8 The studies argue that the necessity of

the bootstrap method arises due to complex distributional properties of the cross-

section of fund alphas. Ignoring this, and using the benchmark model, results in

rejection rates that differ from their nominal level (of 5%).

We use the two bootstrap methods to simulate null distributions of neutral perfor-

mance by means of the resampling schemes introduced in the papers. We estimate

alphas with the benchmark model in Equation (1.1). The bootstrap resampling im-

plies that the simulated null distributions of fund returns only depend on sampling

7Ferson and Schadt (1996) propose a conditional version of the benchmark model to account for time
variation in factor loadings. Kosowski et al. (2006) and Barras et al. (2010) find no material impact on their
results when accounting for time-varying risk taking. In the remainder of this paper, we therefore use the
unconditional benchmark model.

8We outline both bootstrap methods step-by-step in Appendix A.1.
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variation, as they are generated under the null of zero abnormal performance. We

use the bootstrap methods to infer whether individual funds are skilled (unskilled) or

lucky (unlucky). We do this by comparing the actual distribution of the estimated fund

t-statistics from Equation (1.1) with bootstrapped distributions of fund t-statistics.

We prefer to draw inferences based on t-statistics rather than on the alphas them-

selves as these are pivotal statistics independent of unknown population parameters.

Although the two bootstrap methods impose the same null distribution for sim-

ulated statistics, they use different resampling schemes. Kosowski et al. (2006) use

a residual resampling approach for each individual fund, assuming independence

between the residuals across funds. Fama and French (2010) jointly resample both

excess fund and factor returns and thereby take the cross-sectional distribution of

the residuals into account. This difference leads to wide confidence intervals for the

Fama and French (2010) method relative to the Kosowski et al. (2006) method.

A common problem for both resampling schemes is that any autocorrelation

structure in fund excess returns is lost. This problem can be mitigated by resampling

blocks of time series instead of single time indices, cf. Politis and Romano (1994).

Finally, although both bootstrap methods account for complex distributional

properties of the cross-section of alpha, the multiple hypothesis problem persists

when we infer the fractions of skilled, unskilled, and zero-alpha funds. The reason

is that the fractions are based on the number of rejected null hypotheses. When we

count the number of significant funds, each at a 5% significance level, the probability

that we wrongfully reject at least one null hypothesis of a zero-alpha fund will be

greater than 5%. The probability is increasing in the number of hypothesis tests that

we perform.

1.2.4 False Discovery Rate Method

Barras et al. (2010) and Ferson and Chen (2015) introduce variants of the false discov-

ery rate method (FDR) for mutual fund selection.9 We use both methods to obtain

estimates of the proportions of unskilled, zero-alpha, and skilled funds.

The FDR method accounts for multiplicity by utilizing a high significance level

thus balancing the trade-off between Type I and Type II errors. By the use of a high

significance level, the FDR method attains high statistical power which decreases the

probability of committing type II errors. Although a high significance level increases

the power of the test, it also increases the potential for confusion between good

and bad funds. Confusion is the extreme case where a fund is perceived as skilled

(unskilled), when it is in fact truly unskilled (skilled).

Barras et al. (2010) assume that a truly skilled fund cannot be perceived as an

unskilled fund and vice-versa. In comparison, Ferson and Chen (2015) explicitly

model the confusion parameter. Ferson and Chen (2015) show that their model nests

9We outline both FDR methods step-by-step in Appendix A.1.
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the model of Barras et al. (2010) when assuming power of one and zero confusion.

The FDR method of Ferson and Chen (2015) also extends the bootstrap methods

of Kosowski et al. (2006) and Fama and French (2010). The two bootstrap methods sim-

ulate the cross-section of fund alphas under the null of zero abnormal performance,

which accounts for multiplicity under the null that all funds have zero abnormal

performance. In comparison, the method of Ferson and Chen (2015) accounts for

multiplicity by allowing funds to have alpha different from zero.

1.2.5 Structural Model Method

The method of Harvey and Liu (2018) takes a structural approach to model the

fraction of skilled, unskilled, and zero-alpha funds. Harvey and Liu (2018) model

the cross-sectional alpha distribution by imposing structure with a GMD, which

they estimate with an expectation-maximization (EM) algorithm. They allow for

any number of skill groups, and in their empirical application they carry out a test

identifying two skill groups.10

Harvey and Liu (2018) argue that the benchmark model approach for fund selec-

tion is comparable to a panel regression model with fixed effects. They argue that this

is the case, as a non-random alpha is assumed for each fund. The model of Harvey

and Liu (2018) advocates the use of a random effects counterpart, which assumes

that fund alphas are drawn independently from the same cross-sectional distribu-

tion. Their approach allows them to pool information from the cross-sectional alpha

distribution to reduce the noise of individual alpha estimates.

1.2.6 Objectives of the Fund Selection Methods

The fund selection methods we compare are developed with different objectives. To

provide a fair comparison of the selection methods in the upcoming simulation study,

we outline their objectives here. The discussion is relevant since we compare the

relative performance of the methods in our simulation study via three evaluation

metrics: Bias, RMSE, and coverage probability (CP) . The metrics are used as feasible

comparison measures, however the original objectives of the selection methods may

be very different from our evaluation metrics.

The bootstrap methods of Kosowski et al. (2006) and Fama and French (2010) try

to identify whether any single fund outperforms on the margin. That is, both methods

have an overall null hypothesis of zero skill across all mutual funds. The rejection of

the overall null hypothesis of zero skill only informs us that some funds are skilled

or unskilled. The methods are, however, not designed to estimate how many. In our

study, we focus on how well the bootstrap methods estimate the groups of unskilled,

10We present estimation details of the model of Harvey and Liu (2018) in Appendix A.1.
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zero-alpha, and skilled funds nonetheless.11

The two FDR methods of Barras et al. (2010) and Ferson and Chen (2015) iden-

tify groups of unskilled, zero-alpha, and skilled funds. Although they estimate the

fractions of unskilled, zero-alpha, and skilled funds, they do so while controlling

for the false discovery rate. In a situation where the objective is to control the false

discovery rate at a specific significance level, it is expected that marginally skilled or

unskilled funds will be deemed zero-alpha funds. As a consequence, only the funds

perceived as the most skilled or unskilled will be identified as such. Consistent with

this argument, Andrikogiannopoulou and Papakonstantinou (2019) find that the

method of Barras et al. (2010) is overly conservative. That is, the method identifies

too few skilled and unskilled funds.

The method of Harvey and Liu (2018) is fundamentally different from the other

methods we compare. First, it is based on a structural approach that assumes a zero

probability mass for the group of zero-alpha funds. That is, it models the underlying

skill distribution as continuous as we present it in Figure 1.1. Second, the method

has an additional focus on reducing the noise of individual fund alpha estimates.

This is particularly relevant in a small sample setting, as alpha estimates are typically

inflated by estimation uncertainty in small samples. However, as our focus is on

identifying groups of unskilled, zero-alpha, and skilled funds, we do not investigate

the noise-reducing properties of the method. Our use of the method therefore does

not highlight all the qualities of the method. In addition, our small sample setting

can prove very challenging to this method, as it is difficult to distinguish between

skill groups. This means that the estimates of the fractions for the Harvey and Liu

(2018) method can be markedly different from the other fund selection methods.12

For completeness, we still present the simulation results for the structural method of

Harvey and Liu (2018).

1.3 Mutual Fund Data

1.3.1 Fund Selection

We examine monthly observations between June 1992 and December 2017. We focus

on actively managed no-load open-end US domestic equity funds. The returns are

measured after expense ratios and trading costs. The data are available from the

Center for Research in Security Prices (CRSP) database.13

Our sample is originally free of survivorship bias, but we further select funds with

a minimum of 60 monthly return observations, and we impose a number of screens

11Harvey and Liu (2020) provide a detailed discussion of why the Fama and French (2010) bootstrap
method is poor at estimating the fractions of unskilled, zero-alpha, and skilled funds.

12Yan and Cheng (2019) argue that it is difficult to detect the correct number of fund skill groups in
an empirical setting. They find that the main problem in detecting fund skill groups is that the location
parameters (α) are often too close.

13Further details about the data set are available in Appendix A.2.
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in order to mitigate omission, incubation, and back-fill biases; see Elton, Gruber

and Blake (2001) and Evans (2010). For individual fund share classes, we exclude

share classes that do not report a year of organization and we exclude share class

return observations prior to the reported year of organization. We also exclude share

classes that invest less than 80% of their portfolio holdings in common stock or have

initial total net assets (TNA) below $5 million in their first month to enter our sample.

We avoid look-ahead bias by allowing share classes to remain in our sample if their

TNA subsequently decrease below $5 million. Finally, we include only no-load share

classes.

Until July 2003, the CRSP database lists different share classes from the same fund

as unique funds. In order to combine multiple share classes into specific funds, we

use share class names and share class returns to identify share classes from the same

fund. Conditional on our selected screens, we combine multiple share class returns to

individual fund portfolio returns. Specifically, we calculate monthly fund net return

by weighting share class net returns with the proportion of fund TNA represented by

each share class at the beginning of each month. We calculate a monthly fund TNA

by summing across share classes.14 Subsequently, the CRSP database matches share

classes into fund portfolios.

Our final sample is an unbalanced panel of 1,481 funds that exist for at least 60

months during our sample period. We investigate the performance of all investment

objectives, as well as performance for four different investment styles: aggressive

growth (96), growth (849), growth and income (430), and income (106).15 We start

our sample in June 1992 as the category aggressive growth, conditional on our fund

screens, contains its first fund with a 60 month return history from this point forward.

Table 1.1 shows the number of funds in existence, average TNA, average excess

returns, average standard deviations, and average higher order moments for the full

sample period as well as for six five-year subperiods. We consider five-year subperiods

because this is what is typically considered by the previous literature in rolling window

analysis. For the same reason, we will use the five-year period to define a short sample

for our simulation study. Panel A shows statistics for all investment objectives, while

panels B-E show statistics for individual investment styles. We show the descriptive

statistics both for all funds (at least one observation) and for funds with at least 60

observations (available in the entire subsample).

We see from Panel A that there are initially 145 funds with 60 monthly return

observations in the first five years of our sample and that this number increases

to 1,481 during the entire 1992-2017 period. In Panel C, we see that this increase

is mainly driven by a large expansion in growth funds. From Table 1.1, we also see

that aggressive growth funds (Panel B) deliver the largest average excess return over

14Return observations need not be contiguous. After missing observations we delete following-month
returns due to the CRSP database convention of filling following-month returns with the funds’ cumulated
return since the last nonmissing return.

15Appendix A.2 describes how we classify funds into the different investment styles.
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the entire evaluation period. However, we also see that this larger average excess

return has a larger average standard deviation. The excess returns have small negative

skewness and small positive excess kurtosis.

1.3.2 Benchmark Performance Results

Table 1.2 shows annualized alphas, factor loadings, and coefficients of determination

for equal-weighted portfolios from the four-factor benchmark model in Equation

(1.1).16 The annualized alpha for a portfolio of funds reveals whether funds, on aver-

age, produce risk-adjusted returns different from that implied by the four common

risk factors. Similar to previous studies, the benchmark model results in a significantly

negative annualized alpha equal to -1.00% for the full sample period. From Panel A,

we also find that aggressive growth funds tilt towards small capitalization and low

book-to-market stocks, while income funds tilt towards large capitalization- and high

book-to-market stocks. In Panel B, we present annualized alpha estimates for each of

the five-year periods. The alphas are decreasing (becoming more negative) over time,

until the last subperiod where they increase again.

We investigate if the residuals from the benchmark model in Equation (1.1) are

well behaved as assumed. We test for normality, homoskedasticity, and no first order

serial correlation. We reject normality (see Jarque and Bera (1987)) for 49.43% of the

funds, we reject homoskedasticity (see White (1980)) for 58.88% of the funds, and we

reject first order serial independence (see Ljung and Box (1978)) for 11.21% of the

funds. The fact that we find such irregularities in the residuals from the benchmark

model motivates the use of bootstrap based methods.

We investigate further the 11.21% of fund residuals that suffer from first order

serial correlation. For the relevant funds, we estimate the following AR(1) process:

εi ,t = γεi ,t−1 +ui ,t , (1.2)

where we find an average estimate of γ of 0.08. The first order serial correlation is

significant, but small, and applies to only a limited fraction of the funds. It is, therefore,

an empirical question whether it is important to take serial correlation into account.

1.3.3 Parameter Inputs

First, we consider the continuous skill distribution. We select a three-component

GMD as the specification for our skill distribution and find the inputs for the GMD

by picking empirical values using the Ferson and Chen (2015) method. We apply

the method via a 60-month rolling window estimation procedure from June 1992 to

16The results based on value-weighted returns are available upon request.
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Table 1.1: Descriptive Statistics

This table shows the number, TNA, returns in excess of the risk-free rate, standard deviations-, skewness
coefficients-, and kurtosis coefficients of excess returns of U.S. no-load open-end equity funds existing
between June 1992 and December 2017. The statistics are presented for all investment objectives and
investment styles: aggressive growth, growth, growth and income, and income in panels A-E, respectively.
In each panel for a given subperiod, the first and second columns show the number of funds in existence,
the third and fourth columns show the average fund TNA in $ million, the fifth and sixth columns show the
annualized average fund excess returns in percent(12 ·Avg(Ri ,t )), the seventh and eighth columns show

the annualized average standard deviations of fund excess returns in percent(
p

12 ·Std(Ri ,t )), the ninth
and tenth columns show the average skewness coefficients of fund excess returns, and the eleventh and
twelfth columns show the average kurtosis coefficients of fund excess returns. Odd numbered columns
contain statistics for all funds that have at least one return observation in a given subperiod, while even
numbered columns contain statistics for all funds that have 60 return observations in a given subperiod.
Each subperiod consists of 60 months and the entire evaluation period consists of 307 months.

Funds TNA Exc. Ret.(%) Std. Dev.(%) Skewness Kurtosis

Period ≥1 ≥60 ≥1 ≥60 ≥1 ≥60 ≥1 ≥60 ≥1 ≥60 ≥1 ≥60

Panel A: All Investment Styles

92-97 466 145 284.28 325.47 10.50 10.45 11.82 10.66 -0.29 -0.23 2.73 2.92
97-02 767 284 592.93 641.60 2.41 3.24 19.97 20.10 -0.26 -0.40 3.18 3.52
02-07 958 420 672.37 721.83 6.71 7.18 11.83 12.97 -0.48 -0.61 3.45 4.17
07-12 1473 530 773.50 837.20 -0.49 -0.22 20.38 20.53 -0.38 -0.44 3.16 3.42
12-17 1503 918 1099.25 1240.23 13.61 14.03 10.00 10.53 -0.16 -0.21 3.04 3.17
13-17 1473 929 1149.42 1320.27 12.89 13.14 9.94 10.40 -0.19 -0.21 3.20 3.24
92-17 2279 1481 698.32 772.31 6.64 6.90 15.08 15.66 -0.47 -0.57 4.22 4.70

Panel B: Aggressive Growth Funds

92-97 32 1 75.82 84.31 10.45 11.06 16.93 13.14 -0.02 -0.08 2.85 3.01
97-02 60 20 308.37 340.66 5.09 6.47 25.52 27.67 -0.18 -0.25 3.27 3.69
02-07 67 33 285.03 295.81 8.18 9.09 14.74 15.11 -0.36 -0.50 3.30 3.61
07-12 87 40 425.72 441.41 0.76 0.28 22.50 22.08 -0.47 -0.43 3.38 3.44
12-17 75 59 763.61 797.12 13.61 14.03 11.63 11.88 -0.27 -0.31 3.15 3.23
13-17 75 60 803.96 843.84 13.94 14.21 11.61 11.71 -0.29 -0.32 3.22 3.35
92-17 123 96 383.55 404.49 7.87 8.08 18.82 18.69 -0.51 -0.52 4.50 4.74

Panel C: Growth Funds

92-97 264 87 242.55 273.74 10.50 10.52 12.22 11.26 -0.27 -0.22 2.74 2.96
97-02 434 167 535.99 577.05 2.12 3.12 20.92 20.58 -0.24 -0.41 3.15 3.50
02-07 562 246 598.93 646.95 6.72 7.21 12.08 13.18 -0.45 -0.59 3.34 4.00
07-12 868 307 750.80 821.79 -0.11 0.12 20.75 20.89 -0.36 -0.43 3.15 3.41
12-17 867 532 1057.93 1187.81 13.08 13.29 10.39 10.83 -0.15 -0.20 2.98 3.11
13-17 846 542 1104.09 1261.12 13.29 13.50 10.37 10.69 -0.17 -0.20 3.13 3.20
92-17 1315 849 651.07 720.21 6.72 7.01 15.64 16.03 -0.44 -0.54 4.16 4.64

Panel D: Growth and Income Funds

92-97 151 53 410.64 471.95 10.51 10.15 10.22 9.72 -0.37 -0.24 2.70 2.88
97-02 234 91 773.30 829.66 2.25 2.71 17.45 17.75 -0.33 -0.42 3.24 3.55
02-07 269 126 860.01 904.65 6.68 6.65 10.98 12.12 -0.56 -0.68 3.72 4.56
07-12 409 155 915.63 976.47 -1.33 -0.89 19.45 19.59 -0.39 -0.45 3.16 3.40
12-17 439 267 1317.29 1494.75 11.59 11.51 9.18 9.85 -0.14 -0.21 3.08 3.19
13-17 429 265 1392.60 1612.02 12.28 12.55 9.08 9.74 -0.20 -0.21 3.28 3.30
92-17 658 430 872.66 960.09 6.35 6.51 13.70 14.67 -0.53 -0.63 4.32 4.78

Panel E: Income Funds

92-97 19 4 114.32 119.43 12.22 12.68 10.18 9.31 -0.45 -0.43 2.66 2.63
97-02 39 6 474.16 532.12 3.45 3.81 15.98 16.88 -0.24 -0.34 3.07 3.08
02-07 60 15 1099.22 1309.22 4.52 6.85 10.06 12.10 -0.49 -0.70 3.38 4.85
07-12 109 28 721.80 781.44 -1.61 -0.86 19.26 19.73 -0.37 -0.41 3.11 3.66
12-17 122 60 854.97 1032.28 11.59 11.51 9.14 9.49 -0.18 -0.27 3.23 3.56
13-17 123 62 838.66 1042.09 11.42 11.45 9.04 9.32 -0.21 -0.23 3.32 3.27
92-17 183 106 653.58 759.10 6.27 6.79 13.49 13.98 -0.50 -0.61 4.18 4.85
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Table 1.2: Benchmark Mutual Fund Performance

This table shows annualized alphas for the unconditional four-factor model in Equation (1.1) for all funds
as well as for investment styles: aggressive growth, growth, growth and income, and income. In panel A
regressions for equal-weighted portfolios are based on monthly observations from June 1992 to December
2017. Panel A shows annualized estimates of intercepts (12 · α̂), regression slopes (b̂, ŝ, ĥ, and m̂) and
adjusted-R2. Figures in parentheses denote Newey and West (1987) heteroskedasticity and autocorrelation
consistent estimates of double-sided p-values under the null hypothesis that a parameter equals zero.
Panel B shows annualized intercept estimates in percent for equal-weighted portfolios of funds that have
existed for at least one month or the entire five-year subperiod. Equal-weighted portfolios are rebalanced
monthly in order to include all existing funds at the beginning of a given month.

Panel A: Full Sample Factor Model Estimates

12 · α̂ (%) b̂ ŝ ĥ m̂ R2 (%)

All (1,481) -1.00 0.96 0.03 0.01 -0.01 98.70
(0.02) (0.00) (0.08) (0.52) (0.58)

Aggressive Growth (96) -0.69 1.04 0.30 -0.13 0.02 95.52
(0.40) (0.00) (0.00) (0.00) (0.26)

Growth (849) -1.01 0.98 0.05 -0.03 0.00 98.51
(0.03) (0.00) (0.01) (0.22) (0.97)

Growth & Income (430) -1.03 0.92 -0.05 0.10 -0.02 98.61
(0.01) (0.00) (0.01) (0.00) (0.05)

Income (106) -0.62 0.90 -0.05 0.13 -0.03 97.90
(0.18) (0.00) (0.00) (0.00) (0.03)

Panel B: Annualized Alpha for Five-Year Subperiods

Time Period 1992-1997 1997-2002 2002-2007 2007-2012 2012-2017 2013-2017

All (Obs≥1) -1.03 -1.15 -1.73 -1.83 -1.15 -1.46
All (Obs≥60) -0.85 -0.48 -1.39 -1.51 -1.02 -1.32

Aggressive Growth (Obs≥1) -1.13 -0.06 -1.85 -1.82 -1.15 -0.94
Aggressive Growth (Obs≥60) -0.73 0.94 -1.30 -2.18 -0.82 -1.37

Growth (Obs≥1) -1.06 -1.26 -1.69 -1.69 -1.10 -1.41
Growth (Obs≥60) -0.69 -0.58 -1.36 -1.37 -0.94 -1.25

Growth and Income (Obs≥1) -1.00 -1.25 -1.48 -2.05 -1.22 -1.53
Growth and Income (Obs≥60) -1.23 -0.69 –1.49 -1.60 -1.15 -1.42

Income (Obs≥1) 0.37 -0.69 -3.32 -2.18 -1.30 -1.62
Income (Obs≥60) 0.90 0.77 -1.09 -1.67 -1.35 -1.57
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December 2017, where we move the window 12 months forward for each estimation

run.17

From the estimation procedure, we obtain 22 sets of skilled, unskilled, and zero-

alpha fund estimates, as well as their alpha estimates. We then take the mean across

the estimates and obtain estimates for the drawing probabilities (π) and location

parameters (α) of the GMD. We further obtain standard deviation parameters (σ) for

skilled and unskilled funds by taking the standard deviation across α-estimates. This

procedure implies that we only have to motivate the standard deviation parameter

of the zero-alpha fund distribution. We set this equal to σ0 = 0.50% annually, as this

provides overlaps between the densities of the GMD. Figure 1.1 shows the true density

of the GMD based on our chosen parameter values.

We recognize that the parameter values that we use as inputs for the simulation

study can affect the simulation results. For example, we find relatively high fractions

of skilled funds only in the early part of our sample, cf. Section 1.5 Table 1.8. The

time variation in the fractions of fund skill can, therefore, be used to motivate al-

ternative drawing probabilities. Another variation is related to the numerical size

of the location parameters for skilled and unskilled funds. Higher numerical values

of the location parameters increase the signal-to-noise ratio in the simulated data

and increase the precision of the selection methods. Finally, the standard deviation

parameters control the variation of the location parameters. Increasing the standard

deviation parameters leads to more noise in the simulated data and less precision of

the selection methods.

Second, we consider the approximately discrete skill distribution. Here we only

change the standard deviation parameters to be close to zero, as indicated in Section

1.2.1 above.

1.4 Simulation Study

This section describes our simulation study. First, in Section 1.4.1, we introduce the

simulation design. In Section 1.4.2, we show the small sample simulation results

based on the continuous skill distribution, followed by the corresponding large sam-

ple simulation results in Section 1.4.3. In Section 1.4.4, we investigate if the simulation

results are sensitive to the choice of significance level. Finally, in Section 1.4.5, we

show the simulation results for small and large samples based on the approximately

discrete skill distribution.

17Note that for the last estimation, we only move the rolling window seven months as this maintains
the five-year period of the window such that the estimation period becomes January 2013 to December
2017.
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1.4.1 Simulation Design

We evaluate the small and large sample properties of the mutual fund selection meth-

ods via a comprehensive Monte Carlo simulation study.18 We generate a balanced

return panel for each Monte Carlo simulation, where excess returns are simulated

from the four-factor benchmark model:

Ri ,t =αi +β′
i X t +εi ,t , (1.3)

εi ,t = γεi ,t−1 +ui ,t ,

X t ∼N(0,ΣX ),

ui ,t ∼N(0,Ωu).

We simulate fund skill, αi , from a three-component GMD. For the continuous

skill distribution, we use the parameter inputs from Section 1.3.3. That is, we generate

our continuous skill distribution in every Monte Carlo simulation by drawing π+ =
11% skilled funds with annual α+ ∼ N(1.32%,0.38%2), π− = 59% unskilled funds

with annual α− ∼N(−1.77%,0.61%2), and π0 = 30% zero-alpha funds with annual

α0 ∼ N(0%,0.50%2). For the approximately discrete skill distribution we change

the standard deviation parameters to σ+ = 0.01%, σ− = 0.01%, and σ0 = 0.01%,

respectively.

Our skill distribution frequently draws a skilled or unskilled fund, which should

provide a challenge for the mutual fund selection methods. Further, the βi ’s are

individual fund OLS factor loadings from the benchmark model in Equation (1.1),

ΣX is an empirical covariance structure of the factor portfolio returns, and Ωu is a

residual covariance matrix.

We simulate residuals in two different settings. In the first setting, we assume that

residuals are serially uncorrelated, γ= 0, and in the second setting, we assume that

residuals are generated by an AR(1) process with γ= 0.08.

For both settings, we further investigate how contemporaneous residual cross-

correlations impact our results by considering three correlation schemes. The reason

we simulate funds with contemporaneous dependence is to classify how well the

mutual fund selection methods capture herding behavior, which is the tendency of

funds to follow the crowd and load on similar non-priced residual risks over time (see,

e.g., Wermers (1999)). In the first scheme we assume zero correlation across fund

residuals. In the second scheme, we select a common cross-correlation coefficient

ρ for all off-diagonal elements in the covariance matrixΩu . In the third scheme, we

apply the empirical correlation coefficients to match the actual cross-sectional data

heterogeneity. The average correlation coefficient for this scheme is 0.07, while the

average of the absolute value of the correlation coefficients is 0.21.19 Common to all

18We provide an in depth description of our data generating processes in Appendix A.3.
19The correlation coefficients are estimated for 929 funds that have 60 monthly return observations

over the last five years of our sample.
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schemes is that the diagonal elements ofΩu contain variance estimates from fitted

residuals of Equation (1.1).

1.4.2 Small Sample Simulation Results for Continuous Skill Distribution

In this set of simulation results, we consider N = 500 funds over T = 60 months.

The small sample thus refers to the time series dimension, not the cross-sectional

dimension, of the data set. We present simulation results for no serial dependence in

Table 1.3. Appendix A.4 presents results for the case of serially correlated residuals as

they are very similar to the ones we present in Table 1.3.

Table 1.3 shows estimates of the simulated cross-sectional skill distributions

generated by Equation (1.3). Skill estimates are presented for the seven mutual fund

selection methods described above: benchmark model (1), benchmark model with

a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4),

Barras et al. (2010) (5), Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7).

In Panel A, we consider zero correlation between all funds (ρ = 0). In Panel B, we

use fixed pairwise correlation coefficients of ρ = 0.3, while Panel C presents results

based on empirical correlation coefficients that match actual cross-sectional data

heterogeneity. We present the bias, RMSE, and 95% CP for each simulation scenario.

Bias, RMSE, and 95% CP are defined as follows:

Biass = 1

M

M∑
m=1

π̂m,s −πs , (1.4)

RMSEs =
√√√√ 1

M

M∑
m=1

(π̂m,s −πs )2, (1.5)

CPs = 1

M

M∑
m=1

I(π̂m,s −1.96σ̂π̂s ≤πs ≤ π̂m,s +1.96σ̂π̂s ) (1.6)

for s =+,−,0. In Equation (1.6), I{·} is an indicator function that takes the value 1 if

the expression in the parenthesis is true. We estimate σ̂π̂s by the standard deviation

of π̂s across all simulations. Hence, the 95% CP states the proportion of simulated

samples in which the true value of πs is included in the 95% confidence interval

of π̂s .20 We also summarize the average absolute bias, the average RMSE, and the

average CP across all skill distribution estimates where Avg. Abs. Bias = 1
S

∑S
s=1 |Biass |,

Avg. RMSE = 1
S

∑S
s=1 RMSEs and Avg. CP = 1

S

∑S
s=1 CPs .

Let us first consider the case with zero pairwise correlation, ρ = 0 (Panel A). The

small sample simulations show that the smallest bias and RMSE are obtained for the

Fama and French (2010) method. The methods of Kosowski et al. (2006) and Ferson

and Chen (2015) follow with fairly good performance. The performance of the other

20We use the same definition of CP as in Andrikogiannopoulou and Papakonstantinou (2019)
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Table 1.3: Small Sample Properties

This table shows estimates for the simulated cross-sectional skill distributions generated by Equation (1.3).
Skill estimates are presented for the mutual fund selection methods: benchmark model (1), benchmark
model with a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al.
(2010) (5), Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7). We present estimates based on three
different data generating processes for N = 500 funds across T = 60 months. For all results in this table,
return panels are generated with serially independent residuals. In Panel A, we consider fixed pairwise
correlation coefficients between all funds of ρ = 0. In Panel B, we set ρ = 0.3, while Panel C presents
results based on empirical correlation coefficients to match actual cross-sectional data heterogeneity.
The true weights of the s =+,−,0 skill distributions are π+ = 11%, π− = 59% and π0 = 30%. For M = 100
Monte Carlo simulations, we calculate bias, RMSE, and 95% CP for individual skill distributions πs . Bias,

RMSE, and CP use the following definitions: Biass = 1
M

∑M
m=1 π̂m,s −πs , RMSEs =

√
1

M
∑M

m=1(π̂m,s −πs )2,

and CPs = 1
M

∑M
m=1 I(π̂m,s −1.96σ̂π̂s ≤ πs ≤ π̂m,s +1.96σ̂π̂s ). We also summarize the average absolute

bias, the average RMSE, and the average CP across all skill distribution estimates where Avg. Abs. Bias =
1
S

∑S
s=1 |Biass |, Avg. RMSE = 1

S
∑S

s=1 RMSEs and Avg. CP = 1
S

∑S
s=1 CPs . Results are stated in percentages.

(1) (2) (3) (4) (5) (6) (7)

Panel A ρ = 0

π− Bias -38.13 -53.80 2.16 2.16 -29.27 -9.30 -33.28
RMSE 38.16 53.81 2.92 2.92 29.47 10.24 46.39
CP 0.00 0.00 83.00 83.00 0.00 42.00 100.00

π0 Bias 41.24 63.76 -7.67 -1.29 30.36 2.06 -6.21
RMSE 41.29 63.77 8.79 5.37 30.77 6.40 32.97
CP 0.00 0.00 59.00 93.00 0.00 93.00 97.00

π+ Bias -3.11 -9.96 5.51 -0.87 -1.10 7.24 39.50
RMSE 3.37 9.97 7.44 5.66 3.05 8.09 55.89
CP 32.00 0.00 84.00 98.00 96.00 57.00 83.00

Avg. Abs. Bias 27.49 42.50 5.11 1.44 20.24 6.20 26.33
Avg. RMSE 27.61 42.51 6.38 4.65 21.09 8.24 45.08
Avg. CP 10.67 0.00 75.33 91.33 32.00 64.00 93.33

Panel B ρ = 0.3
π− Bias -37.60 -53.64 -2.44 -27.00 -29.23 -6.70 -32.13

RMSE 38.69 53.72 20.58 35.23 32.62 22.83 46.62
CP 2.00 0.00 92.00 72.00 42.00 97.00 100.00

π0 Bias 40.15 63.50 -8.63 30.94 28.86 -5.38 4.13
RMSE 40.56 63.55 10.77 36.31 30.24 12.55 39.13
CP 0.00 0.00 78.00 52.00 12.00 91.00 100.00

π+ Bias -2.55 -9.86 11.07 -3.94 0.36 12.08 27.99
RMSE 6.52 9.91 25.74 12.50 10.88 20.56 48.59
CP 96.00 0.00 85.00 94.00 94.00 85.00 82.00

Avg. Abs. Bias 26.77 42.33 7.38 20.63 19.48 8.05 21.42
Avg. RMSE 28.59 42.39 19.03 28.01 24.58 18.65 44.78
Avg. CP 32.67 0.00 85.00 72.67 49.33 91.00 94.00

Panel C Data Dependent
π− Bias -31.36 -49.36 2.56 -5.83 -22.70 -11.86 -32.90

RMSE 31.69 49.42 6.96 13.47 23.56 14.58 46.10
CP 0.00 0.00 94.00 90.00 6.00 68.00 100.00

π0 Bias 31.10 58.04 -15.55 6.01 18.84 4.05 -4.98
RMSE 31.32 58.08 16.15 10.54 19.50 8.45 32.27
CP 0.00 0.00 4.00 89.00 3.00 91.00 99.00

π+ Bias 0.26 -8.67 12.99 -0.18 3.85 7.81 37.87
RMSE 3.20 8.74 16.32 6.99 6.52 9.74 53.95
CP 92.00 0.00 79.00 96.00 86.00 80.00 72.00

Avg. Abs. Bias 18.02 38.69 10.37 4.01 15.13 7.91 25.25
Avg. RMSE 22.07 38.75 13.14 10.33 16.53 10.92 44.11
Avg. CP 30.67 0.00 59.00 91.67 31.67 79.67 90.33
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methods is a lot worse as measured by their bias and RMSE. The new Harvey and Liu

(2018) method has about the same bias as the benchmark model and lower bias than

the adjusted benchmark model, while its RMSE is larger than both the benchmark

and the adjusted benchmark. For the Harvey and Liu (2018) method, the bias is small

for neutral funds and large for skilled funds compared to the benchmark. For most

methods, we find that the actual CPs are different from their nominal level of 95%.

The two exceptions are the Fama and French (2010) and the Harvey and Liu (2018)

methods. However, we also notice that the reason the Harvey and Liu (2018) method

has CPs close to 95% is due to large RMSE across skill groups.

For a fixed pairwise correlation of ρ = 0.3 (Panel B), the small sample simulation

results show that the preferred methods are the Kosowski et al. (2006) and Ferson and

Chen (2015) methods. For ρ = 0.3, we also find that the bootstrap method of Kosowski

et al. (2006) has lower bias and CPs closer to the 95% in comparison to the bootstrap

method of Fama and French (2010). The latter method also identifies too many

zero-alpha funds. The seemingly puzzling finding is the result of the relatively large

confidence intervals of the Fama and French (2010) method. Across the small sample

simulations for ρ = 0.3, we find for all hypothesis tests that the 90% confidence

intervals of the Fama and French (2010) method are 8.3 times wider, on average,

relative to those from the method of Kosowski et al. (2006).

The results based on the empirical correlation coefficients (Panel C) are similar to

the results with zero correlation, namely that the lowest bias and RMSE are obtained

using the Fama and French (2010) method, followed by the methods of Kosowski et al.

(2006) and Ferson and Chen (2015). The Fama and French (2010) method also has the

highest average CP across all methods. Again, the new Harvey and Liu (2018) method

has similar performance to the two benchmark models in terms of bias and RMSE.

Overall, the small sample simulation properties vary a lot across the seven meth-

ods that we consider. We see that the Kosowski et al. (2006) and Fama and French

(2010) bootstrap methods and the FDR method of Ferson and Chen (2015) have the

most attractive properties for realistically short sample periods. We still want to stress,

that the objectives of the fund selection methods that we analyze generally do not

coincide with the objective of identifying fractions of skilled or unskilled funds in

short samples.

1.4.3 Large Sample Simulation Results for Continuous Skill Distribution

We use the same simulation design as for the small sample simulation study except

that we consider T = 307 months instead of T = 60. The sample we consider here

corresponds to more than 25 years of time series observations. This is similar to our

empirical sample. We focus on the case of no serial dependence. The structure and

contents of Table 1.4 is similar to that of Table 1.3.

Table 1.4 shows that the smallest bias and RMSE are obtained for the FDR methods

of Barras et al. (2010) and Ferson and Chen (2015) and the bootstrap method of Fama
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Table 1.4: Large Sample Properties

This table shows estimates for the simulated cross-sectional skill distributions generated by Equation (1.3).
Skill estimates are presented for the mutual fund selection methods: benchmark model (1), benchmark
model with a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al.
(2010) (5), Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7). We present estimates based on three
different data generating processes for N = 500 funds across T = 307 months. For all results in this table,
return panels are generated with serially independent residuals. In Panel A, we consider fixed pairwise
correlation coefficients between all funds of ρ = 0. In Panel B, we set ρ = 0.3, while Panel C presents
results based on empirical correlation coefficients to match actual cross-sectional data heterogeneity.
The true weights of the s =+,−,0 skill distributions are π+ = 11%, π− = 59% and π0 = 30%. For M = 100
Monte Carlo simulations, we calculate bias, RMSE, and 95% CP for individual skill distributions πs . Bias,

RMSE, and CP use the following definitions: Biass = 1
M

∑M
m=1 π̂m,s −πs , RMSEs =

√
1

M
∑M

m=1(π̂m,s −πs )2

and CPs = 1
M

∑M
m=1 I(π̂m,s −1.96σ̂π̂s ≤ πs ≤ π̂m,s +1.96σ̂π̂s ). We also summarize the average absolute

bias, the average RMSE, and the average CP across all skill distribution estimates where Avg. Abs. Bias =
1
S

∑S
s=1 |Biass |, Avg. RMSE = 1

S
∑S

s=1 RMSEs , and Avg. CP = 1
S

∑S
s=1 CPs . Results are stated in percentages.

(1) (2) (3) (4) (5) (6) (7)

Panel A ρ = 0

π− Bias -21.26 -37.95 3.95 3.95 -13.47 -11.35 -28.55
RMSE 21.35 37.99 4.48 4.48 13.73 11.63 37.98
CP 0.00 0.00 52.00 52.00 0.00 1.00 77.00

π0 Bias 16.55 42.85 -21.56 -21.33 3.91 1.73 4.98
RMSE 16.71 42.89 21.62 21.40 5.40 3.65 30.01
CP 0.00 0.00 0.00 0.00 85.00 92.00 98.00

π+ Bias 4.71 -4.89 17.60 17.38 9.57 9.62 23.57
RMSE 4.93 5.00 17.84 17.63 9.90 9.87 36.99
CP 9.00 0.00 0.00 0.00 3.00 0.00 80.00

Avg. Abs. Bias 14.17 28.57 14.37 14.22 8.98 7.57 19.04
Avg. RMSE 14.33 28.63 14.65 14.50 9.68 8.38 34.99
Avg. CP 3.00 0.00 17.33 17.33 29.33 31.00 85.00

Panel B ρ = 0.3
π− Bias -21.85 -38.35 2.72 -8.94 -14.05 -10.17 -30.18

RMSE 23.09 38.67 9.28 14.47 16.55 13.90 40.30
CP 15.00 0.00 93.00 87.00 63.00 79.00 81.00

π0 Bias 16.32 42.88 -21.99 0.55 3.19 -2.53 4.12
RMSE 16.76 43.04 22.21 5.34 5.53 5.11 30.76
CP 4.00 0.00 0.00 93.00 86.00 92.00 98.00

π+ Bias 5.53 -4.53 19.27 8.39 10.85 12.70 26.06
RMSE 7.48 5.21 22.34 11.76 13.20 14.79 39.06
CP 82.00 52.00 62.00 84.00 75.00 63.00 78.00

Avg. Abs. Bias 14.57 28.59 14.66 5.96 9.37 8.47 20.12
Avg. RMSE 15.78 28.97 17.94 10.52 11.76 11.26 36.71
Avg. CP 33.67 17.33 51.67 88.00 74.67 78.00 85.67

Panel C Data Dependent
π− Bias -14.21 -28.92 4.55 2.83 -7.68 -8.77 -21.91

RMSE 14.63 29.10 5.51 5.03 8.51 9.42 30.85
CP 1.00 0.00 67.00 88.00 45.00 22.00 75.00

π0 Bias 5.08 29.58 -24.40 -17.27 -5.84 -3.57 4.08
RMSE 5.71 29.72 24.44 17.40 6.71 4.38 25.61
CP 51.00 0.00 0.00 0.00 60.00 78.00 97.00

π+ Bias 9.12 -0.65 19.85 14.44 13.52 12.34 17.83
RMSE 9.41 1.76 20.23 14.86 13.86 12.64 26.66
CP 1.00 97.00 0.00 0.00 0.00 0.00 84.00

Avg. Abs. Bias 9.47 19.72 16.27 11.52 9.01 8.23 14.61
Avg. RMSE 9.92 20.19 16.73 12.43 9.69 8.81 27.70
Avg. CP 17.67 32.33 22.33 29.33 35.00 33.33 85.33
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and French (2010). We also see from Table 1.4 that the average CP is different from

95% for all methods. The Harvey and Liu (2018) method has larger average bias and

average RMSE than the benchmark model. Its bias is low for neutral performance

and high for skilled funds compared to the benchmark. The Harvey and Liu (2018)

method also has the highest CPs, which is due to the large RMSE across skill groups.

For ρ = 0.3 (Panel B), we now also find that the Fama and French (2010) bootstrap

method has the lowest bias across all selection methods. In comparison to the small

sample simulations in Table 1.3, the width of the average 90% confidence intervals

for the hypothesis tests of the Fama and French (2010) bootstrap method is reduced

by 8.1%. The reduction in the average length of the 90% confidence intervals leads to

a smaller bias, as the method now rejects more null hypotheses of zero-alpha fund

skill.

We compare the large sample simulations with the small sample simulations in

Table 1.3. The Kosowski et al. (2006), Fama and French (2010), and Ferson and Chen

(2015) methods have the most attractive properties for realistically short sample

periods. For long samples, the Barras et al. (2010) method enters the set of preferred

models and the Kosowski et al. (2006) method exits it.

Thus, the preferred methods for selecting mutual funds are different for real-

istically small samples and large samples. For this reason, any inference on small

sample performance based on large sample simulations should be met with some

skepticism.

1.4.4 Sensitivity to Multiple Significance Levels for Continuous Skill

Distribution

In the simulation studies above, the different selection methods use different signif-

icance levels. For example, the FDR method of Barras et al. (2010) determines the

optimal significance level endogenously via a bootstrap procedure, as described in

Section A.1.3. In this section, we investigate the sensitivity of the selection methods

towards multiple significance levels. This analysis strives to reconcile the different

objectives of the selection methods across multiple significance levels.21

Specifically, we repeat the small and large sample simulation exercises from above

and report the average absolute bias, average RMSE, and average CP for multiple

significance levels. We use the significance levels: 1%, 5%, 10%, and 20%. The robust-

ness results for Harvey and Liu (2018) are omitted as the method is independent of

the choice of a significance level. Table 1.5 presents results for small and large sample

simulations.

For both small and large sample simulations, we find that the two benchmark

models and the FDR method of Barras et al. (2010) all have decreasing average

absolute bias and average RMSE for increasing values of the significance level. We

21We are thankful to an anonymous referee for suggesting this analysis.
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Table 1.5: Small and Large Sample Robustness Results

This table presents robustness results for cross-sectional skill distributions simulated by Equation (1.3). In
Panel A, B, and C, we report average absolute bias, average RMSE, and average CP, respectively. Results
are presented for the mutual fund selection methods: benchmark model (1), benchmark model with a
Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al. (2010) (5),
and Ferson and Chen (2015) (6). We present results based on three different data generating processes
for small (S) and large (L) sample simulations. Small sample simulations are based on T = 60 time series
observations, whereas large sample simulations are based on T = 307 time series observations. Both
small and large sample simulations present results for N = 500 funds. For all results in this table, return
panels are generated with serially independent residuals. In each panel, we consider fixed pairwise
correlation coefficients between all funds for ρ = 0 and ρ = 0.3. We also present results for data dependent
correlation coefficients to match actual cross-sectional data heterogeneity. In each panel, we further
consider results for significance thresholds: 1%, 5%, 10%, and 20%. The true weights of the s = +,−,0
skill distributions are π+ = 11%, π− = 59% and π0 = 30%. For M = 100 Monte Carlo simulations we
calculate Avg. Abs. Bias = 1

S
∑S

s=1 |Biass |, Avg. RMSE = 1
S

∑S
s=1 RMSEs , and Avg. CP = 1

S
∑S

s=1 CPs across
all skill distribution estimates. Biass , RMSEs and CPs are defined in Equations (1.4)-(1.6), respectively.
Results are stated in percentages.

(1) (2) (3) (4) (5) (6)

Threshold S L S L S L S L S L S L

Panel A: Average Absolute Bias

ρ = 0
1 34.78 19.10 43.72 31.48 4.49 13.69 4.32 13.46 38.47 20.55 11.69 8.05
5 27.21 14.18 42.38 28.90 5.64 14.17 3.25 14.06 32.43 15.33 6.68 8.13
10 22.17 11.69 41.60 27.49 6.39 14.45 4.15 14.36 29.02 13.26 6.54 8.01
20 17.25 8.74 40.66 25.93 7.26 14.76 5.87 14.72 25.09 11.21 7.17 7.71

ρ = 0.30
1 34.81 19.24 43.72 31.01 13.28 14.48 33.27 10.44 38.21 20.59 14.63 8.23
5 27.72 13.94 42.41 28.46 13.83 15.02 24.96 7.32 32.30 15.28 13.95 7.94
10 23.50 11.33 41.60 27.23 14.12 15.31 20.15 7.93 28.89 13.02 13.83 7.99
20 18.25 8.62 40.68 25.73 14.55 15.63 15.38 11.25 25.65 10.97 13.73 8.17

Data Dependent
1 28.98 13.09 40.73 22.74 9.95 16.09 15.14 8.69 33.09 14.01 8.19 8.56
5 21.55 9.45 38.72 20.08 10.90 16.39 7.79 12.07 25.91 10.29 8.01 7.99
10 17.64 8.26 37.61 18.79 11.40 16.55 6.27 13.68 22.39 8.77 8.44 8.08
20 13.39 9.50 36.22 17.63 12.04 16.75 8.19 15.27 18.97 8.24 8.76 8.40

Panel B: Average RMSE

ρ = 0
1 34.82 19.25 43.73 31.54 5.31 13.95 4.98 13.72 38.49 20.70 13.38 8.49
5 27.31 14.33 42.39 28.96 6.41 14.42 4.05 14.32 32.48 15.51 7.91 8.51
10 22.31 11.85 41.62 27.57 7.15 14.71 5.04 14.62 29.11 13.44 7.63 8.41
20 17.39 9.07 40.68 26.04 7.97 15.01 6.71 14.97 25.26 11.46 8.30 8.17

ρ = 0.30
1 35.19 19.86 43.76 31.18 17.13 16.08 35.08 12.42 38.48 21.10 18.56 10.07
5 28.54 14.96 42.47 28.71 17.71 16.61 28.02 9.26 33.00 16.25 17.70 9.58
10 24.68 12.55 41.69 27.52 18.07 16.90 23.74 9.91 30.05 14.22 17.55 9.72
20 20.11 9.93 40.80 26.07 18.56 17.20 18.71 12.85 27.21 12.36 17.40 9.84

Data Dependent
1 29.23 13.42 40.76 22.91 11.72 16.48 17.62 9.32 33.24 14.34 10.19 9.27
5 21.93 9.93 38.78 20.30 12.61 16.77 9.51 12.57 26.26 10.73 9.63 8.56
10 18.25 8.70 37.68 19.04 13.06 16.94 7.98 14.11 22.77 9.35 10.08 8.65
20 14.14 9.90 36.30 17.94 13.63 17.14 9.81 15.64 19.58 8.71 10.46 8.99

Panel C: Average Coverage Probability

ρ = 0
1 0.00 32.00 0.00 0.00 77.67 15.67 79.67 15.67 0.00 30.00 64.67 19.00
5 9.00 5.33 0.00 0.00 64.67 15.67 88.67 15.67 0.00 14.67 71.33 24.67
10 31.00 0.33 0.00 2.00 59.00 15.67 83.33 15.67 1.67 4.33 72.33 29.00
20 5.67 26.67 0.00 6.00 51.00 15.67 64.67 15.67 14.67 2.00 64.67 31.33

ρ = 0.30
1 10.00 33.33 0.00 3.00 88.67 55.33 31.33 72.33 1.67 33.00 90.67 84.00
5 34.67 34.00 0.00 8.67 85.67 54.33 71.67 90.00 21.67 34.33 93.33 83.33
10 36.00 41.00 0.00 15.33 84.33 54.00 86.33 84.33 37.00 40.67 93.00 81.67
20 45.67 72.33 0.33 22.67 83.00 53.33 92.67 57.67 43.67 48.33 92.67 82.00

Data Dependent
1 12.00 11.67 0.00 22.67 65.00 25.00 66.00 39.00 0.67 18.33 89.33 35.33
5 32.33 19.33 0.00 31.33 60.67 25.00 93.67 30.33 25.00 13.33 84.33 37.67
10 28.33 35.33 0.00 31.00 58.67 25.00 95.00 29.00 32.33 30.00 81.67 40.33
20 27.00 18.00 0.00 30.00 57.00 25.00 66.00 26.00 32.33 37.33 80.67 34.67
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find that this is the case for all values of the residual cross-correlation parameter ρ. In

comparison, the bootstrap methods of Kosowski et al. (2006) and Fama and French

(2010) and the FDR method of Ferson and Chen (2015) are all generally insensitive

to the significance level in terms of bias and RMSE. The only exception is for small

sample simulations for the Fama and French (2010) method when the residual cross-

correlation coefficient is ρ = 0.3.

For small sample simulations, we find that irrespective of the significance thresh-

old level, it is the bootstrap methods of Kosowski et al. (2006) and Fama and French

(2010) and the FDR method of Ferson and Chen (2015) that produce the lowest av-

erage absolute bias and the lowest average RMSE. We also find that these methods

lead to higher CPs. Thus, we show that this result holds irrespective of the chosen

significance threshold.

The results for large sample simulations are more dispersed for different signifi-

cance levels. This suggests that the ranking of the methods is more sensitive to the

chosen significance level in the large sample settings. For example, if we consider the

20% significance level, we find that the benchmark model and the two FDR methods

of Barras et al. (2010) and Ferson and Chen (2015) produce the smallest average abso-

lute bias and the smallest average RMSE. In comparison, we find that the methods

with the most attractive large sample properties in Section 1.4.3 is the bootstrap

method of Fama and French (2010) and the two FDR methods of Barras et al. (2010)

and Ferson and Chen (2015).

1.4.5 Small and Large Sample Simulation Results for Discrete Skill

Distribution

In this section, we simulate monthly alphas from the approximately discrete skill

distribution and investigate how much impact confounded funds have on our main

results. We present the results for small and large sample simulations in Table 1.6.

From both the small and large sample simulations in Table 1.6, we find qualita-

tively similar results to our simulation study using the continuous skill distribution.

Specifically, for the small sample simulations in Panel A, we find that the two boot-

strap methods by Kosowski et al. (2006) and Fama and French (2010) and the FDR

method of Ferson and Chen (2015) produce the lowest average absolute bias and

lowest average RMSE. For the large sample simulations in Panel B, we find that the

methods that lead to the lowest average absolute bias and lowest average RMSE are

the bootstrap method of Fama and French (2010) and the two FDR methods of Barras

et al. (2010) and Ferson and Chen (2015). The results suggest that the ranking of the

selection methods is robust to whether skill is generated from a continuous or an

approximately discrete distribution.
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Table 1.6: Small and Large Sample Properties: Discrete Skill Distribution

This table presents robustness results for cross-sectional skill distributions simulated by Equation (1.3).
In Panels A and B, we report average absolute bias, average RMSE, and average CP for small and large
sample simulations, respectively. Small sample simulations are based on T = 60 time series observations,
whereas large sample simulations are based on T = 307 time series observations. Both small and large
sample simulations report results for N = 500 funds. In both panels, we present estimates for simulations
where skill is generated from either a continuous (C) or discrete (D) skill distribution as in Figures 1.1 and
1.2, respectively. The continuous estimates are also reported in Tables 1.3 and 1.4 and are restated for
ease of comparison to the estimates from the discrete skill distribution. Estimates are presented for the
mutual fund selection methods: benchmark model (1), benchmark model with a Bonferroni correction
(2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al. (2010) (5), Ferson and Chen
(2015) (6), and Harvey and Liu (2018) (7). We present results based on three different data generating
processes in both panels. For all results in this table, return panels are generated with serially independent
residuals. In each panel, we consider fixed pairwise correlation coefficients between all funds for ρ = 0 and
ρ = 0.3. We also present results for data dependent correlation coefficients to match actual cross-sectional
data heterogeneity. The true weights of the s = +,−,0 skill distributions are π+ = 11%, π− = 59% and
π0 = 30%. For M = 100 Monte Carlo simulations, we calculate Avg. Abs. Bias = 1

S
∑S

s=1 |Biass |, Avg. RMSE =
1
S

∑S
s=1 RMSEs , and Avg. CP = 1

S
∑S

s=1 CPs across all skill distribution estimates. Biass , RMSEs and CPs are
defined in Equations (1.4)-(1.6), respectively. Results are stated in percentages.

(1) (2) (3) (4) (5) (6) (7)

Threshold C D C D C D C D C D C D C D

Panel A: Small Sample Results

ρ = 0

Avg. Abs. Bias 27.49 34.13 42.50 45.66 5.11 7.16 1.44 7.28 20.24 27.85 6.20 18.85 26.33 34.65

Avg. RMSE 27.61 34.16 42.51 45.66 6.38 7.41 4.65 7.51 21.09 28.13 8.24 19.27 45.08 41.22

Avg. CP 10.67 0.00 0.00 0.00 75.33 23.67 91.33 20.00 32.00 1.00 64.00 0.67 93.33 92.67

ρ = 0.30

Avg. Abs. Bias 26.77 33.62 42.33 45.63 7.38 16.71 20.63 33.15 19.48 28.83 8.05 20.33 21.42 31.73

Avg. RMSE 28.59 34.65 42.39 45.65 19.03 22.03 28.01 37.10 24.58 31.29 18.65 23.98 44.78 37.84

Avg. CP 32.67 16.67 0.00 0.00 85.00 91.33 72.67 88.67 49.33 61.00 91.00 95.33 94.00 94.33

Data Dependent

Avg. Abs. Bias 18.02 28.20 38.69 44.32 10.37 9.20 4.01 13.04 15.13 19.81 7.91 15.14 25.25 27.82

Avg. RMSE 22.07 28.66 38.75 44.35 13.14 10.81 10.33 15.97 16.53 21.04 10.92 17.14 44.11 33.53

Avg. CP 30.67 7.33 0.00 0.00 59.00 86.33 91.67 63.33 31.67 37.67 79.67 74.33 90.33 95.67

Panel B: Large Sample Results

ρ = 0

Avg. Abs. Bias 14.17 17.52 28.57 38.05 14.37 9.31 14.22 9.28 8.98 8.03 7.57 8.24 19.04 20.77

Avg. RMSE 14.33 17.59 28.63 38.06 14.65 9.60 14.50 9.58 9.68 8.52 8.38 8.45 34.99 24.29

Avg. CP 3.00 0.00 0.00 0.00 17.33 27.00 17.33 23.67 29.33 30.00 31.00 3.00 85.00 96.33

ρ = 0.30

Avg. Abs. Bias 14.57 17.31 28.59 37.78 14.66 12.44 5.96 10.80 9.37 10.48 8.47 7.97 20.12 17.98

Avg. RMSE 15.78 18.56 28.97 37.99 17.94 14.12 10.52 12.79 11.76 12.04 11.26 9.64 36.71 21.19

Avg. CP 33.67 36.33 17.33 0.00 51.67 59.33 88.00 78.67 74.67 81.67 78.00 93.33 85.67 94.33

Data Dependent

Avg. Abs. Bias 9.47 8.50 19.72 29.33 16.27 10.97 11.52 9.48 9.01 4.09 8.23 4.15 14.61 12.94

Avg. RMSE 9.92 8.96 20.19 29.49 16.73 11.56 12.43 9.90 9.69 4.93 8.81 4.78 27.70 15.00

Avg. CP 17.67 26.33 32.33 0.00 22.33 30.67 29.33 26.00 35.00 94.00 33.33 73.00 85.33 88.00
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1.5 Empirical Comparison of Mutual Fund Selection Methods

We apply the selection methods to the mutual fund data set. We estimate the fractions

of unskilled, zero-alpha, and skilled funds, respectively, for the full sample period

from 1992-2017 and for the six five-year subsamples from Table 1.1. We compare the

results across mutual fund selection methods.

Table 1.7: Full Sample Mutual Fund Skill Fractions

This table shows estimates for groups of unskilled (π−), zero-alpha (π0), and skilled (π+) funds with at
least 60 monthly return observations covering the sample period from June 1992 to December 2017. Skill
estimates are presented for all investment styles (1,481 funds) in Panel A and investment styles: Aggressive
Growth (96 funds), Growth (849 funds), Growth and Income (430 funds), and Income (106 funds) in Panels
B-E, respectively. The table presents results for the following mutual fund selection methods: benchmark
model (1), benchmark model with a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French
(2010) (4), Barras et al. (2010) (5), Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7). Results are
stated in percentages.

(1) (2) (3) (4) (5) (6) (7)

Panel A: All Investment Styles
π− 23.70 0.61 79.27 79.27 35.85 85.64 100.00
π0 75.56 99.39 20.73 20.73 64.15 14.36
π+ 0.74 0.00 0.00 0.00 0.00 0.00

Panel B: Aggressive Growth Funds
π− 13.54 0.00 77.08 76.04 24.24 68.88 100.00
π0 86.46 100.00 22.92 23.96 75.76 31.12
π+ 0.00 0.00 0.00 0.00 0.00 0.00

Panel C: Growth Funds
π− 22.85 0.71 79.86 79.86 37.97 66.14 100.00
π0 76.33 99.29 20.14 20.14 62.03 33.86
π+ 0.82 0.00 0.00 0.00 0.00 0.00

Panel D: Growth and Income Funds
π− 26.28 1.63 78.84 78.84 37.21 80.39 100.00
π0 73.26 98.37 21.16 21.16 62.79 19.61
π+ 0.47 0.00 0.00 0.00 0.00 0.00

Panel E: Income Funds
π− 29.25 4.72 77.36 77.36 43.40 67.68 100.00
π0 68.87 95.28 22.64 22.64 56.60 32.32
π+ 1.89 0.00 0.00 0.00 0.00 0.00

Table 1.7 shows the empirical results for the entire sample period. Each panel

shows the estimated fractions of unskilled, zero-alpha, and skilled funds for the differ-

ent investment styles: Panel A for all investment styles, panel B for aggressive growth

funds, panel C for growth funds, panel D for growth and income funds, and panel E

for income funds. The fraction of unskilled, neutral, and skilled funds are about the

same across investment styles for a given fund selection method. So, investment style

is only of minor importance when comparing fund selection methods.

All methods except Harvey and Liu (2018) (informally) identify two skill distribu-
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tions in the data, namely unskilled and neutral funds. We see this because they find

that roughly zero percent of the funds are skilled, π+ ≈ 0. Only the benchmark model

finds skilled funds (0.7%), however not more than we would expect due to Type I

errors. Additionally, our simulation results suggest that the benchmark model overes-

timates the fraction of skilled funds. The finding of no skilled funds is consistent with

the mutual fund literature in general, cf. Carhart (1997).

The benchmark model and the adjusted benchmark model both find that most of

the funds have neutral performance (76% and 99%, respectively). The same results

are found by the FDR method of Barras et al. (2010) (64%). In contrast, the bootstrap

methods of Kosowski et al. (2006) and Fama and French (2010), as well as the FDR

method of Ferson and Chen (2015) find that most of the funds are unskilled (79%,

79%, and 86%). The large fraction of unskilled funds identified by the methodology of

Ferson and Chen (2015) is noteworthy in light of our simulation results. Our results

indicate that this approach underestimates the fraction of unskilled funds.

We find that there is considerable variation in the empirical results across selec-

tion methods. This is similar to our simulation results, where the benchmark model

and Barras et al. (2010) find the most zero-alpha funds. This could indicate that they

are overly conservative. In the simulation study we find that the bootstrap methods

and the Ferson and Chen (2015) method are the most precise for small samples.

These methods produce very similar results empirically by finding mostly unskilled

funds and classifying the remaining funds as zero-alpha funds.

The empirical findings based on the methodology of Harvey and Liu (2018) are

very different from the other six methods. This method only finds unskilled funds.22

The simulation results for this method are also very different from the other methods,

both for small and large samples.

Table 1.8 shows the estimated fractions of unskilled, neutral, and skilled funds for

each of the subperiods for all investment styles.

The Harvey and Liu (2018) model still only detects one skill group for all five-year

periods; unskilled funds. Here the results are unchanged compared to the full sample.

Otherwise, the fraction of unskilled, neutral, and skilled funds vary considerably

across subsamples and selection methods.

We find some skilled funds when we consider five-year subsamples. This contrasts

the results for the full sample period, where the fraction of skilled funds is approxi-

mately zero for all selection methods and investment styles. Still, with the notable

exception of Ferson and Chen (2015), all models identify very low fractions of skilled

funds. The Ferson and Chen (2015) method identifies very high fractions of skilled

funds in the first two sub-periods (20% and 32%), but no skilled funds in the last part

of our sample. For the 1992-1997 period, the different results could partly be due

to the popularization of the Fama and French (1993) SMB and HML factors around

22When we use a two-component GMD specification, we find that the two GMD components have
identical location and standard deviation parameter estimates. Therefore, we do not test whether the
model with two GMD components provide an improvement over a one component specification.
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Table 1.8: Five-Year Mutual Fund Skill Fractions

This table shows estimates for groups of unskilled (π−), zero-alpha (π0), and skilled (π+) funds across
five-year subperiods from June 1992 to December 2017. For each five-year sub-period, a fund is included
if it has at least 24 monthly return observations out of potentially 60 observations. Skill estimates are
presented for the following mutual fund selection methods: benchmark model (1), benchmark model with
a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al. (2010) (5),
Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7). Results are stated in percentages.

Time Period (1) (2) (3) (4) (5) (6) (7)

92-97 π− 9.81 0.38 47.55 0.75 9.43 68.24 100.00
π0 83.02 99.62 48.68 99.25 90.57 12.06
π+ 7.17 0.00 3.77 0.00 0.00 19.70

97-02 π− 6.29 0.39 47.74 0.00 10.43 49.39 100.00
π0 88.21 99.02 48.53 99.61 86.88 19.02
π+ 5.50 0.59 3.73 0.39 2.69 31.59

02-07 π− 21.98 1.22 72.21 71.91 32.27 66.68 100.00
π0 76.95 98.63 27.79 28.09 67.73 33.32
π+ 1.07 0.15 0.00 0.00 0.00 0.00

07-12 π− 24.25 0.56 78.26 78.08 34.14 88.13 100.00
π0 75.00 99.44 21.74 21.92 65.86 10.85
π+ 0.75 0.00 0.00 0.00 0.00 1.02

12-17 π− 13.58 0.57 77.02 77.02 27.61 63.79 100.00
π0 85.75 99.43 22.98 22.98 72.39 36.21
π+ 0.67 0.00 0.00 0.00 0.00 0.00

13-17 π− 19.88 0.58 81.85 81.76 39.19 73.16 100.00
π0 79.73 99.42 18.15 18.24 60.81 26.84
π+ 0.39 0.00 0.00 0.00 0.00 0.00

1993. Cremers and Petajisto (2009) find that the share of actively managed funds

decreases over time. They argue that recent data is influenced by ”closet indexing”

among active funds. This could also indicate less skill in more recent data.

The two benchmark models and the Barras et al. (2010) method find that the

majority of funds are neutral during all subsamples. Likewise, Ferson and Chen (2015)

find that the majority of funds are unskilled in all sample periods. For those four

methods the subsample results are similar to the entire sample results.

For the bootstrap methods of Kosowski et al. (2006) and Fama and French (2010),

the results change over time. In the first two subperiods (1992-1997 and 1997-2002),

the majority of funds have neutral skills, hereafter the majority are unskilled, similar

to the entire sample period. The fractions of unskilled and neutral funds for the two

bootstrap methods are quite different. This is due to the larger confidence intervals of

the Fama and French (2010) method compared to the Kosowski et al. (2006) method.

The finding of less unskilled funds in the earlier part of our sample period is consistent

with Kosowski et al. (2006), Barras et al. (2010), and Ferson and Chen (2015). All find

that fund performance becomes worse in more recent data.
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1.6 Conclusion

We set up a simulation study based on an empirically motivated composite skill distri-

bution and investigate the performance of seven popular fund selection methodolo-

gies. We document significant differences in performance between the methodolo-

gies for both short and long sample periods. Furthermore, we show that the relative

performance of the models differs for short and long samples. This indicates that

inference on short sample performance based on simulations with long samples can

be misleading. Similar results are found for different levels of significance and an

approximately discrete performance distribution.

We carry out an empirical analysis of the selection methodologies for US equity

mutual funds. We show that the differences in performance of the selection methods

are empirically relevant for short subsamples as well as for a larger sample.
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Appendix

A.1 Mutual Fund Selection Methods

This appendix describes how we implement the non-benchmark mutual fund se-

lection methods that we include in our study. Section A.1.1 describes the bootstrap

method of Kosowski et al. (2006), Section A.1.2 describes the bootstrap method of

Fama and French (2010), Section A.1.3 describes the false discovery rate method of

Barras et al. (2010), Section A.1.4 describes the FDR method of Ferson and Chen

(2015), and Section A.1.5 describes the structural modeling approach of Harvey and

Liu (2018).

A.1.1 Kosowski et al. (2006) Bootstrap Method

To employ the Kosowski et al. (2006) bootstrap, we estimate the four-factor benchmark

model in Equation (1.1) for fund i and save the parameter estimates, the t̂ (α̂i )-statistic

and the time series of fitted residuals {ε̂i t , t = Ti 0, ...,Ti 1}. Time indices Ti 0 and Ti 1

denote the first and last monthly return for fund i. Next, we draw with replacement

a pseudo time series of residuals, {ε̂b
i ,tε

, tε = sb
Ti 0

, ..., sb
Ti 1

}, where b is an index for the

bootstrap simulation run and time indices sb
Ti 0

, ..., sb
Ti 1

are drawn uniformly from

fund i’s original time indices Ti 0, ...,Ti 1. Under the null hypothesis of zero abnormal

performance, we generate pseudo excess returns:

Rb
i ,t = β̂i X t + ε̂b

i ,tε
, (A.1)

where the excess return series for fund i is generated with the original parameter

estimates, factor returns in their original historical ordering, and the resampled vector

of residuals.

We then regress the pseudo excess returns on the original set of factor returns,

Rb
i ,t =αb

i +βb
i X t + ε̃i ,t , (A.2)

and save the estimate of t̂(α̂b
i ). We estimate t̂(α̂b

i ) with a Newey and West (1987)

heteroskedasticity and autocorrelation adjusted standard error. Note that the true

values of the saved bootstrapped statistics are zero, as implied by the data generating

process in Equation (A.1). To form cross-sectional bootstrap distributions of t̂ (α̂b
i ) we

repeat the outlined procedure for all funds i = 1, ..., N across b = 1, ...,1,000 bootstrap

iterations.

In order to perform inference, we sort the cross-sectional bootstrapped statistics

in descending order for each bootstrap simulation. This produces N probability

density functions (PDFs), which solely depend on sampling variation. Inference is

drawn for each fund by comparing actual t̂
(
α̂i

)
-estimates sorted in descending order

with sorted bootstrap PDFs. Conditional on the sign of the sorted t̂(α̂i )-estimate,
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we test the null hypothesis of zero abnormal performance against either positive

abnormal performance (αi > 0) or negative abnormal performance (αi < 0).

As an example, suppose that the best ex-post performing fund in terms of its

t-statistic has a t̂
(
α̂i

)
-estimate that is larger than the 5% upper tail cutoff value of

the corresponding bootstrapped PDF. We then draw the conclusion that the top-

performing fund has a higher t-statistic than what can be attributed to luck alone.

We compute estimates of skilled, unskilled, and zero-alpha funds by the counts of

significant and insignificant fund t-statistics. We choose a 5% upper or lower tail

cutoff values conditional on the sign of t̂
(
α̂i

)
in each hypothesis test corresponding

to our significance level.

A.1.2 Fama and French (2010) Bootstrap Method

To employ the method of Fama and French (2010), we estimate α̂i and the t̂(αi )-

statistic from the four-factor benchmark model in Equation (1.1) for each fund i.

We uniformly draw, with replacement, a common time index for all funds, tF F =
sb

T0
, ..., sb

T1
, where T0, ...,T1 denote the first and the last month of the fund sample that

we investigate. This is done by resampling excess returns according to the common

time-index, tF F , and deducting fund i’s estimated alpha at all resampled time-periods

where fund i has a monthly excess return observation. We drop a fund in a bootstrap

simulation run if that fund has less than 12 monthly resampled returns. For fund i,

we generate a pseudo excess return series under the null hypothesis of zero abnormal

performance. Further, we resample the common risk factors according to the time

index tF F , which allows us to regress the zero-alpha excess returns on the jointly

resampled set of factor returns:

Rb
i ,tF F

− α̂i =αb
i +βb

i X b
tF F

+ ε̃i ,t . (A.3)

From Equation (A.3), we save t̂ (α̂b
i ) and repeat the outlined procedure for all funds i =

1, ..., N across b = 1, ...,1,000 bootstrap iterations. We estimate t̂ (α̂b
i ) with a Newey and

West (1987) heteroskedasticity and autocorrelation adjusted standard error. Inference

is performed similarly to the Kosowski et al. (2006) bootstrap method.

A.1.3 Barras et al. (2010) False Discovery Rate Method

We employ the Barras et al. (2010) FDR method to estimate fractions of skilled, un-

skilled and zero-alpha funds. Barras et al. (2010) estimate the fraction of zero-alpha

funds as:

π̂0(λ) = Ŵ (λ)

N

1

1−λ , (A.4)

where λ is a significance threshold above which p-values of fund alphas are assumed

to be generated by zero-alpha funds, Ŵ (λ) is the number of funds with a p-value
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higher than the significance threshold λ and N is the number of funds in our sample.

We select an optimal significance threshold, λ∗ ∈ [
0.30,0.70

]
, following the bootstrap

method by Storey (2002), which minimizes the mean squared error of the point es-

timator π̂0(λ). The fund p-values required to compute Ŵ (λ) are obtained with the

Kosowski et al. (2006) bootstrap procedure, where we account for potential asym-

metry in funds’ estimated t-statistics by calculating bootstrapped p-values as in

Davidson and MacKinnon (2004). Note that to calculate p-values we do not sort the

cross-sectional bootstrap statistics. Instead we calculate double sided p-values as:

p̂i = 2 ·min

(
1

B

B∑
b=1

I{t̂ b
i > t̂i },

1

B

B∑
b=1

I{t̂ b
i < t̂i }

)
, (A.5)

where B = 1,000 is the number of bootstraps, t̂i is the empirical estimate from Equa-

tion (1.1) for fund i , t̂ b
i is a bootstrapped t-statistic for fund i from the Kosowski

et al. (2006) method, and I{·} is an indicator function that takes on the value 1 if the

statement in curly brackets is true.

To correct for false discoveries, we estimate the fraction of funds that are expected

to exhibit significant performance purely by chance:

F̂+
(
γ
)= F̂−

(
γ
)= π̂0 ·γ/2, (A.6)

where F̂+
(
γ
)

and F̂−
(
γ
)

are the estimated fractions of lucky and unlucky funds at a

given significance level γ, respectively. We estimate the final fractions of skilled and

unskilled funds by subtracting the expected fraction of funds that have significant

performance purely by chance from the fractions of significantly outperforming,

Ŝ+(γ), and underperforming funds, Ŝ−(γ):

π̂+(γ) = Ŝ+(γ)− π̂0 ·γ/2, (A.7)

π̂−(γ) = Ŝ−(γ)− π̂0 ·γ/2.

The fractions Ŝ+(γ) and Ŝ−(γ) are determined from the p-values calculated with

Equation (A.5) at a given significance level γ. Similar to selecting λ∗, we select a

sufficiently high significance level, γ∗ ∈ [
0.30,0.50

]
, with a bootstrap method that

minimizes the MSE of the point estimators π̂+(γ) and π̂−(γ). Further, we truncate the

estimated fractions of skilled and unskilled funds at zero if negative.23

A.1.4 Ferson and Chen (2015) False Discovery Rate Method

Ferson and Chen (2015) propose a generalization of the false discovery rate method

by Barras et al. (2010). We employ their generalization and follow their three-stage

estimation procedure with a fixed significance level of γ= 20%.

23Details on the bootstrap methods for selecting λ∗ and γ∗ are available in an appendix available at
Laurent Barras’s personal web site.
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In the first estimation stage, we perform three bootstrap simulations with the

Fama and French (2010) method. First, we simulate the cross-section of mutual

fund alphas by imposing zero abnormal performance under the null hypothesis.

This produces two critical values t+ and t−, where t+ is a value above which 10% of

bootstrapped t-statistics are placed when the null of zero abnormal performance is

true. Similarly, t− is a value below which 10% of bootstrapped t-statistics are placed

when the null of zero abnormal performance is true.

Second, we simulate the cross-section of alphas under the alternative that funds

are truly good and centered around α+ > 0. This simulation produces a parameter

estimate, φ̂+, reflecting the power of the test for good funds and a parameter estimate,

δ̂−, which reflects the confusion of the test for good funds. The power parameter is

the fraction of bootstrapped t-statistics above t+, while the confusion parameter is

the fraction of bootstrapped t-statistics below t−.

Third, we simulate the cross-section of alphas under the alternative that funds are

truly bad and centered around α− < 0. Again, we obtain a power parameter estimate,

φ̂−, and a confusion parameter estimate δ̂+. The power parameter is the fraction

of bootstrapped t-statistics below t− and the confusion parameter is the fraction of

bootstrapped t-statistics above t+.

In the second estimation stage, we apply the information contained in the power

and confusion parameter estimates from the actual cross-section of funds. We denote

Ŝ− and Ŝ+ as the fraction of funds with significant under- and over performance,

respectively. We compute Ŝ− as the fraction of empirical t-statistics below t−, and we

calculate Ŝ+ as the fraction of empirical t-statistics above t+. Then, we minimize the

MSE of the equations:

Ŝ− = π̂0 ·γ/2+ φ̂−π̂−+ δ̂−π̂+, (A.8)

Ŝ+ = π̂0 ·γ/2+ φ̂+π̂++ δ̂+π̂−.

We numerically minimize the MSE of Equations (A.8) with respect to the two

unknowns π̂+ and π̂− subject to the Kuhn-Tucker conditions π̂+ ≥ 0, π̂− ≥ 0 and

π̂++ π̂− ≤ 1. This gives us estimates for fractions of skilled, unskilled, and zero-alpha

funds due to the relation π0 = 1−π+−π−.

In the third estimation stage, we search for the best values of α− and α+ in

terms of model fit. That is, we perform a grid search across a range of alpha values,

repeating the first two stages of the estimation procedure, thus obtaining candidate

estimates for skilled, unskilled, and zero-alpha funds. In our empirical analysis, we

search across the annualized alpha values α ∈ ±[0.48%,4.80%] with increments of

±0.48%.24 For each set of alpha values, we obtain fund alpha t-statistics based on the

implied simulated mixture distribution, which we compare to fund alpha t-statistics

estimated from actual data.

24In our simulation study, we search across the annualized alpha values α ∈±[2.4%,7.2%] with incre-
ments of ±2.4%. We use higher values of alpha in the simulation study to obtain larger values of the power
parameters φ− and φ+.
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A formal comparison between the simulated mixture distribution and the actual

data in terms of goodness of fit is determined by the Pearson χ2 statistic:

Pearson χ2 =
K∑

k=1

(
Ok −Mk

)2

Ok
, (A.9)

where K is the number of cells, Ok is the number of fund alpha t-statistics coming

from cell k in the data, and Mk is the number of fund alpha t-statistics coming from

cell k using the model. The null hypothesis of the Pearson χ2 test is that the observed

frequency distribution is the same as the model frequency distribution. This implies

that the lowest Pearson χ2-statistic across our range of alpha values produces our

final estimates of the fractions for skilled, unskilled, and zero-alpha funds.

A.1.5 Harvey and Liu (2018) Noise Reduced Alpha Model

In order to estimate fractions of skilled, unskilled, and zero-alpha funds in our simula-

tion study, we employ the noise reduced alpha (NRA) model of Harvey and Liu (2018)

up to a three-component GMD and apply their four-stage estimation procedure. The

GMD is characterized by the following parameters:

θ = ({πl }G
l=1, {µl }G

l=1, {σ2
l }G

l=1), (A.10)

where πl are the weights, µl are the means and σ2
l are the variances for the G = 3

mixture components.

In the first estimation stage, we denote K = [θ
′
,B

′
,Σ

′
] as the parameters to be

estimated. B and Σ contain the individual fund-by-fund slope estimates and residual

standard deviation estimates from the four-factor benchmark model in Equation (1.1).

For the first iteration, K0, we initialize the EM algorithm with equation-by-equation

OLS estimates forB andΣ. For the initialization of the GMD parameters, we randomly

draw economically meaningful values for the mean and variance parameters, and

random values for the weight components such that the relation
∑G

l=1πl = 1 is kept.

Specifically, in our empirical study, we guess prior to the estimation that skilled funds

have an annual mean parameter of µ+ ∈ [0.1%,20%], unskilled funds have an annual

mean parameter of µ− ∈ [−0.1%,−20%] and zero-alpha funds are centered around

an annual mean parameter of zero. For all skill groups, we guess that the annual

standard deviation of the mean parameter is σl ∈ [0.1%,10%].25 The initial values

of the component weights are selected from a sequential procedure where the first

weight π1 is set to a random value w1 ∈ [0,1]. The guess for the second component

weight, π2, is set to a random value over the interval w2 ∈ [0,1−w1] such that the

final guess for π3 becomes w3 = 1−w1 −w2. To avoid a local optimum for the EM

algorithm, we generate 100 different sets of starting values for the parameter θ in

each estimation run.

25In the simulation study, we initialize the annualized mean parameters as µ+ ∈ [0.1%,5%] and µ− ∈
[−0.1%,−5%]. Further, we initialize the annualized standard deviations as σl ∈ [0.1%,5%].
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The second stage of the estimation uses the parameters from the s’th iteration of

the EM algorithm, K(s), to calculate the expected value of the complete log likelihood

function. The complete log likelihood function is stated with respect to the condi-

tional fund alpha distribution A, current parameter values, and excess fund returns

denoted R:

L(K|K(s)) = EA|R,K(s) [log f (R,A|K)],

= EA|R,K(s) [
N∑

i=1
log f (Ri ,t |αi ,βi ,σi ) f (αi |θ)]. (A.11)

The closed-form solution of L(K|K(s)) does most likely not exist. Therefore, we

implement a Monte Carlo EM algorithm, which replaces the expectation in Equation

(A.11) with the sample mean. The sample mean is calculated from simulating M = 100

alpha cross-section samples from the conditional fund alpha distribution A|R:

L̂(K|K(s)) = 1

M

M∑
m=1

[
N∑

i=1
log f (Ri ,t |αm

i ,βi ,σi ) f (αm
i |θ)]. (A.12)

In the third stage of the estimation procedure, we maximize L̂(K|K(s)) by updating

parameter estimates from K(s) to K(s+1). This is a simple task, as we update fund

parameters B and Σ, and parameters governing the GMD, θ, separately. That is, we

rewrite Equation (A.12) to:

L̂(K|K(s)) =
N∑

i=1

1

M

M∑
m=1

log f (Ri ,t |αm
i ,βi ,σi )+ 1

M

M∑
m=1

N∑
i=1

log f (αm
i |θ), (A.13)

where the first part depends on B and Σ, and the latter part depends on θ. We update

B and Σ according to their exact Maximum Likelihood Estimate (MLE), while we

update GMD parameters using responsibilities calculated from the E-step of the

algorithm.26

The fourth stage of the EM algorithm works by iterating between stages two

and three. We achieve convergence at the s-th iteration of the EM-algorithm if the

difference between all parameters in θs−1 and θs are below some threshold δl i m or

the iteration counter s hits an upper predefined limit Sl i m .

We start an estimation run with 100 initial guesses of θ and save computational

time via three intermediate optimization steps. The first intermediate step sets soft

thresholds at δl i m = 10−1 and Sl i m = 30, which produces 100 rough sets of param-

eter estimates as candidates for an optimum. We rank the candidates according to

their optimized component log likelihood function and select the 20 best parame-

ter sets. In the second intermediate step we set tougher thresholds at δl i m = 10−2

and Sl i m = 50, and rerun the EM-algorithm with the best parameter sets from the

previous optimization step. This produces 20 candidates for an optimum, which we

26The formulas for parameter updates are available in Appendix A of Harvey and Liu (2018).
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rank according to their optimized component log likelihood function. Finally, we

select the 10 best sets of parameter estimates and rerun the EM-algorithm at the

computationally demanding thresholds δl i m = 10−3 and Sl i m = 100. After this final

optimization step, we obtain the optimal parameter set, K∗ = [θ∗,B∗,Σ∗], according

to the optimized component log likelihood function.

A.2 Mutual Fund Sample Description

In this appendix we provide a detailed description of our mutual fund sample. We

document how we exclude passive- and load share classes, how we mitigate omission-

, incubation-, and back-fill bias, how we combine multiple share classes, and how

we classify funds’ investment objective using information obtained from the CRSP

Survivor Bias Free Mutual Fund Database.

A.2.1 Exclusion of Passive Fund Share Classes

We exclude passive mutual fund share classes from the original data if the CRSP

index_fund_flag equals "B", "D", or "E", corresponding to index-based funds, pure

index funds, or index fund enhanced, respectively. The variable index_fund_flag

is available from 2003 and onwards. Therefore, we also search fund names for the

keyword "index" and remove fund share classes where this is the case. Further, we

also exclude exchange traded fund (ETF) share classes and exchange traded note

(ETN) share classes if the CRSP et_flag equals either "F" or "N".

A.2.2 Exclusion of Load-Fund Share Classes

We obtain information on front- and rear-loads from the CRSP variables front_load

and rear_load. We exclude all load share classes, i.e. share classes that have ever had

a load larger than 0%.

A.2.3 Omission-, Incubation-, and Back-Fill Bias Screens

In order to avoid omission bias (e.g., Elton et al. (2001)) and incubation and back-

fill bias (e.g., Evans (2010)), we use information from a number of CRSP database

variables. First, we exclude share class return observations prior to the reported year

of share class organization. This is done with the variable first_offer_dt, which reports

the first date a fund is offered. Second, if the date where a share class is first offered is

missing, then we exclude that share class from our sample. Third, we exclude share

classes that initially have less than $5 million TNA. Share classes that subsequently

fall below $5 million in assets under management are allowed to remain in the sample.

We use the CRSP variable mtna to find the date where a fund share class is eligible to

enter our sample.
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A.2.4 Combining Multiple Share Classes

The CRSP database lists different share classes with the variable crsp_fundno and

assigns share classes into fund portfolios by the variable crsp_portno for funds that

are active after July 2003. Therefore, for fund share classes that are inactive after July

2003, we combine multiple share classes into specific fund portfolios by investigating

the name and monthly returns of individual share classes by using the CRSP variables

fund_name and mret, respectively.

A.2.5 Fund Classification by Investment Objective

We focus on active no-load open-end US domestic equity fund share classes. We

define equity share classes as classes that, at some point in time, have 80% or more

common stocks in their portfolio and use the CRSP variable per_com to find the

first date for funds to be eligible in our sample. Conditional on our chosen fund

screens, our resulting sample of 1,481 domestic equity funds are each assigned one

of four broad investment objectives. We classify funds as aggressive growth, growth,

growth and income, or income funds using objective codes from Wiesenberger (1962-

1993), Strategic Insight (1993-1998), and Lipper (1998-present). We select the first

available investment objective to classify a fund throughout its life. That is, after

combining multiple share classes, we let the first available share class investment

objective determine the investment objective of the entire fund. Our classification of

investment objectives is listed as follows:

• Aggressive Growth: Wiesenberger: AGG, AG; Strategic Insight: AGG; Lipper: CA.

• Growth: Wiesenberger: G, G-S, S-G, GRO, LTG; Strategic Insight: GRO; Lipper:

G.

• Growth and Income: Wiesenberger: GCI, G-I, G-I-S, G-S-I, I-G, I-G-S, I-S-G,

S-G-I, S-I-G, GRI; Strategic Insight: GRI; Lipper: GI.

• Income: Wiesenberger: I, I-S, IEQ, ING; Strategic Insight: ING; Lipper: EI, EIEI.

A.3 Simulation Study Details

This appendix provides details regarding the simulation study in Section 1.4.

A.3.1 Data Generating Process: Factor Returns and Residuals

In order to simulate factor returns in Equation (1.3), we draw from the normal distri-

bution X t ∼N(0,ΣX ). ΣX is the empirical covariance structure of the factor portfolio

returns which we model via a Cholesky factorization. The covariance matrix ΣX is
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given as:

ΣX =


σ2

MK T σMK T,SMB σMK T,H ML σMK T,MOM

σMK T,SMB σ2
SMB σSMB ,H ML σSMB ,MOM

σMK T,H ML σSMB ,H ML σ2
H ML σH ML,MOM

σMK T,MOM σSMB ,MOM σH ML,MOM σ2
MOM

 . (A.14)

For this 4×4 symmetric and positive definite matrix, we find C = (ci j )i , j=1,...,4

s.t. ΣX = CCT where C is a square lower triangular matrix. We now calculate ci j

recursively as:

c j j =
√√√√Σ j j ,X −

j−1∑
s=1

c2
j s , (A.15)

ci j = 1

c j j
(Σi j ,X −

j−1∑
s=1
Σi s,XΣ j s,X ), for i > j .

The implication of the equations above is that we can simulate correlated factor

portfolio returns by simulating standard normal variates. That is, we can generate

the four factor returns component by component at each time t as:

Xk =
k∑

s=1
cks Ys , k = 1, ...,4, (A.16)

Ys
i .i .d .∼ N(0,1).

Similar to generating correlated factor portfolio returns, we follow the same Cholesky

factorization when we impose different correlation structures in fund residual series.

Consider the covariance matrix of the fund residual series:

Ωu =


ω2

11 ω12 . . . ω1N

ω21 ω2
22 . . . ω2N

...
...

. . .
...

ωN 1 ωN 2 . . . ω2
N N

 . (A.17)

As an example, if we want a correlation coefficient of ρ = 0.3 for all non diagonal

elements, then we model the covariance between fund i and j as:

ωi j = ρi j

√
ω2

i iω
2
j j , (A.18)

where ωi i and ω j j are standard deviation estimates of fitted residual series for fund

i and j . When we simulate with empirically motivated correlation coefficients, we

estimate these for all funds with 60 return observations in the last five years of our

sample (January 2013 - December 2017). We choose this period since this is when

most funds exist simultaneously (929 funds). In each Monte Carlo simulation, we
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generate excess returns for 500 funds. Therefore, we draw 500 random funds and use

their pairwise correlation coefficients in every simulated panel of excess returns.

Note that due to numerical instability, the covariance matrix in Equation (A.17)

can be rank deficient. When this is the case, we use an eigenvalue decomposition

performed by the MATLAB function cholcov().

A.4 Serial Correlation

The results in this section are obtained in the same way as the results in Table 1.3 in

the main part of the text. The serial correlation is determined by setting γ= 0.08 in

Equation (1.3).



A.4. SERIAL CORRELATION 43

Table A.1: Small Sample Properties with First Order Serial Dependence

This table shows estimates for the simulated cross-sectional skill distributions generated by Equation (1.3).
Skill estimates are presented for the mutual fund selection methods: benchmark model (1), benchmark
model with a Bonferroni correction (2), Kosowski et al. (2006) (3), Fama and French (2010) (4), Barras et al.
(2010) (5), Ferson and Chen (2015) (6), and Harvey and Liu (2018) (7). We present estimates based on
three different data generating processes for N = 500 funds across T = 60 months. For all results in this
table, return panels are generated with first order serial dependence in residuals for γ= 0.08. In Panel A,
we consider fixed pairwise correlation coefficients between all funds of ρ = 0. In Panel B, we set ρ = 0.3,
while Panel C presents results based on empirical correlation coefficients to match actual cross-sectional
data heterogeneity. The true weights of the s = +,−,0 skill distributions are π+ = 11%, π− = 59% and
π0 = 30%. For M = 100 Monte Carlo simulations, we calculate bias, RMSE, and 95% CP for individual skill
distributions πs . Bias, RMSE, and CP use the following definitions: Biass = 1

M
∑M

m=1 π̂m,s −πs , RMSEs =√
1

M
∑M

m=1(π̂m,s −πs )2, and CPs = 1
M

∑M
m=1 I(π̂m,s −1.96σ̂π̂s ≤πs ≤ π̂m,s +1.96σ̂π̂s ). We also summarize

the average absolute bias, the average RMSE, and the average CP across all skill distribution estimates
where Avg. Abs. Bias = 1

S
∑S

s=1 |Biass |, Avg. RMSE = 1
S

∑S
s=1 RMSEs and Avg. CP = 1

S
∑S

s=1 CPs . Results are
stated in percentages.

(1) (2) (3) (4) (5) (6) (7)

Panel A ρ = 0

π− Bias -38.30 -54.19 1.96 1.96 -30.04 -10.25 -35.46
RMSE 38.34 54.19 2.77 2.77 30.20 11.09 48.66
CP 0.00 0.00 88.00 88.00 0.00 37.00 100.00

π0 Bias 41.72 64.22 -6.74 -0.44 31.47 3.60 -2.55
RMSE 41.78 64.23 8.05 4.68 31.87 7.36 36.23
CP 0.00 0.00 60.00 96.00 0.00 90.00 100.00

π+ Bias -3.42 -10.03 4.78 -1.52 -1.42 6.65 38.01
RMSE 3.62 10.04 6.94 5.17 3.48 7.62 55.25
CP 20.00 0.00 85.00 97.00 94.00 57.00 84.00

Avg. Abs. Bias 27.82 42.81 4.49 1.31 20.98 6.83 25.34
Avg. RMSE 27.91 42.82 5.92 4.21 21.85 8.69 46.71
Avg. CP 6.67 0.00 77.67 93.67 31.33 61.33 94.67

Panel B ρ = 0.3
π− Bias -37.68 -53.89 -3.02 -25.25 -29.16 -6.50 -36.89

RMSE 39.19 53.98 24.28 37.07 33.87 26.16 47.61
CP 8.00 0.00 96.00 90.00 54.00 99.00 100.00

π0 Bias 40.79 63.90 -8.81 30.56 29.75 -3.76 4.93
RMSE 41.40 63.95 11.02 38.45 31.61 13.74 38.67
CP 1.00 0.00 74.00 69.00 19.00 89.00 100.00

π+ Bias -3.12 -10.01 11.83 -5.31 -0.58 10.26 31.96
RMSE 6.87 10.06 27.88 11.04 11.32 20.81 51.05
CP 99.00 0.00 91.00 97.00 96.00 90.00 78.00

Avg. Abs. Bias 27.20 42.60 7.88 20.37 19.83 6.84 24.60
Avg. RMSE 29.15 42.66 21.06 28.85 25.60 20.24 45.77
Avg. CP 36.00 0.00 87.00 85.33 56.33 92.67 92.67

Panel C Data Dependent
π− Bias -31.80 -49.89 2.49 -5.40 -22.79 -12.19 -32.36

RMSE 32.19 49.95 8.36 15.14 23.90 15.09 44.90
CP 0.00 0.00 94.00 93.00 15.00 68.00 100.00

π0 Bias 32.06 58.75 -13.97 5.98 19.98 5.08 -4.74
RMSE 32.33 58.80 15.10 11.42 21.08 8.58 32.24
CP 0.00 0.00 33.00 87.00 19.00 89.00 99.00

π+ Bias -0.27 -8.86 11.48 -0.58 2.81 7.11 37.09
RMSE 4.09 8.94 17.15 8.71 7.34 10.66 52.50
CP 97.00 0.00 84.00 96.00 90.00 88.00 75.00

Avg. Abs. Bias 21.38 39.17 9.31 3.99 15.19 8.13 24.73
Avg. RMSE 22.87 39.23 13.54 11.76 17.44 11.44 43.21
Avg. CP 32.33 0.00 70.33 92.00 41.33 81.67 91.33
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Abstract

This paper investigates the role of active risk management in mutual funds. By ana-

lyzing mutual fund flows, I find that investors have an aversion towards quantile risk

measures such as Value-at-Risk and Expected shortfall. Notably, when controlling for

fund performance and relevant fund characteristics, traditional risk measures such

as standard deviation no longer explain future fund flows. In auxiliary regressions, I

document that the relation between fund flows and quantile risk is related to investor

clienteles, time-varying risk aversion, fund size, and fund age. Lastly, I find via panel

regressions that the best predictor of future fund flows is Value-at-Risk.
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2.1 Introduction

Thousands of actively managed mutual funds are available to investors, and, as a

result, funds compete to attract investor flows (cf. Lynch and Musto (2003), Taylor

(2003), and Basak and Makarov (2012)). In this regard, it is important for the indi-

vidual fund to identify an investment strategy that best suits investor demands. Part

of the reason is that investor flows are linked to compensation since mutual funds

typically charge a fee based on their total net assets (TNA). The mutual fund literature

documents that investors mainly base their investment decision on past fund perfor-

mance (e.g., Chevalier and Ellison (1997), Sirri and Tufano (1998), Fant and O’Neal

(2000), and Huang et al. (2007)).1 More recent, Berk and van Binsbergen (2016) and

Barber et al. (2016) show that performance measured as abnormal returns (alpha)

from the Capital Asset Pricing Model (CAPM) of Sharpe (1964) and Lintner (1965) are

the best predictors of future fund flows. However, Berk and van Binsbergen (2016)

and Barber et al. (2016) also document that much of the variation of fund flows is left

unexplained by fund performance. A natural question to ask is, then, what else than

past performance determines future fund flows?

The previous literature on mutual funds documents that future flows are sensitive

to advertising activities. For example, Cooper, Gulen and Rau (2005) find that mutual

funds can successfully change their names to reflect presently hot investment styles

and achieve higher subsequent inflows without any significant improvements in per-

formance. In a similar vein, Jain and Wu (2000) find that funds with previously good

performance that are advertised in Barron’s or Money magazine achieve significantly

higher subsequent inflows, although their ex-post advertisement performance can-

not be sustained. Mutual fund flows are also related to individual investor sentiment.

By using mutual fund flows as a measure of investor sentiment, Frazzini and Lamont

(2008) show that high investor sentiment predicts low future stock returns. Their

findings suggest that mutual fund flows are “dumb money”.2 The dumb money effect

is reiterated in Akbas, Armstrong, Sorescu and Subrahmanyam (2015), who find that

mutual fund flows exacerbate stock mispricings, whereas hedge fund flows (“smart

money”) attenuate aggregate mispricings.

This paper investigates the role of active risk management as a determinant of

mutual fund flows. Specifically, this paper asks whether investors pay attention to

the management of fund risk before they decide to invest in a mutual fund, and if

so, which type of risk investors pay the most attention to? To answer this question,

I use five competing measures of risk: standard deviation (STD), lower semi devi-

ation (LSEM), Value-at-Risk (VaR), expected shortfall (ES), and tail risk (TR). The

1This paper is concerned with fund performance that relies on traditional alpha measures in the spirit
of the CAPM (see Sharpe (1964) and Lintner (1965)). That is, fund performance is measured from returns
net of transaction costs and management fees relative to a market portfolio.

2Dumb money is a term referring to flow-induced price pressure causing stock prices to depart from
their fundamental values (see Lou (2012)).
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distinction between risk measures is important since it reveals whether investors

have a preference towards active management of a specific type of risk. If investors

are averse to a specific measure of risk, I hypothesize that mitigation of such risk, all

else equal, will lead to higher fund inflows. The risk measures that I apply are used in

Liang and Park (2010) to predict hedge fund failures. Risk measures that are useful in

predicting fund failure are also relevant for predicting fund flows since a fund which

faces a large outflow also faces a larger probability of failure (cf. Kim (2016)).

The main contribution of this paper is to run a horse race between the five com-

peting risk measures. First, I compare the risk measures’ ability to predict future

fund flows via univariate portfolio sorts on past risk. I find that past risk has a sig-

nificant and monotonically negative relation to future fund flows for risk measures

STD, LSEM, VaR and ES. Notably, TR shows no signs of predictive ability, even though

Liang and Park (2010) find that this measure is superior for predicting hedge fund

failures. Further, I find that the magnitude of the flow-risk relation is largest for quan-

tile risk measures such as VaR and ES. By partitioning my sample period into a pre-

and post-financial crisis period, I find that the magnitude of the flow-risk relation is

amplified in the post-crisis period. For double-sorted portfolios, initially sorted on

risk-adjusted returns and secondly on a risk measure, I find evidence of a two-way

monotone relationship with future flows only for VaR and ES. For VaR and ES, I find

that past risk-adjusted returns have a positive relation with future flows, whereas past

risk has a negative relation to future flows.

Second, from panel regressions, I find that controlling for fund performance and

relevant fund characteristics leads to a significant and negative flow-risk relation only

for risk measures VaR and ES. Hence, investors, on average, seem only to pay attention

to quantile risk when they invest in mutual funds. In auxiliary panel regressions, I

report that the flow-risk relation for VaR and ES is related to investor clienteles, time-

varying risk aversion, fund size, and fund age. Specifically, I find that growth and

growth and income fund investors are the only investor clienteles where there is

a significant and negative relation to VaR or ES. I also find that investor attention

towards risk is insignificant prior to the financial crisis, whereas in the latter part of

my sample, VaR has a significantly negative relation to future flows. This finding is

consistent with Guiso, Sapienza and Zingales (2018), who document that risk aversion

increases after large adverse shocks to the financial market. For large and old funds, I

also document a significantly negative relation between fund flows and quantile risk,

whereas, for small and young funds, the relation is insignificant. This result suggests

that my results are not disproportionately driven by young and small funds in my

sample (cf. Spiegel and Zhang (2013)).

Finally, I make pairwise tests of the competing risk measures by regressing monthly

fund flows on tertile ranks of past risk similar to the approach introduced in Barber

et al. (2016). I find that funds with high VaR estimates have significantly larger out-

flows in comparison to all other risk measures. This result is especially pronounced
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after the financial crisis. Hence, I find that VaR is the best predictor of future fund

flows among all the competing risk measures.

The findings in this paper suggest that the average mutual fund investor has loss-

averse preferences (e.g., Kahneman and Tversky (1979) and Gul (1991)). A loss-averse

investor has asymmetric preferences towards portfolio losses and gains. This means

that a loss-averse investor prefers to avoid losses in comparison to receive equivalent

gains. This set of investor preferences is consistent with the fact that investors pay

significantly more attention to an asymmetric risk measure such as VaR relative

to a symmetric risk measure such as STD. In this regard, the results of this paper

are also related to Polkovnichenko, Wei and Zhao (2019), who argue that mutual

fund investors have preferences towards actively managed funds that provide upside

potential or downside risk protection. The findings of this paper are consistent with a

demand for the latter type of funds.

In relation to the asymmetry of investor preferences, the findings of this paper

are also related to the literature on skewness and asset prices. Langlois (2020) argue

that stocks with high systematic return skewness are attractive to investors as they

provide downside protection during bad times. In addition, theoretical models with

diversified utility-maximizing investors imply that investors demand compensation

for holding assets with systematic negative coskewness (see Rubinstein (1973), Kraus

and Litzenberger (1976), and Harvey and Siddique (2000)). The argument that in-

vestors find stocks with large negative skewness coefficients less attractive due to a

higher probability of large negative returns is consistent with my finding of a larger

aversion towards quantile risk.

The paper is organized into four additional sections. Section 2.2 introduces the

risk measures, and Section 2.3 introduces the data and presents descriptive statistics.

Section 2.4 presents empirical results, and Section 2.5 concludes.

2.2 Risk Measures

To predict future fund flows, I consider five measures of risk: standard deviation (STD),

lower semi deviation (LSEM), Value-at-Risk (VaR), expected shortfall (ES), and tail

risk (TR). The five risk measures can be categorized into three broad categories using

the definitions by Guégan and Hassani (2019). The first broad category is dispersion

risk. Dispersion measures consider deviations from a central value, which in this

case, is the mean of returns. As a measure of dispersion risk, I consider STD. The

second broad category of risk is downside risk. Downside risk measures also consider

deviations from a central value, however below a reference point. I consider LSEM

as a measure of downside risk. The third broad category is quantile risk. Quantile

risk measures estimate risk in the extreme tails of the return distribution. The third

category of risk measures contains VaR, ES, and TR. The three broad categories of

risk naturally serve as a relative ranking of portfolio risk.
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I estimate STD, LSEM, VaR, ES, and TR for every fund using a rolling window

of the latest 60 monthly return observations. This implies that to estimate a risk

measure at time t , I use time-series information from time t −59 to t . I consider

the same risk measures as in Liang and Park (2010) that use the measures to predict

hedge fund failures. In comparison to their study, I use the risk measures to predict

fund flows. Hence, this study differs by investigating investor preferences for active

risk management rather than focusing on fund attrition. Below I summarize how I

estimate each risk measure.

The sample STD is estimated as:

�STDi ,t =
√√√√ 1

t −τ
t∑

τ=t−59
(Ri ,τ− µ̂i ,t )2. (2.1)

Here, Ri ,τ is fund i ’s return net of transaction costs and management fees at time

τ, and µ̂i ,t is the rolling mean estimate of the net returns. LSEM is similar to STD.

However, LSEM only considers observations where R − µ̂ is below zero. LSEM is

introduced by Markowitz (1959) and is estimated by:

�LSEMi ,t =
√√√√ 1

T{Ri ,t−59:t<µ̂i ,t } −1

t∑
τ=t−59

[
(Ri ,τ− µ̂i ,t )×1{Ri ,τ<µ̂i ,t }

]2
. (2.2)

Here, T{Ri ,t−59:t<µ̂i ,t } is the number of returns below the rolling mean µ̂i ,t , and 1{·} is an

indicator that takes on the value one if Ri ,τ < µ̂i ,t is true. If returns are assumed to fol-

low a symmetric normal distribution, LSEM will coincide with its upside counterpart,

upper semi-deviation. Harvey (2000) shows that LSEM is able to explain the variation

in the cross-section of emerging market stock returns.

I calculate one-month VaR, introduced by Baumol (1963) and later popularized

by JPMorgan (1996), at a probability level equal to p = 5%. For a given mutual fund,

this means that VaR is defined such that the probability of a loss greater than VaR is

at most p, whereas the probability of having a loss less than VaR is at least 1-p. VaR is

stated with a Cornish and Fisher (1938) expansion below:

V̂aR
p
i ,t =−(µ̂i ,t + ẑC F

p
i ,t × σ̂i ,t ), (2.3)

ẑC F
p
i ,t = zp + 1

6
((zp )2 −1)Ŝi ,t + 1

24
((zp )3 −3zp )K̂i ,t − 1

36
(2(zp )3 −5zp )Ŝ2

i ,t .

Here, σ̂i ,t is the rolling window standard deviation of fund returns. In the estimation

of the critical value, ẑC F
p
i ,t , zp is the critical value from a standard normal distribution,

and Ŝi ,t and K̂i ,t are rolling window skewness and excess kurtosis estimates of fund

returns, respectively. In Equation (2.3), returns are initially assumed to be generated
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by a normal distribution. To capture the potentially non-normal characteristics of

fund returns, I use the Cornish and Fisher (1938) expansion to estimate the critical

value ẑC F
p
i ,t . Note that if returns do in fact have zero skewness and zero excess kurtosis,

then the estimate of the critical value ẑC F
p
i ,t in Equation (2.3) reduces to the critical

value from a standard normal distribution (zp ).

ES is the expected fund return conditional on returns being less than a VaR

threshold. ES is estimated as:

ÊS
p
i ,t =− 1

T{Ri ,t−59:t<−V̂aR
p
i ,t }

t∑
τ=t−59

Ri ,τ×1{Ri ,τ<−V̂aR
p
i ,t }. (2.4)

ES is estimated by taking the average of all returns identified as less than -1×V̂aR
p
i ,t in

a 60-month rolling window. The reason VaR is multiplied by -1 in Equation (2.4) is

that I report VaR and ES as positive values. VaR and ES are reported as positive values

for comparability to STD, LSEM, and TR, as the latter are positive values by definition.

Artzner, Delbaen, Eber and Heath (1999) point out that ES is superior to VaR as

a measure to represent risk. The reason is that ES is a coherent risk measure that

satisfies mathematical properties such as subadditivity and continuity, whereas VaR

does not.

Finally, TR is estimated as:

T̂R
p
i ,t =

√√√√ 1

T{Ri ,t−59:t<−V̂aR
p
i ,t } −1

t∑
τ=t−59

[
(Ri ,τ− µ̃i ,t )×1{Ri ,τ<−V̂aR

p
i ,t }

]2

. (2.5)

Here, µ̃i ,t refers to the rolling mean of return observations below −V̂aR
p
i ,t . TR is

comparable to ES. Instead of calculating the average of all returns lower than −1×
V̂aR

p
i ,t , TR is calculated as the sample standard deviation of these returns.

2.3 Mutual Fund Data

I obtain data on actively managed open-end US domestic equity mutual funds from

the Center for Research in Security Prices (CRSP). My focus is on actively managed

funds, as I want to investigate whether active risk management has an impact on

fund flows. My sample begins in January 1992 and ends in December 2018. I obtain

monthly observations for net returns (net of expense ratios and trading costs) and

total net assets (TNA), and I obtain annual values for expense and turnover ratios.

Further, I obtain information on whether a fund charges front-end or back-end loads

and information on the age of every fund.

My sample is initially free of survivorship bias. However, I require funds to have

at least 60 monthly observations in order to estimate the risk measures introduced
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in Section 2.2. To mitigate known biases in mutual fund data such as omission,

incubation and back-fill bias (e.g., Elton et al. (2001) and Evans (2010)), I exclude

funds that do not state at which time they were first offered and I also exclude

observations prior to this date. Further, I initially exclude funds that have less than $5

million in TNA. I include funds when they reach a critical mass of $5 million in TNA,

and I avoid a look-ahead bias by keeping them in my sample if they subsequently

drop below this threshold. Kumar and Lee (2006) identify different investor clienteles

for growth, and value stocks and Blackburn, Goetzmann and Ukhov (2009) find

that value investors are more risk-averse compared to growth investors. Therefore, I

also require that funds identify themselves as one of four broad investment styles:

aggressive growth, growth, growth and income, or income to be eligible to enter my

sample. Based on the four investment styles, I can identify potential differences in

risk preferences for different types of mutual fund investors. The broad definitions of

investment styles are identical to those used in Christiansen, Grønborg and Nielsen

(2020). Lastly, I drop funds that do not have contiguous time series of relevant fund

characteristics as well as funds that have obvious data errors.

I combine multiple share classes to individual fund portfolios by weighting with

their beginning-of-month TNA. This value-weighting scheme is performed for re-

turns, expense, and turnover ratios. I select the age of a fund to be the age of the oldest

fund share class within a fund. Further, a fund is defined as a load-fund if any of the

combined share classes have either a front-end or back-end load. Finally, the total

TNA of a fund is the sum of TNA across all fund share classes at any given month.3

Following the literature on fund flows (e.g., Sirri and Tufano (1998)), I calculate

the flow of a combined fund i at time t as the growth in TNA unrelated to the return

of the fund:

Flowi ,t =
TNAi ,t − (1+Ri ,t )TNAi ,t−1

TNAi ,t−1
, (2.6)

where Ri ,t and TNAi ,t are the net return and TNA of fund i at time t , respectively.

In Equation (2.6), it is implicitly assumed that flows take place at the end of every

month. Also, in line with the fund literature (e.g., Barber et al. (2016)), I remove a fund

from my sample if it has a flow observation of less than -90% or more than 1,000% at

any given month.

In recent studies, Berk and van Binsbergen (2016) and Barber et al. (2016) find

that the preferred asset pricing model of investors is the CAPM. As a first step to

control for the variation in past fund performance, I estimate the market beta of a

fund with the CAPM as below:

3I follow a procedure similar to that described in Appendix B of Christiansen et al. (2020) when
combining fund share classes.
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ri ,t =αi +βi MKTt +εi ,t , (2.7)

where ri ,t , is the fund return in excess of the 1-month T-Bill rate,αi is the risk-adjusted

return of fund i , βi is the sensitivity of fund i to the market return in excess of the 1-

month T-Bill rate (MKTt ), and εi ,t is the idiosyncratic return residual assumed to have

zero mean with an independent and identical normal distribution.4 I estimate 60-

month rolling window estimates of beta (β̂i ,t |t :t−59) in Equation (2.7). Next, I compute

alphas over the most recent 12 months to capture the most recent performance of a

fund:

α̂i ,t = 1

12

t∑
τ=t−11

(ri ,τ− β̂i ,t |t :t−59MKTτ). (2.8)

Performance is calculated over the most recent 12 months, as performance persis-

tence studies typically assume a 12-month investor horizon (e.g., Carhart (1997)).5

My final sample consists of 1,798 funds that have at least 60 monthly observations

across the sample period from January 1992 to December 2018. I investigate the

flow-risk relation for all funds in my sample as well as for fund investment styles:

aggressive growth (116), growth (1,006), growth and income (500), and income (176).

2.3.1 Descriptive Statistics

I provide descriptive statistics for all funds in Table 2.1. Panel A presents descriptive

statistics for 185,604 fund-month observations which are the observations used for

the empirical analysis in Section 2.4 from January 1997 to December 2018.6 The table

also presents descriptive statistics for periods before and after the financial crisis of

2008. I define pre and post-crisis months as months before and after September 2008

as this is where Lehman brothers files for bankruptcy.7 In the entire sample period, the

average fund has a negative flow of -0.32% with a large standard deviation of 11.12%,

and an interquartile range of 1.95%. This suggests that the variation of the fund flows

is of considerable magnitude. Notably, the average fund-month flow observation

decreases from -0.21% to -0.42% from the pre-crisis period to the post-crisis period.

4I obtain T-Bill rates and market returns from Kenneth French’s online data library: https://mba.tuck.
dartmouth.edu/pages/faculty/ken.french/data_library.html

5In Section 2.4.3, I estimate fund performance from several asset pricing models. I find that the
flow-risk relation is robust towards alternative asset pricing model specifications.

6Note that the initial sample consists of 295,075 fund-month observations. However, observations in
the first five years are unreported as I use these observations to estimate risk and performance measures.
I also drop some of the fund-month observations in the period from January 1997 to December 2018
because I require at least 60 monthly observations to calculate risk and performance measures.

7Note that the five risk measures are estimated in the post-crisis period with data that overlaps the
pre-crisis period in the first five years after September 2008.

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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The average fund has $2035.35m in TNA, whereas the median fund is much smaller,

with only $383.90m in TNA. Looking at the 75th percentile of funds with TNA of

1386.80m, this indicates that there are some very large funds in the sample. The

average fund has been in existence for approximately 221 months, corresponding

to roughly 18.4 years. In comparison, the median fund has been in existence for 164

months, which is around 13.7 years. There is a tendency for funds in the sample to be

both large and old. This stems from my sample selection criteria. That is, I require

funds to reach a critical mass of $5m in TNA, and I require that they have at least 60

contiguous monthly observations for all fund characteristics. The average fund has

annual expense and turnover ratios of 1.15% and 69.76%, respectively. Also, 77% of

funds either have a front-end or a back-end load. Finally, the average monthly alpha

from Equation (2.8) is negative and equal to -0.09%.

Table 2.1: Descriptive Statistics

This table shows descriptive statistics for 185,604 fund-month observations from January 1997 to
December 2018 (entire period), as well as for 88,236 fund-month observations from January 1997 to
September 2008 (pre-crisis period) and 97,368 fund-month observations from October 2008 to December
2018 (post-crisis period). The time intervals reflect the periods of interest for which the data is used in the
empirical analysis. Panel A presents statistics for fund characteristics. Fund flows are calculated using
Equation (2.6), the Load Dummy variable is equal to 1 if any share class of a combined fund has either a
front-end or back-end load, and monthly α is calculated using Equation (2.8). In Panel B, I present
statistics for the risk measures presented in Section 2.2. For all statistics in Panel A and B, I present the
mean(Mean), standard deviation(Std Dev), 25th percentile(Q1), Median, and 75th percentile(Q3). In Panel
C, I present the correlation matrix between the fund risk measures.

Entire period Pre-crisis period Post-crisis period

Panel A: Fund Characteristics

Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3

Fund Flow (%) -0.32 11.12 -1.58 -0.61 0.37 -0.21 10.59 -1.62 -0.58 0.53 -0.42 11.58 -1.53 -0.64 0.23

TNA ($mil) 2035.35 7216.01 99.90 383.90 1386.80 1929.88 6502.94 99.10 364.50 1245.90 2130.93 7804.95 100.80 404.90 1508.75

Expense Ratio (% per year) 1.15 0.44 0.89 1.11 1.38 1.25 0.44 0.96 1.19 1.50 1.07 0.42 0.83 1.04 1.28

Turnover Ratio (% per year) 69.76 54.66 31.00 56.00 91.00 77.99 57.39 37.00 65.00 102.00 62.30 50.92 27.00 49.00 81.00

Load Dummy 0.77 0.42 1.00 1.00 1.00 0.79 0.40 1.00 1.00 1.00 0.75 0.43 1.00 1.00 1.00

Age (Months) 220.99 175.76 111.00 164.00 252.00 208.89 180.16 100.00 141.00 223.00 231.94 170.94 127.00 188.00 268.00

α (%) -0.09 0.62 -0.39 -0.11 0.17 -0.04 0.78 -0.44 -0.06 0.30 -0.14 0.42 -0.37 -0.13 0.09

Panel B: Risk Measures

Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3

STD (%) 4.58 1.46 3.54 4.41 5.41 4.69 1.63 3.61 4.42 5.40 4.47 1.26 3.49 4.41 5.42

LSEM (%) 3.28 1.09 2.45 3.16 4.07 3.21 1.03 2.56 3.10 3.72 3.35 1.14 2.36 3.32 4.25

VaR (%) 7.32 2.77 5.15 7.00 9.32 7.39 2.87 5.48 7.02 8.89 7.26 2.67 4.92 6.96 9.55

ES (%) 10.58 4.30 7.15 9.99 13.65 10.81 4.33 7.93 10.18 13.57 10.37 4.27 6.80 9.48 13.69

TR (%) 2.15 1.79 0.82 1.58 3.30 1.83 1.62 0.66 1.48 2.59 2.44 1.88 0.92 1.79 3.84

Panel C: Correlation Matrix

STD LSEM VaR ES TR STD LSEM VaR ES TR STD LSEM VaR ES TR

STD 1.00 0.91 0.95 0.83 0.45 1.00 0.93 0.96 0.80 0.36 1.00 0.93 0.95 0.88 0.61

LSEM 0.91 1.00 0.94 0.91 0.61 0.93 1.00 0.92 0.90 0.42 0.93 1.00 0.98 0.94 0.74

VaR 0.95 0.94 1.00 0.88 0.54 0.96 0.92 1.00 0.81 0.35 0.95 0.98 1.00 0.95 0.72

ES 0.83 0.91 0.88 1.00 0.47 0.80 0.90 0.81 1.00 0.24 0.88 0.94 0.95 1.00 0.69

TR 0.45 0.61 0.54 0.47 1.00 0.36 0.42 0.35 0.24 1.00 0.61 0.74 0.72 0.69 1.00

In Panel B, I present descriptive statistics of the risk measures presented in Section

2.2. The average monthly fund STD is equal to 4.58%, whereas the average monthly

fund LSEM is 3.28%. When incorporating higher-order return moments and looking

at the tails of the return distribution, the average values for VaR, ES, and TR are 7.32%,
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10.58%, and 2.15%, respectively.

Panel C considers the correlation matrix of the risk measures. STD, LSEM, and

VaR are all highly correlated, with correlation coefficients ranging from 0.91 to 0.95. In

comparison, ES is less correlated with STD, LSEM, and VaR, with values of correlation

coefficients ranging from 0.83 to 0.91. TR is not as highly correlated with the four

other risk measures. TR has correlation coefficients ranging from 0.45 to 0.61.

In Table 2.2, I provide descriptive statistics for the same funds as in Table 2.1, how-

ever partitioned by investment styles: aggressive growth, growth, growth and income,

and income, respectively. Notably from Table 2.2, I find that aggressive growth and

growth funds, in comparison to growth and income and income funds, have higher

average estimates of risk based on all five risk measures. Similarly, aggressive growth

and growth funds have higher expense ratios and turnover ratios, in comparison to

growth and income and income funds.

Table 2.2: Descriptive Statistics for Different Investment Styles

This table shows descriptive statistics across 185,604 fund-month observations from January 1997 to
December 2018 for fund-month observations partitioned into investment styles: aggressive growth
(12,826 observations), growth (102,580 observations), growth and income (51,784 observations), and
income (18,414 observations). The time interval reflects the period of interest for which the data is used in
the empirical analysis. Panel A presents statistics for fund characteristics. Fund flows are calculated using
Equation (2.6), the Load Dummy variable is equal to 1 if any share class of a combined fund has either a
front-end or back-end load, and monthly α is calculated using Equation (2.8). In Panel B, I present
statistics for the risk measures presented in Section 2.2. For all statistics in Panel A and B, I present the
mean(Mean), standard deviation(Std Dev), 25th percentile(Q1), Median, and 75th percentile(Q3). In Panel
C, I present the correlation matrix between the fund risk measures.

Aggressive growth Growth Growth and income Income

Panel A: Fund Characteristics

Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3

Fund Flow (%) -0.23 9.55 -1.93 -0.77 0.59 -0.38 11.29 -1.62 -0.65 0.32 -0.29 11.05 -1.44 -0.56 0.35 -0.17 11.43 -1.49 -0.47 0.60

TNA ($mil) 1078.59 2035.96 109.40 336.00 1017.10 1896.59 7449.88 98.40 351.30 1284.40 2678.78 8366.32 99.20 479.60 1658.60 1665.33 3727.85 105.20 402.25 1420.80

Expense Ratio (% per year) 1.31 0.43 1.00 1.25 1.57 1.19 0.43 0.93 1.14 1.40 1.08 0.46 0.79 1.03 1.30 1.06 0.41 0.81 1.01 1.25

Turnover Ratio (% per year) 88.76 64.90 41.00 74.00 122.00 74.05 56.40 35.00 60.00 95.00 61.54 48.23 27.00 50.00 81.00 55.75 46.63 25.00 42.00 72.00

Load Dummy 0.80 0.40 1.00 1.00 1.00 0.77 0.42 1.00 1.00 1.00 0.76 0.43 1.00 1.00 1.00 0.79 0.41 1.00 1.00 1.00

Age (Months) 157.37 64.04 105.00 146.00 200.00 210.49 149.46 111.00 164.00 251.00 270.86 237.53 115.00 178.00 296.00 183.48 116.57 108.00 151.00 221.00

α (%) -0.01 0.79 -0.44 -0.08 0.32 -0.10 0.67 -0.43 -0.12 0.19 -0.10 0.51 -0.36 -0.11 0.13 -0.06 0.51 -0.31 -0.07 0.17

Panel B: Risk Measures

Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3 Mean Std Dev Q1 Median Q3

STD (%) 5.55 1.83 4.22 5.33 6.48 4.79 1.45 3.72 4.63 5.63 4.21 1.17 3.36 4.13 4.98 3.70 1.21 2.83 3.68 4.53

LSEM (%) 3.90 1.26 2.90 3.89 4.77 3.41 1.08 2.55 3.33 4.18 3.07 0.95 2.36 2.98 3.73 2.73 1.03 1.98 2.63 3.43

VaR (%) 8.85 3.24 6.26 8.78 11.03 7.68 2.77 5.43 7.44 9.67 6.76 2.39 4.91 6.49 8.60 5.86 2.41 4.01 5.56 7.74

ES (%) 12.49 4.79 8.42 12.42 15.82 11.06 4.36 7.39 10.59 14.30 9.87 3.83 6.85 9.49 12.75 8.53 3.78 5.59 8.31 11.33

TR (%) 2.60 1.84 1.15 2.14 3.69 2.21 1.86 0.85 1.59 3.38 2.03 1.69 0.75 1.49 3.16 1.85 1.49 0.67 1.40 2.81

Panel C: Correlation Matrix

STD LSEM VaR ES TR STD LSEM VaR ES TR STD LSEM VaR ES TR STD LSEM VaR ES TR

STD 1.00 0.90 0.95 0.85 0.40 1.00 0.90 0.95 0.82 0.43 1.00 0.90 0.96 0.82 0.50 1.00 0.92 0.96 0.86 0.55

LSEM 0.90 1.00 0.95 0.93 0.59 0.90 1.00 0.94 0.91 0.59 0.90 1.00 0.93 0.90 0.63 0.92 1.00 0.96 0.92 0.66

VaR 0.95 0.95 1.00 0.92 0.49 0.95 0.94 1.00 0.87 0.50 0.96 0.93 1.00 0.85 0.59 0.96 0.96 1.00 0.89 0.64

ES 0.85 0.93 0.92 1.00 0.51 0.82 0.91 0.87 1.00 0.45 0.82 0.90 0.85 1.00 0.46 0.86 0.92 0.89 1.00 0.55

TR 0.40 0.59 0.49 0.51 1.00 0.43 0.59 0.50 0.45 1.00 0.50 0.63 0.59 0.46 1.00 0.55 0.66 0.64 0.55 1.00

2.4 Empirical Results

In this section, I establish the relation between measures of risk and future fund flows.

I present results for the flow-risk relation in Subsections 2.4.1 and 2.4.2. In Subsections

2.4.4-2.4.6, I provide evidence that the flow-risk relation relates to different investor



2.4. EMPIRICAL RESULTS 55

clienteles, time-varying risk aversion, fund size, and fund age. Finally, in Subsection

2.4.7, I investigate which risk measure is the best predictor of future fund flows among

competing risk measures.

2.4.1 Portfolio Sorts on Ex-Ante Risk

This section investigates the sorting abilities of ex-ante risk measures to predict

future fund flows. At each time t , I sort funds into tertile portfolios based on the risk

measures introduced in Section 2.2. At time t +1, I record the equal-weighted fund

flow for each of the tertile portfolios. The ranking procedure results in out-of-sample

time series of tertile portfolio flows from January 1997 to December 2018. Portfolio 1

contains the funds with the lowest estimated risk measures, and portfolio 3 contains

the funds with the highest estimated risk measures. Figure 2.1 shows the average

tertile portfolio fund flows (in percent per month) for funds sorted on ex-ante risk

measures for the entire sample period.

From Figure 2.1, I observe a decreasing pattern in the relation between portfolio

flows and risk. The only exception is for the TR measure. Sorts based on VaR and ES

result in average inflows of 0.07% and -0.07% per month for the tertile portfolio with

the lowest estimated risk (P1), whereas rankings on VaR and ES result in outflows of

-0.66% and -0.56% per month for the tertile portfolio with the largest estimated risk

(P3).

In Panel A of Table 2.3, I formally test the decreasing pattern between portfolio

flow and risk observed in Figure 2.1. First, I report the difference in portfolio flow

between the low- and high-risk portfolios (P1-P3). The difference can be interpreted

as the flow from a long position in portfolio 1 and a short position in portfolio 3.

Second, for a risk measure to have genuine predictive power, it should produce a

monotonically decreasing pattern between portfolio flow and risk. Table 2.3, therefore,

also reports p-values from the monotonic relationship test proposed by Patton and

Timmermann (2010). I include the test by Patton and Timmermann (2010) as testing

for a difference in average flows between portfolios P1 and P3 can be misleading. This

is the case since the “low-minus-high” portfolio flow-spread can be highly significant

even when there, in fact, is no systematic relationship between future fund flows and

risk.

Focusing on the risk measures STD, LSEM, VaR, and ES, investors, on average,

withdraw the most money from funds that have the highest estimate of risk. This

is evident from the mean flow spread P1-P3, where the sign is positive and ranging

from 0.28% to 0.73% per month. The mean flow spread is highly significant for all risk

measures except for the TR measure. Based on the p-values from the test by Patton

and Timmermann (2010), I reject the null hypothesis of no systematic relation in

favor of a monotonic relation for STD, LSEM, VaR, and ES at a 1% significance level

suggesting that these have genuine sorting capabilities in terms of predicting future

fund flows.
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Figure 2.1: Risk Measure Ranked Portfolios
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This figure shows the average tertile portfolio flow (% per month) for portfolios ranked based on ex-ante
risk measures. Each month, at time t , I rank mutual funds in my sample according to a risk measure. Next,
the ranked funds are sorted into tertile portfolios, and equal-weighted fund flows are recorded at time
t +1. The ranking method produces an out-of-sample time-series of flows from January 1997 to December
2018. The reported portfolio flow is the time-series average of the ranking procedure. Portfolio 1 contains
ranked funds with the lowest values of a risk measure, and portfolio 3 contains ranked funds with the
highest values of a risk measure.

The top and bottom panel of Figure 2.2 and Panel B and C in Table 2.3 present

results for the flow-risk relation in months before and after the financial crisis in

2008, respectively. In the pre-crisis period, I find that the flow-risk relation is much

smaller in magnitude relative to the post-crisis period. For example, I find that the

mean flow spread P1-P3 is only statistically significant for VaR and ES in the pre-crisis

period, whereas it is significant for STD, LSEM, VaR, and ES in the post-crisis period.

In addition, I only reject the test for a monotonic relation for VaR in the pre-crisis

period, whereas this is extended to STD, LSEM, VaR, and ES in the post-crisis period.

This suggests that results for the entire sample period are primarily attributed to

months after the financial crisis.

The univariate portfolio sorts indicate that investors allocate attention to risk

measures when they make their investment decision. The results further suggest that

investors especially care about measures of quantile risk such as VaR and ES relative
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Figure 2.2: Risk Measure Ranked Portfolios for Pre and Post-Crisis Periods
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This figure shows the average tertile portfolio flow (% per month) for portfolios ranked based on ex-ante
risk measures for pre and post-crisis periods. Pre and post-crisis periods are defined as months before and
after the crash of Lehman Brothers in September 2008. Each month, at time t , I rank mutual funds in my
sample according to a risk measure. Next, the ranked funds are sorted into tertile portfolios, and
equal-weighted fund flows are recorded at time t +1. The ranking method produces out-of-sample
time-series of flows from January 1997 to September 2008 (pre-crisis) and from October 2008 to December
2018 (post-crisis). The reported portfolio flow is the time-series average of the ranking procedure. Portfolio
1 contains ranked funds with the lowest values of a risk measure, and portfolio 3 contains ranked funds
with the highest values of a risk measure.

to symmetric measures of risk such as STD. This finding is consistent with loss-averse

investors who prefer to avoid losses in comparison to receiving equivalent gains (e.g.,

Kahneman and Tversky (1979) and Gul (1991)). That is, investors, on average, tend to

sell funds where their perceived probability of a large negative return realization is

the highest.

In the univariate portfolio sorts, I document a negative relation between risk and

fund flows. In order to mimic a real-time investment decision, I assume that investors

initially attend to the risk-adjusted performance of funds before attending to the risk

of funds. Based on this assumption, I sort funds into tertile rank portfolios based on

their time t alpha from Equation (2.8). Second, at time t , I sort every fund from an

alpha ranked portfolio into tertile portfolios based on a risk measure. I then record an
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Table 2.3: Long-Short Portfolio Flows and Monotonicity Tests

This table reports the difference in portfolio flows (% per month) between the low- and high-risk
portfolios (P1-P3) from Figure 2.1. The difference between low- and high-risk portfolios can be interpreted
as the flow from a long position in portfolio 1 and a short position in portfolio 3. This table also reports the
p-value (in percent) from the test in Patton and Timmermann (2010) for a monotonic relationship
between portfolio flows from portfolio 1 to 3. ***, **, and * indicate significance at the 1%, 5%, and 10%
level, respectively. Panels A, B, and C report results for the entire, pre-crisis, and post-crisis period,
respectively.

STD LSEM VaR ES TR

Panel A: Entire period

P1-P3 0.28∗∗∗ 0.30∗∗∗ 0.73∗∗∗ 0.49∗∗∗ 0.00
Monotonicity
test

0.00 0.00 0.00 0.00 0.61

Panel B: Pre-crisis period

P1-P3 0.01 0.09 0.53∗∗∗ 0.37∗∗∗ -0.08
Monotonicity
test

0.76 0.57 0.00 0.07 0.65

Panel C: Post-crisis period

P1-P3 0.59∗∗∗ 0.53∗∗∗ 0.95∗∗∗ 0.63∗∗∗ 0.10
Monotonicity
test

0.00 0.00 0.00 0.00 0.29

equal-weighted flow at time t+1 for each of the resulting nine portfolios. I present the

average of equal-weighted flows for the nine double-sorted portfolios in Figure 2.3.

For brevity, I only present results for risk measures VaR and ES, as these risk measures

lead to significant test statistics in a test for a two-way monotonic relation using the

test from Patton and Timmermann (2010).8

From Figure 2.3, I find that investors, on average, buy funds with high past per-

formance and low past risk, whereas they sell funds with low past performance and

high risk. From Figure 2.3, it is also evident that past performance has a larger effect

on future flows in terms of magnitude than past risk. The p-values from the two-way

monotonicity test by Patton and Timmermann (2010) are 1.09% and 0.03% for VaR

and ES, respectively. Hence, the overall joint test for both quantile risk measures

rejects no systematic relation in favor of a positive and monotone relation between

flows and performance, but a negative and monotone relation between flows and

quantile risk.

In Figure 2.4, I double sort portfolios based on performance and risk for pre-crisis

8A figure presenting similar results for risk measures: STD, LSEM, and TR, is presented in Appendix
A.1.
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Figure 2.3: Double-Sorted Portfolio Flows Ranked on Risk-Adjusted Performance and Risk

This figure shows the average portfolio flow (% per month) for portfolios first ranked on performance as
measured in Equation (2.8) and secondly ranked on a risk measure. The two panels present portfolios
ranked based on VaR (leftmost panel) or ES (rightmost panel). Each month at time t , I rank mutual funds
into tertile portfolios according to their performance. Next, I rank the funds in each tertile portfolio into
additional three portfolios based on a risk measure at time t . For the resulting nine portfolios, I record an
equal-weighted flow at time t +1. The ranking method produces an out-of-sample time-series of flows
from January 1997 to December 2018. The reported portfolio flow is the time-series average of the ranking
procedure.

and post-crisis months. The two top panels in Figure 2.4 contain pre-crisis portfolio

results, whereas the two bottom panels contain post-crisis portfolio results. For pre-

crisis months I cannot reject the hypothesis of no systematic relation in favor of

monotonicity of a two-way portfolio sort. However, for post-crisis months, I reject

the null of no systematic relation for both VaR and ES at a 1% significance level.

The double-sorted portfolios provide further evidence that investors have started

to pay more attention to the riskiness of their investments after the financial crisis.

This finding is consistent with time-varying risk aversion documented by Guiso et al.

(2018).
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Figure 2.4: Double-Sorted Portfolio Flows Ranked on Risk-Adjusted Performance and Risk
for Pre and Post-Crisis Periods

This figure shows the average portfolio flow (% per month) for portfolios first ranked on performance as
measured in Equation (2.8) and secondly ranked on a risk measure. The two leftmost panels present
portfolios ranked based on VaR, and the two rightmost panels present portfolios ranked based on ES. The
two panels in the top present pre-crisis portfolio results from January 1997 to September 2008, whereas
the two panels in the bottom present post-crisis portfolio results from October 2008 to December 2018.
Each month at time t , I rank mutual funds into tertile portfolios according to their performance. Next, I
rank the funds in each tertile portfolio into additional three portfolios based on a risk measure at time t .
For the resulting nine portfolios, I record an equal-weighted flow at time t +1. The ranking method
produces an out-of-sample time-series of flows from January 1997 to December 2018. The reported
portfolio flow is the time-series average of the ranking procedure.
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2.4.2 Risk and Mutual Fund Flows

In this section, I consider the following standardized panel regression:

Flowi ,t = a +b�Riski ,t−1 + c Xi ,t−1 +λt +ui ,t . (2.9)

Here Flowi ,t is the flow of fund i at time t , �Riski ,t−1 is the estimated risk measure of

a fund calculated from the latest 60 monthly observations at time t −1, Xi ,t−1 is a

matrix of control variables at time t −1, λt is a time fixed effect, and ui ,t is a residual.

The lagged control variables include a risk-adjusted return as calculated in Equation

(2.8), expense ratio, log of fund TNA, turnover ratio, log of fund age, a dummy variable

for load funds, and fund flows. The panel regression in Equation (2.9) is similar to that

in Barber et al. (2016). However, all continuous variables are standardized. Table 2.4

presents the results for different risk measure specifications of the panel regression

in Equation (2.9).

Table 2.4: Fund Flows and Risk Measures

This table shows the results for different specifications of the panel regression in Equation (2.9). The
dependent variable is Flowi ,t as defined in Equation (2.6) at time t . The risk measures of interest are STD
(1), LSEM (2), VaR (3), ES (4), and TR (5), which are estimated at time t −1 using the most recent 60
monthly observations. Results for the individual risk measures are presented in columns (1)-(5), and
results for augmented regressions are presented in columns (6)-(8). The time t −1 control variables include
risk-adjusted returns as calculated in Equation (2.8), expense ratio, log of fund TNA, turnover ratio, log of
fund age, a dummy variable for load funds, and fund flows. All continuous variables are standardized.
Panel regressions include time fixed effects. T-statistics are calculated with double-clustered standard
errors by fund and month. ***, **, and * correspond to significance levels 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)

STD 0.01

LSEM 0.01

VaR −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗

ES −0.01∗∗∗ 0.00 −0.03∗∗∗

TR −0.00

VaR - ES −0.00 −0.03∗∗∗

α 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗

Expense Ratio −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗ −0.03∗∗∗

Log TNA −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗ −0.05∗∗∗

Turnover Ratio −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗

Log Age −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗ −0.18∗∗∗

Load Dummy 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Lagged Flow 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗

Month fixed effects X X X X X X X X

Observations 185,604 185,604 185,604 185,604 185,604 185,604 185,604 185,604

R2
wi thi n (%) 7.14 7.14 7.16 7.15 7.14 7.16 7.16 7.16

In Table 2.4, I find that only the quantile risk measures VaR and ES can explain

future fund flows significantly. Specifically, I find that a one standard deviation in-

crease in VaR (2.77%) or ES (4.30%) at time t −1 leads to a decrease in fund flows
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at time t of -0.30% for VaR and -0.17% for ES. Note that the standard deviation of

fund flows is 11.12%. For the mean (median) TNA fund-month observation, the flow

predictions of -0.30% and -0.17% correspond to approximately $6.11m ($1.15m) and

$3.37m ($0.64m) in outflows for risk measures VaR and ES, respectively. The result is,

therefore, not only of high statistical significance but also of economic significance.

Among the included control variables, I find that all variables except the load

dummy are highly significant for all panel regressions. Specifically, I find that past

risk-adjusted returns are important in determining future fund flows. I find that a

one standard deviation increase in risk-adjusted returns (0.62%) at time t −1 leads

to an increase in fund flows at time t of 1.35%. That past risk-adjusted performance

is a main determinant of future flows is consistent with the mutual fund literature

(e.g., Berk and Green (2004)). I also find that lagged flows predict increases in future

fund flows. Furthermore, I find that future fund flows have a negative relation to the

expense ratio, log of TNA, turnover ratio, and log of age.

In columns (6)-(8), I augment the model in Equation (2.9) with additional mea-

sures of risk. I focus on specifications of Equation (2.9) with quantile risk measures

VaR and ES, as these are the only risk measures that significantly explain future fund

flows. The augmented regressions in columns (6)-(8) also help to investigate the pre-

ferred risk measure of investors. In column (6), I include VaR as well as ES in the same

panel regression. Here, I find that only the variation in VaR is significant. To mitigate

potential multicollinearity between VaR and ES, I include the orthogonal component

of VaR, defined as the difference between estimates of VaR and ES (VaR - ES), in

columns (7)-(8). In column (7), I find that VaR maintains its significance, whereas

the orthogonal component is insignificant. In contrast, I find that both ES and the

orthogonal component are significant in column (8). The joint tests presented in

columns (6)-(8) suggest that VaR has superior predictive power over ES in terms of

future fund flows. In Subsection 2.4.7, I run a horse race among all competing risk

measures and provide further evidence towards what risk measure investors pay the

most attention to.

2.4.3 Alternative Performance Measures

The results obtained in Table 2.4 are conditional on risk-adjusted returns being

estimated from the CAPM. In this section, I consider the robustness of the results

from Table 2.4 when estimates of performance are obtained via alternative asset

pricing models. Specifically, I consider performance estimation from Equation (2.8)

using the identical set of asset pricing models, as in Nielsen and Posselt (2020).

These include the 3-factor model (Fama and French (1993)), the 4-factor model

(Fama and French (1993) and Carhart (1997)), the coskewness CAPM (Harvey and

Siddique (2000), Mitton and Vorkink (2007), and Christoffersen, Fournier, Jacobs and

Karoui (2020)), and the downside CAPM (Hogan and Warren (1974) and Bawa and
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Lindenberg (1977)).9 I present results for the four additional asset pricing model

specifications in Table 2.5 and find that the significance of the flow-risk relations

presented in Table 2.4 is robust to alternative specifications of fund performance.

2.4.4 Investor Clienteles

In the panel regressions in Section 2.4.2, I treat all mutual funds as if they belonged to

the same group of funds. Kumar and Lee (2006) document different investor clienteles

for growth and value stocks, and Blackburn et al. (2009) find that value investors

appear more risk-averse relative to growth investors. Hence, in this subsection, I

consider different investor clienteles by partitioning funds by their investment style. I

partition funds into the following four broad investment styles: aggressive growth,

growth, growth and income, and income. Aggressive growth funds typically invest

in stocks of small capitalization growth companies. In comparison, income funds

typically invest in stocks of large capitalization companies. That is, aggressive growth

funds generally try to achieve capital gains, whereas income funds generally try to

achieve dividend income. The partition of fund styles is similar to that in Christiansen

et al. (2020). I present results for different investment styles in Table 2.6.

From Table 2.6, I find that it is most pronounced for investors who invest in

growth and growth and income funds to pay attention to past risk. In Panel B, I find

that investors who invest in growth funds pay attention to estimates of both VaR and

ES. Notably, when I partition my sample into different investor clienteles, I still find

that only quantile risk measures significantly explain future fund flows.

2.4.5 Time-Varying Risk Aversion

Guiso et al. (2018) find that the risk aversion of investors has increased significantly

since the financial crisis in 2008. I test whether this also is the case for mutual fund

investors by partitioning my sample into periods before and after the 2008 financial

crisis. The partitioning of my sample is similar to that in Subsection 2.4.1 and repeats

the panel regressions from Table 2.4 for pre- and post-crisis periods in Table 2.7.

In Panel A, I find that STD, VaR, and ES are marginally significant at a 10% sig-

nificance level. Surprisingly, the sign of the coefficient for STD is opposite to that of

VaR and ES, which suggests that high STD funds prior to the financial crisis achieve

larger inflows. In Panel B, I find that VaR becomes significant at a 1% significance

level consistent with increased risk-aversion. However, I do not find any significance

for the ES coefficient for post-crisis observations. Additionally, it is worth noting

that R2
wi thi n decreases markedly from 10.35% to 4.26% for VaR when I investigate

pre-crisis and post-crisis months, respectively. This indicates that less of the variation

of fund flows is explained by the model in Equation (2.9) after the financial crisis.

9I obtain data on the different factor models from Kenneth French’s online data library: https://mba.
tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Table 2.5: Alternative Performance Measures

This table shows the results for different specifications of the panel regression in Equation (2.9). The
dependent variable is Flowi ,t as defined in Equation (2.6) at time t . The risk measures of interest are STD
(1), LSEM (2), VaR (3), ES (4), and TR (5), which are estimated at time t −1 using the most recent 60
monthly observations. Results for the individual risk measures are presented in columns (1)-(5), and
augmented regressions are presented in columns (6)-(8). The time t −1 control variables include
risk-adjusted returns as calculated in Equation (2.8), expense ratio, log of fund TNA, turnover ratio, log of
fund age, a dummy variable for load funds, and fund flows. In Panel A, B, C, and D, risk-adjusted returns
are estimated from the 3-factor model (Fama and French (1993)), the 4-factor model (Fama and French
(1993) and Carhart (1997)), the coskewness model (Harvey and Siddique (2000), Mitton and Vorkink
(2007), and Christoffersen et al. (2020)), and the downside CAPM (Hogan and Warren (1974) and Bawa and
Lindenberg (1977)), respectively. All continuous variables are standardized. Panel regressions include time
fixed effects. T-statistics are calculated with double-clustered standard errors by fund and month. ***, **,
and * correspond to significance levels 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: 3-factor model

STD −0.01
LSEM −0.01
VaR −0.05∗∗∗ −0.06∗∗∗ −0.04∗∗∗
ES −0.02∗∗∗ 0.01 −0.04∗∗∗
TR −0.00
VaR - ES −0.01 −0.06∗∗∗
α 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗
Controls X X X X X

Month fixed effects X X X X X X X X
Observations 185,604 185,604 185,604 185,604 185,604 185,604 185,604 185,604
R2

wi thi n (%) 6.85 6.85 6.91 6.86 6.84 6.91 6.91 6.91

Panel B: 4-factor model

STD −0.01
LSEM −0.01
VaR −0.05∗∗∗ −0.06∗∗∗ −0.04∗∗∗
ES −0.03∗∗∗ 0.01 −0.04∗∗∗
TR 0.00
VaR - ES −0.01 −0.06∗∗∗
α 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗
Controls X X X X X

Month fixed effects X X X X X X X X
Observations 185,604 185,604 185,604 185,604 185,604 185,604 185,604 185,604
R2

wi thi n (%) 6.63 6.63 6.69 6.64 6.63 6.69 6.69 6.69

Panel C: Coskewness CAPM

STD 0.00
LSEM −0.01
VaR −0.04∗∗∗ −0.03∗∗∗ −0.04∗∗∗
ES −0.03∗∗∗ −0.01 −0.04∗∗∗
TR −0.01
VaR - ES 0.01 −0.03∗∗∗
α 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗
Controls X X X X X

Month fixed effects X X X X X X X X
Observations 185,604 185,604 185,604 185,604 185,604 185,604 185,604 185,604
R2

wi thi n (%) 6.95 6.95 6.99 6.98 6.96 6.99 6.99 6.99

Panel D: Downside CAPM

STD 0.01
LSEM 0.01
VaR −0.02∗∗∗ −0.03∗∗∗ −0.02∗∗∗
ES −0.01∗∗∗ 0.01 −0.02∗∗∗
TR −0.00
VaR - ES −0.01 −0.03∗∗∗
α 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗
Controls X X X X X

Month fixed effects X X X X X X X X
Observations 185,604 185,604 185,604 185,604 185,604 185,604 185,604 185,604
R2

wi thi n (%) 7.06 7.06 7.07 7.06 7.05 7.07 7.07 7.07
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Table 2.6: Investor Clienteles

This table shows the results for different specifications of the panel regression in Equation (2.9) for
different fund investment styles. The dependent variable is Flowi ,t as defined in Equation (2.6) at time t .
The risk measures of interest are STD (1), LSEM (2), VaR (3), ES (4), and TR (5), which are estimated at time
t −1 using the most recent 60 monthly observations. Results for the individual risk measures are presented
in columns (1)-(5). The time t −1 control variables include fund flow, log of fund TNA, log of fund age,
expense- and turnover ratios, dummy variable for load funds, and risk-adjusted returns as calculated in
Equation (2.8). All continuous variables are standardized, and all regressions include time fixed effects.
Panels A-D present results for investment styles: aggressive growth, growth, growth and income, and
income. T-statistics are calculated with double-clustered standard errors by fund and month. ***, **, and *
correspond to significance levels 1%, 5%, and 10%, respectively.

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

Panel A: Aggressive growth

STD −0.00
LSEM −0.01
VaR −0.03
ES −0.03
TR −0.00
α 0.16∗∗∗ 0.16∗∗∗ 0.15∗∗∗ 0.16∗∗∗ 0.16∗∗∗
Controls X X X X X

Month fixed effects X X X X X
Observations 12,826 12,826 12,826 12,826 12,826
R2

wi thi n (%) 12.97 12.97 12.99 13.00 12.97

Panel B: Growth

STD 0.00
LSEM −0.00
VaR −0.03∗∗∗
ES −0.02∗∗∗
TR −0.00
α 0.13∗∗∗ 0.13∗∗∗ 0.12∗∗∗ 0.13∗∗∗ 0.13∗∗∗
Controls X X X X X

Month fixed effects X X X X X
Observations 102,580 102,580 102,580 102,580 102,580
R2

wi thi n (%) 7.01 7.01 7.04 7.03 7.01

Panel C: Growth and income

STD −0.00
LSEM 0.01
VaR −0.04∗∗
ES −0.01
TR −0.01
α 0.12∗∗∗ 0.12∗∗∗ 0.11∗∗∗ 0.12∗∗∗ 0.12∗∗∗
Controls X X X X X

Month fixed effects X X X X X
Observations 51,784 51,784 51,784 51,784 51,784
R2

wi thi n (%) 5.96 5.96 5.99 5.96 5.96

Panel D: Income

STD 0.02
LSEM 0.03
VaR −0.01
ES −0.00
TR 0.01
α 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗
Controls X X X X X

Month fixed effects X X X X X
Observations 18,414 18,414 18,414 18,414 18,414
R2

wi thi n (%) 6.50 6.51 6.49 6.48 6.49
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Table 2.7: Time-Varying Risk Aversion

This table shows the results for different specifications of the panel regression in Equation (2.9) for
different subperiods of my sample. The dependent variable is Flowi ,t as defined in Equation (2.6) at time
t . The risk measures of interest are STD (1), LSEM (2), VaR (3), ES (4), and TR (5), which are estimated at
time t −1 using the most recent 60 monthly observations. Results for the individual risk measures are
presented in columns (1)-(5). The time t −1 control variables include fund flow, log of fund TNA, log of
fund age, expense- and turnover ratios, dummy variable for load funds, and risk-adjusted returns as
calculated in Equation (2.8). All continuous variables are standardized, and all regressions include time
fixed effects. Panel A and B present results for pre-crisis and post-crisis periods, respectively. T-statistics
are calculated with double-clustered standard errors by fund and month. ***, **, and * correspond to
significance levels 1%, 5%, and 10%, respectively.

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

Panel A: Pre-crisis period

STD 0.02∗
LSEM 0.01
VaR −0.02∗
ES −0.01∗
TR −0.00
α 0.14∗∗∗ 0.14∗∗∗ 0.14∗∗∗ 0.14∗∗∗ 0.14∗∗∗
Controls X X X X X

Observations 88,236 88,236 88,236 88,236 88,236
R2

wi thi n (%) 10.35 10.34 10.35 10.35 10.34

Panel B: Post-crisis period

STD 0.00
LSEM 0.01
VaR −0.02∗∗∗
ES −0.01
TR −0.00
α 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗ 0.10∗∗∗
Controls X X X X X

Observations 97,368 97,368 97,368 97,368 97,368
R2

wi thi n (%) 4.25 4.25 4.26 4.25 4.25

2.4.6 Age and Size

In this subsection, I partition funds into young, old, small, and large funds. At each

time t , I sort funds into the young (old) category if they have less (more) than ten years

of observations. Similarly, at each time t , I sort funds into the small (large) category if

they have less (more) than $383.90m in TNA, which is the median fund-month size

reported in Table 2.1. The partitioning of funds is similar to that in Barber et al. (2016).

I run the panel regression from Equation (2.9) separately for categories young, old,

small, and large, and report regression results in Table 2.8.

From Table 2.8, I find that for both old (Panel A) and large (Panel C) funds VaR

and ES are significant predictors of future fund flows. Although ES is only marginally

significant for old funds. In comparison, I find no significant risk measures for either

young (Panel B) or small funds (Panel D). The results in Table 2.8 also partly serve as

a robustness check, as the results suggest that my main results from Table 2.4 are not
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Table 2.8: Fund Age and Size

This table shows the results for different specifications of the panel regression in Equation (2.9) for old,
young, large, and small funds. In a given month, funds are defined as old if their fund age is higher than or
equal to ten years, whereas young funds have a fund age less than ten years. Funds are defined as large if
they have a TNA larger than or equal to the median fund-month TNA of $383.90m reported in Table 2.1 in
a given month, whereas small funds have a TNA less than the fund-month median. The dependent
variable is Flowi ,t as defined in Equation (2.6) at time t . The risk measures of interest are STD (1), LSEM
(2), VaR (3), ES (4), and TR (5), which are estimated at time t −1 using the most recent 60 monthly
observations. Results for the individual risk measures are presented in columns (1)-(5). The time t −1
control variables include fund flow, log of fund TNA, log of fund age, expense- and turnover ratios, dummy
variable for load funds, and risk-adjusted returns as calculated in Equation (2.8). All continuous variables
are standardized, and all regressions include time fixed effects. Panel A, B, C, and D report results for old,
young, large, and small funds, respectively. T-statistics are calculated with double-clustered standard
errors by fund and month. ***, **, and * correspond to significance levels 1%, 5%, and 10%, respectively.

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

Panel A: Old funds

STD 0.01
LSEM 0.02
VaR −0.04∗∗∗
ES −0.02∗
TR −0.00
α 0.13∗∗∗ 0.13∗∗∗ 0.13∗∗∗ 0.13∗∗∗ 0.13∗∗∗
Controls X X X X X

Observations 131,871 131,871 131,871 131,871 131,871
R2

wi thi n (%) 6.22 6.22 6.25 6.22 6.22

Panel B: Young funds

STD 0.01
LSEM 0.00
VaR −0.01
ES −0.01
TR 0.00
α 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗
Controls X X X X X

Observations 53,733 53,733 53,733 53,733 53,733
R2

wi thi n (%) 9.89 9.88 9.88 9.88 9.88

Panel C: Large funds

STD −0.00
LSEM −0.00
VaR −0.05∗∗∗
ES −0.02∗∗
TR −0.01
α 0.14∗∗∗ 0.14∗∗∗ 0.13∗∗∗ 0.14∗∗∗ 0.14∗∗∗
Controls X X X X X

Observations 92,814 92,814 92,814 92,814 92,814
R2

wi thi n (%) 8.90 8.90 8.96 8.92 8.90

Panel D: Small funds

STD 0.01
LSEM 0.01∗
VaR −0.01
ES −0.01
TR 0.00
α 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗ 0.11∗∗∗
Controls X X X X X

Observations 92,790 92,790 92,790 92,790 92,790
R2

wi thi n (%) 5.63 5.63 5.62 5.62 5.62
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disproportionately driven by young and small funds (cf. Spiegel and Zhang (2013)).

2.4.7 The Preferred Risk Measure of Mutual Fund Investors

In the previous subsections 2.4.1-2.4.6 I provide evidence that investors systematically

pay attention to certain risk measures before they make their investment decisions.

To extend this analysis, I investigate which type of risk investors attend to the most. I

investigate this for the entire sample period and for pre-crisis and post-crisis periods.

To identify investors’ preferred type of risk and also account for a potential non-linear

relation between fund flows and risk, I perform horse race panel regressions as in

Barber et al. (2016). The horse race regressions consist of pairwise comparisons of

the risk-measures introduced in Section 2.2. To make the pairwise comparisons, I

sort funds into tertile portfolios at each time t based on each specific risk measure.

Tertile 1 contains funds with the lowest estimated risk, and tertile 3 contains funds

with the highest estimated risk. Hence, for each risk measure, I have the ranking of

each mutual fund across months in my sample for tertile portfolios.10 The horse race

panel regression is given as:

Flowi ,t = a +∑
j

∑
k

b j k D j k,i t−1 + c Xi ,t−1 +λt +ei ,t . (2.10)

Here D j k,i t−1 is a dummy variable that takes the value 1 if fund i is in tertile j based

on the first risk measure ranking, and in tertile k based on the second risk measure

ranking. In order to estimate the model, I exclude the dummy variable for j = k = 2.

As in Barber et al. (2016), the parameters of interest are b j k for j = 1,2,3 and k = 1,2,3.

b j k can be interpreted as the flow received by fund i in tertile j for the first risk

measure ranking and tertile k for the second risk measure ranking relative to a fund

that ranks in tertile 2 for both risk measures. The vector Xi ,t−1 contains control

variables similar to those described in Equation (2.9). All continuous variables are

standardized. Further, λt is a time fixed effect, and ei ,t is a residual.

An advantage of the panel regression in Equation (2.10) is that it allows for a

non-linear relation between fund flows and risk. That is, a fund ranked in the third

tertile based on one risk measure may cause a larger negative impact on future fund

flows relative to the impact of a fund ranked in the first tertile. Chevalier and Ellison

(1997) find that allowing for non-linearities is important in the flow-performance

relation since top-performing funds attract disproportionately large inflows relative

to average performing funds.

In order to formally test which risk measure investors prefer among two compet-

ing measures, I test the following hypothesis:

10In Barber et al. (2016) they consider decile rank portfolios. I consider tertile rank portfolios as my
sample consists of considerably fewer funds. In addition, some of the risk measures I investigate are highly
correlated. This results in mutual funds being identically ranked for different risk measures, which means
that I do not have sufficient variation in my risk measures to consider more than tertile portfolio ranks.
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H0 : (b2,1 −b1,2)+ (b3,1 −b1,3)+ (b3,2 −b2,3) = 0,

HA : (b2,1 −b1,2)+ (b3,1 −b1,3)+ (b3,2 −b2,3) 6= 0. (2.11)

The test in Equation (2.11) asks whether the sum of dummy variable coefficient

differences is equal to zero. As an intuitive example, consider tertile ranks 2 and 3. If

investors attend the most to measure 1 then it is expected that the null hypothesis

b3,2 = b2,3 is rejected in favor of b3,2 < b2,3. That is, funds ranked in tertile 3 by measure

1, and tertile 2 by measure 2 (b3,2) produce negative flows relative to funds ranked

in tertile 2 by measure 1 and tertile 3 by measure 2 (b2,3). The reason I define the

superior risk measure as the measure that produces a negative relative flow is due to

my prior that investors are risk-averse. I present the sum of differences for dummy

variable coefficients with corresponding t-statistics in Table 2.9.

In Panel A of Table 2.9, I find that VaR is significantly better at predicting fund

outflows than risk measures STD, LSEM, and TR. For example, I find that the sum

of coefficient differences for VaR against STD is -0.37 with a t-statistic of -5.27. Also

noteworthy, VaR is only marginally better in terms of significance against ES for the

entire period. However, after the financial crisis, VaR is a significantly better predictor

than all other risk measures. In Panel B, I find that ES is a significantly better predictor

of outflows than STD, LSEM, and TR. In Panels C and D, I cannot determine whether

any of the risk measures have superior predictive abilities.

The results in Table 2.9 confirm the superior predictive ability of quantile risk

measures. Even after controlling for non-linear relations between fund flows and

risks, I find that quantile risk measures are superior in predicting future fund flows.

In particular, I find that VaR is the best predictor of future fund flows.

2.5 Concluding Remarks

In this paper, I investigate the predictive abilities of five competing risk measures

in terms of future fund flows. From the five competing measures, I define three

categories of risk: dispersion risk, downside risk, and quantile risk, and find that

only quantile risk measures such as Value-at-Risk and expected shortfall are able to

predict future fund flows when controlling for fund performance and relevant fund

characteristics. The finding is consistent with loss-averse investor preferences since

investors by attending to VaR and ES are mostly concerned with extreme negative

return realizations. From portfolio sorts and predictive panel regressions, I identify a

negative relation between historical estimates of quantile risk and future fund flows.

In auxiliary regression, I document that the relation between fund flows and quantile

risks is related to investor clienteles, time-varying risk aversion, fund age, and fund

size. Finally, by the use of horse-race panel regressions, I document that funds with

high estimates of VaR have significantly larger outflows in comparison to all other
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Table 2.9: Horse Race Regressions

This table shows results for the panel regression in Equation (2.10). The coefficients of interest are the
dummy variable coefficients, b j k , from which I test the hypothesis in Equation (2.11). The dependent
variable is Flowi ,t as defined in Equation (2.6) at time t , and the time t −1 control variables include
risk-adjusted returns as calculated in Equation (2.8), expense ratio, log of fund TNA, turnover ratio, log of
fund age, a dummy variable for load funds, and fund flows. All continuous variables are standardized. In
each panel, I present summed differences as well as a corresponding t-statistic for the entire sample
period and pre- and post-crisis periods. I present results for VaR, ES, TR, and LSEM in panels A-D,
respectively. All regressions are based on 185,604 fund-month observations. The covariance matrix
estimates used to calculate t-statistics are double-clustered by fund and month. ***, **, and * correspond
to significance levels 1%, 5%, and 10%, respectively.

Panel A: VaR

Entire period Pre-crisis period Post-crisis period

Competing measure STD LSEM ES TR STD LSEM ES TR STD LSEM ES TR
Sum of differences −0.37∗∗∗−0.26∗∗∗−0.06∗ −0.07∗∗∗−0.51∗∗∗−0.16∗∗−0.01 −0.02 −0.20∗∗∗−0.43∗∗∗−0.11∗∗−0.11∗∗∗
t-stat −5.27 −4.49 −1.83 −2.78 −4.50 −2.19 −0.25 −0.54 −2.60 −4.53 −2.29 −3.23

Panel B: ES

Entire period Pre-crisis period Post-crisis period

Competing measure STD LSEM TR STD LSEM TR STD LSEM TR
Sum of differences −0.11∗∗∗−0.14∗∗∗−0.05∗∗ −0.19∗∗∗−0.16∗∗∗−0.02 −0.01 −0.12∗∗−0.06∗∗
t-stat −3.00 −3.95 −2.13 −4.10 −3.25 −0.72 −0.31 −2.56 −2.14

Panel C: TR

Entire period Pre-crisis period Post-crisis period

Competing measure STD LSEM STD LSEM STD LSEM
Sum of differences −0.03 −0.04 −0.10∗∗∗−0.08∗∗ 0.04 −0.01
t-stat −1.06 −1.53 −2.60 −2.03 1.14 −0.38

Panel D: LSEM

Entire period Pre-crisis period Post-crisis period

Competing measure STD STD STD
Sum of differences 0.01 −0.08 0.14∗∗
t-stat 0.32 −1.32 2.24

measures of risk. This makes VaR the best predictor of future fund flows among the

competing risk measures.

The results in this paper add to the academic literature on mutual fund flows.

Papers by Berk and van Binsbergen (2016) and Barber et al. (2016) examine the

relationship between fund performance and fund flows. Both papers find that much

of the variation in fund flows is left unexplained by fund performance. From the

results in this paper, I show that quantile risk is a significant determinant in investor

assessments of actively managed mutual funds.

The results in this paper also have important implications for mutual fund man-

agers. This is the case since active management of quantile risk can help mitigate

outflows from fund portfolios, which is highly relevant as fund managers are often

compensated based on the size of their total net assets.
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Appendix

A.1 Double-sorted portfolios ranked on risk-adjusted
performance and risk

This section presents equal-weighted portfolio flows for portfolios first ranked on

past risk-adjusted performance and secondly on past risk. The results are obtained

in the same way as in Section 2.4.1 in the main part of the text. Figure A.1 presents

the results for risk measures: STD, LSEM, and TR. The p-values from the two-way

monotonicity test by Patton and Timmermann (2010) for STD, LSEM, and TR are

67.92%, 47.28%, and 24.94%, respectively.

Figure A.1: Double-Sorted Portfolio Flows Ranked on Risk-Adjusted Performance and Risk:
STD, LSEM, and TR

This figure shows the average portfolio flow (% per month) for portfolios first ranked on performance as
measured in Equation (2.8) and secondly ranked on a risk measure. The three panels present portfolios
ranked based on STD (top leftmost panel), LSEM (top rightmost panel), and TR (bottom leftmost panel).
Each month at time t , I rank mutual funds into tertile portfolios according to their performance. Next, I
rank the funds in each tertile portfolio into additional three portfolios based on a risk measure at time t .
For the resulting nine portfolios, I record an equal-weighted flow at time t +1. The ranking method
produces an out-of-sample time-series of flows from January 1997 to December 2018. The reported
portfolio flow is the time-series average of the ranking procedure.
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Abstract

Do hedge funds with superior risk-adjusted performance records genuinely exist and,

if so, can they be identified ex-ante? Addressing this question involves distinguishing

between luck and skill – a distinction that is all the more important due to the mul-

titude of hedge funds in existence. We apply a rigorous approach to identify funds

with superior performance and shed light on both the time-series dynamics in the

number of funds with superior performance and their investment styles.
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3.1 Introduction

After facing large outflows during the global financial crisis of 2008, the hedge fund

industry has since reached its peak in assets and currently manages above $5 trillion

dollars.1 However, in recent years, prominent investors have been disappointed by

their hedge fund holdings because of poor performance, large fees, and low trans-

parency.2 Some investors have also liquidated their fund-of-hedge funds (FoHF)

investments to focus on emerging managers (Aggarwal and Jorion (2010)).3

Hedge fund managers tended to benefit from light regulatory oversight and rel-

atively easy access to capital. After the financial crisis, regulatory scrutiny, rising

pressure on fees, and quantitative easing policies have dramatically changed the

hedge fund investment environment. Several managers have converted their funds

into family offices that are unregistered private hedge funds without outside in-

vestors.4 Further, some managers have shut down their fund because the new market

conditions do not offer adequate investment opportunities.5

The hedge fund industry is fiercely competitive with attrition rates among funds

that far exceed those experienced by other types of investment vehicles such as

mutual funds (Malkiel and Saha (2005)). Faced with this competition, it becomes very

difficult for individual hedge funds to generate superior investment performance

over a sustained period of time. Instead, it is likely that any superior investment

performance is fleeting, resulting in a high turnover among the set of funds that can

outperform their peers.

This paper addresses whether hedge funds with superior performance can be

identified ex-ante. Moreover, if such funds exist, for how long do these funds continue

to excel and which investment styles do they pursue?

To empirically address these questions and explore if it is possible to identify

hedge funds with superior performance, this paper applies the recent fund confi-

dence set (FCS) methodology of Grønborg et al. (2019) on a consolidated hedge fund

database constructed by Joenväärä et al. (2020). We find that it is possible to identify,

ex-ante, hedge funds with high subsequent (out-of-sample) risk-adjusted investment

performance. Compared to a variety of alternative approaches in the fund literature,

the FCS approach succeeds in generating substantially higher risk-adjusted returns

1Barth, Joenväärä, Kauppila and Wermers (2020) estimate using the union of confidential regulatory
and commercial databases that the size of the hedge fund industry is $5.2 – $5.4 trillion in December 2016.

2For example, the California Public Employees’ Retirement System (CalPERS) planned to eliminate a
large part of their hedge fund position in 2014. (https://www.reuters.com/article/us-pensions-calpers-
hedgefunds/calpers-dumps-hedge-funds-citing-cost-to-pull-4-billion-stake).

3The Los Angeles County Employees’ Retirement Association (Lacera) has offloaded
nearly $1 billion worth of FoHF mandates and launched a new emerging manager program.
https://hfm.global/hfminvesthedge/news/lacera-planning-for-400m-plus-hedge-fund-buildout/.

4https://www.ft.com/content/47ba9fdc-201c-11e9-b126-46fc3ad87c65.
5In 2014, Sandy Grossman’s QFS Asset Management shut down after 26 years because of the challeng-

ing market environment. https://www.reuters.com/article/us-hedgefunds-qfs/qfs-shuts-down-its-last-
fund-cites-tough-conditions.

https://www.reuters.com/article/us-pensions-calpers-hedgefunds/calpers-dumps-hedge-funds-citing-cost-to-pull-4-billion-stake-idUSKBN0HA2D120140916#:~:text=(Reuters)%20%2D%20The%20California%20Public,them%20too%20costly%20and%20complicated.
https://www.reuters.com/article/us-pensions-calpers-hedgefunds/calpers-dumps-hedge-funds-citing-cost-to-pull-4-billion-stake-idUSKBN0HA2D120140916#:~:text=(Reuters)%20%2D%20The%20California%20Public,them%20too%20costly%20and%20complicated.
https://hfm.global/hfminvesthedge/news/lacera-planning-for-400m-plus-hedge-fund-buildout/
https://www.ft.com/content/47ba9fdc-201c-11e9-b126-46fc3ad87c65
https://www.reuters.com/article/us-hedgefunds-qfs/qfs-shuts-down-its-last-fund-cites-tough-conditions-idUSBREA0E1GU20140115
https://www.reuters.com/article/us-hedgefunds-qfs/qfs-shuts-down-its-last-fund-cites-tough-conditions-idUSBREA0E1GU20140115
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(see, e.g., Fung and Hsieh (2004), Kosowski et al. (2007), Jagannathan, Malakhov and

Novikov (2010), Avramov et al. (2011), Harvey and Liu (2018), Sun et al. (2012), and Tit-

man and Tiu (2010)). Moreover, our results cannot be attributed to return smoothing

behavior (Getmansky, Lo and Makarov (2004)), backfill and incubation bias (Liang

(2000), Fung and Hsieh (2009), and Jorion and Schwarz (2019)), or strategic delays

in fund reporting (Aragon and Nanda (2017)). Our approach also leads to large and

significant risk-adjusted performance when we control for the variation in risk fac-

tors related to the MSCI emerging market index, liquidity (Pástor and Stambaugh

(2003)), out of the money (OTM) call and put options (Agarwal and Naik (2004)),

global time-series momentum (Moskowitz, Ooi and Pedersen (2012)), global betting-

against-beta (Frazzini and Pedersen (2014)), and global size, value, and momentum

(Carhart (1997)).

Given the competitive nature of the hedge fund industry it is unlikely that indi-

vidual funds can sustain superior performance over long periods of time. Consistent

with this notion, we find that the number as well as location of superior hedge funds

is strongly time-varying. In addition, the extent of any superior risk-adjusted perfor-

mance also appears to be strongly time-varying. Unlike other studies (e.g., Dichev

and Yu (2011) and Bollen, Joenväärä and Kauppila (2020)), we are, however, able to

identify superior out-of-sample performance after the financial crisis of 2008. No-

tably, the risk-adjusted FCS portfolio performance increases in magnitude in the

second part of our sample period.

Since superior performance is relatively short-lived, we ensure that our FCS

strategies are applicable for real time investors. To mitigate effects of hedge funds’

redemption restrictions, we rebalance FCS portfolios at an annual frequency. We

also limit our main empirical results to funds with at least $20m in assets under

management (AUM), as small funds are typically difficult to invest in. Further, the

out-of-sample tests are conducted so that we never use data that is not available for

investors in commercial databases.

We use an extensive list of fund characteristics to identify which types of funds are

most likely to generate superior returns. We find that funds with high prior returns,

low return volatility, a low coefficient of determination, and relatively young funds are

more likely to be included in the set of superior funds. The fact that the probability of

inclusion is decreasing in the coefficient of determination highlights the beneficial

properties of market neutral hedge funds as alternative investment vehicles (Titman

and Tiu (2010)).

Our approach is found to work well across hedge funds with four very different

investment styles, namely directional traders, multi-process, relative value, and secu-

rity selection.6 In a separate portfolio analysis, we explore the diversification gains of

applying the FCS separately to the four investment styles using “grid-weighted” style

portfolios. We find that an application of the FCS on the full set of funds has equiva-

6The definition of broad investment styles is similar to Agarwal, Daniel and Naik (2009).
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lent economic value relative to a direct application on the four separate investment

styles.

Investors are very unlikely to hold a portfolio purely invested in hedge funds,

choosing instead to overlay investments in hedge funds on top of a broader well-

diversified portfolio that includes asset classes such as stocks and bonds. We therefore

explore possible gains from adding hedge fund investments to a traditional 60/40

stock-bond portfolio. Again we find that the best hedge funds selected by the FCS

approach, when added to the stock-bond portfolio, result in economically meaningful

gains in both risk-adjusted performance and average utility for an investor with mean-

variance preferences.

The outline of the paper is as follows. Section 3.2 introduces the FCS methodology

for identifying hedge funds with superior performance from a sequence of pair-wise

comparisons of performance estimates. Section 3.3 introduces our data set. Section

3.4 explores the performance and characteristics of FCS portfolio performance. Sec-

tion 3.5 compares the FCS to alternative performance models. Section 3.6 conducts

portfolio analysis using the FCS methodology. Section 3.7 explores robustness to

alternative benchmark models, returns adjusted for serial correlation, the size of the

initial candidate set of funds, the number of monthly observations we use to estimate

relative alphas, and size restrictions on the funds we allow to be selected by the FCS.

Section 3.8 presents the concluding remarks.

3.2 Methodology

This section first describes our approach to modeling risk-adjusted performance and

estimating model parameters before introducing the Fund Confidence Set methodol-

ogy.

3.2.1 Risk-Adjusted Returns

Individual hedge funds’ performance can be estimated from their historical return

records. It is common practice in the literature on investment performance to adjust

raw returns for fund exposures to a set of underlying risk factors. This serves the

purpose of separating the component of a fund’s return that can be attributed to

its exposures to common risk factors versus an idiosyncratic component that is

more fund-specific. Specifically, let Ri ,t be the net return of hedge fund i in period

t , measured in excess of the T-bill rate, while X t measures the return on a vector of

factor portfolios. We then evaluate hedge fund returns adjusted for exposures to the

risk factors:

Ri ,t =αi +β
′
i X t +εi ,t . (3.1)
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Here αi measures the mean risk-adjusted return of fund i , β
′
i is a vector of factor

sensitivities, and the zero-mean residual εi ,t is an idiosyncratic return component

for fund i .

Hedge funds are known to follow very different investment strategies ("styles")

and so it is important to accurately benchmark their returns using an appropriate

set of risk factors as described in Equation (3.1). We distinguish between the risk-

adjustment model used to estimate fund performance ex-ante versus the model used

to measure ex-post performance.

The risk-adjustment model is used to rank the funds and determine which funds

get included in the final portfolio of funds. For this purpose we use the 3-factor

model used by Jagannathan et al. (2010) which includes (i) returns on the S&P500

index measured in excess of the T-bill rate; (ii) excess returns on an equal-weighted

portfolio comprising all hedge funds in our sample; and (iii) excess returns on an

equal-weighted portfolio of funds chosen to match a given funds’ investment style.

Provided that funds within a particular investment style have similar factor exposures,

this parsimonious specification allows us to more reliably estimate factor exposures

and, consequently, alphas than if we attempted to estimate funds’ exposures to a

large set of factors. This is an important consideration because estimation errors in

alphas can lead to imprecise fund rankings–a real practical concern given that many

funds only have relatively short track records.

This is less of a concern when it comes to ex-post evaluation of fund performance

which can be based on a longer sample, at least if the performance of a portfolio of

hedge funds is being evaluated. For performance testing, it is important to adjust for a

wide set of risk factors. To evaluate the ex-post performance of the resulting portfolio

of funds, we use the Fung and Hsieh (2004) 7-factor model, which includes a more

comprehensive list of variables such as excess returns on the Standard and Poor’s

(S&P) 500 index, the return spread between the Russell 2000 index and the S&P500

index, excess returns of 10-year U.S. Treasuries, the return spread between Moody’s

Baa corporate bonds and 10-year U.S. Treasuries, and trend-following factors for

bonds, currencies and commodities, respectively.

Our objective is to identify and predict the set of funds with the highest future

risk-adjusted returns. Define the current (period t ) estimate of fund i ’s alpha:

α̂i ,t = Ri ,t − β̂
′
i ,t |t X t . (3.2)

Alphas are unobserved and so to compute such an estimate, we need an estimate

of the factor loadings, β̂
′
i ,t |t , conditional on time t information. For this purpose we

adopt a rolling window estimator which includes at least 36 monthly observations

and at most 60 monthly observations. We require a minimum number of 36 observa-

tions to ensure that the estimated factor loadings are not too imprecise (dominated

by estimation error) and cap the number of observations at 60 months to ensure

that the estimates do not become stale and start to deviate from the funds’ current
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risk exposures. Because we use as few as 36 monthly observations to compute and

rank fund alphas, outliers can still affect our estimates. We mitigate this effect by

winsorizing the 5th and 95th percentile of the time-t cross-sectional estimates of

Equation (3.2).

α̂i ,t = Ri ,t − β̂
′
i ,t |t X t where

Ri ,t − β̂′
i ,t |t X t = qα(0.05) if qα(0.05) > Ri ,t − β̂′

i ,t |t X t

Ri ,t − β̂′
i ,t |t X t = qα(0.95) if qα(0.95) < Ri ,t − β̂′

i ,t |t X t

.

(3.3)

Here qα(·) denotes quantiles of the cross-sectional alpha distribution. We can

now estimate an individual fund’s alphas from the sample average of Equation (3.3):

ᾱi ,t = 1

t − ti 0

t∑
τ=ti 0+1

α̂i ,τ. (3.4)

The average alpha is estimated using at least 12 and at most 60 monthly observa-

tions.

3.2.2 Fund Confidence Set

Building on the model confidence set (MCS) approach of Hansen, Lunde and Nason

(2011), Grønborg et al. (2019) develop a Fund Confidence Set (FCS) methodology for

identifying the set of mutual funds with superior risk-adjusted performance. Individ-

ual funds are determined to be part of this set if their expected alpha performance

is not dominated by any other fund. We also use the FCS approach to identify the

set of inferior funds. Opposite to the superior set of funds, the set of inferior funds is

characterized by having significantly worse risk-adjusted performance than funds

excluded from the inferior FCS. We briefly outline the FCS approach for identying

superior funds as in Grønborg et al. (2019) below and explain how we modify the

approach so that it can be applied to hedge funds.

Hedge fund strategies and investment performance tend to be more heteroge-

neous and volatile than those of mutual funds. This makes it particularly valuable

to be able to identify, ex ante, those funds that are more likely to generate high fu-

ture risk-adjusted performance so as to take advantage of the most talented fund

managers. One way to identify such funds is by conducting a sequence of pairwise

comparisons of individual funds’ alpha estimates. However, the number of such

pairwise comparisons can be very large when the fund universe is large. This is

important because the large number of possibly correlated test statistics used in

the pair-wise comparisons means that standard critical values cannot be used to

determine whether a particular fund is significantly better (superior) to another fund.

To handle the resulting multiple hypothesis testing issue, Hansen et al. (2011) pro-

pose a sequential bootstrap approach which, in each step, computes a critical value
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for determining the correct cutoff separating superior from inferior performance.

Building on this approach, Grønborg et al. (2019) propose the FCS for selecting,

with a predefined probability, the set of best-performing funds, i.e., funds whose

risk-adjusted performance is not significantly worse than that of any other available

funds. The approach consists of two components, namely (i) pair-wise tests for equiv-

alent risk-adjusted (alpha) performance and (ii) an elimination rule that discards

individual funds whose performance is inferior relative to at least one other fund.

We next describe the approach in more detail. Let F0
t = {F1t , ...,Fnt } be the initial

set of funds over which the pairwise comparisons are conducted and define the

difference between the alpha of fund i and j at time t as

di j ,t =αi ,t −α j ,t , i , j ∈F0
t , (3.5)

with αi ,t defined in Equation (3.2). Further, define µi j = E [di j ,t ] as the expected

difference in the performance of fund i and j . If µi j > 0, fund i is preferred to fund j ,

and vice versa. If µi j = 0, funds i and j are expected to have the same performance.

We denote the set of superior funds at time t as F∗
t = {i ∈ F0

t : µi j ≥ 0forall j ∈ F0
t }.

This is the set of funds that are not dominated by the performance of any other fund

at time t . Note that the approach only uses relative performance and does not tell us

whether the superior funds perform equally well or equally poorly.

Elimination of individual funds is determined by a sequential procedure. That is,

each fund is subject to pairwise comparisons with all other funds in the candidate

set. If a particular fund is deemed to be significantly inferior relative to a another

fund, it gets eliminated. For each iteration, we end up with a subset of funds from

the original candidate set, Ft ⊆F0
t . Formally, each round of the sequential procedure

tests the null of equal performance:

H0,F0
t

:µi j = 0, for all i , j ∈F0
t , (3.6)

against the alternative of different performance for at least two funds

H1,F0
t

:µi j 6= 0, for some i , j ∈F0
t . (3.7)

As in Grønborg et al. (2019), we define the FCS as any subset F0
t that contains the

superior subset of funds F∗
t with a given probability, 1−λ, where λ is the size of the

test.

The FCS algorithm is outlined in the following steps repeated at each point in

time, t . The first step of the procedure starts by setting the subset of funds equal to

the full candidate set of funds Ft =F0
t . In the second step, we use the equivalence test

with a prespecified significance level, λ, to test H0,Ft
:µi j = 0 for all i , j ∈Ft . If we fail
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to reject H0,Ft , the FCS is F̂∗
t =Ft and the procedure stops with all candidate funds

included. If, instead, we reject H0,Ft , the fund with the worst performance (measured

against one other fund) gets eliminated from the original set of funds Ft . Next, the

procedure is repeated on the reduced set of funds. We continue until no further funds

can be eliminated. The final set F∗
t contains funds whose performance is superior in

the sense that it is not significantly inferior to any other funds included in this set.

Equation (3.5) is used to determine whether or not to eliminate a fund from the set

of candidate funds. We operationalize Equation (3.5) by using the sample average to

estimate the performance of fund i relative to fund j as d̄i j = t−1 ∑t
τ=1 di j ,t . To obtain

a better-behaved test statistic that accounts for uncertainty in estimates of fund

performance, we divide the sample average, d̄i j , by its sample standard deviation,√
ˆvar (d̄i j ), to obtain a t-statistic:7

ti j =
d̄i j√
ˆvar (d̄i j )

. (3.8)

Finally, we use the range statistic to identify the largest t-statistic among the

pairwise tests from Equation (3.8) and test H0,Ft :

TFt = max
i , j∈Ft

|ti j |. (3.9)

The set of pairwise t-tests, ti j , are asymptotically joint-normally distributed based

on assumptions from Hansen et al. (2011). However, they have an unknown covari-

ance matrixΩ. There are many potential pairwise t-statistics being compared, and

therefore the range statistic, TFt has a non-standard asymptotic distribution. There-

fore, we use the bootstrap approach of White (2000) to obtain critical values. From

the random bootstrap draws, we identify the i ’th fund with the worst estimated per-

formance relative to fund j . The sequential elimination rule is executed using the

following rule:

argmin
i∈Ft

sup
j∈Ft

ti j (3.10)

Using Equations (3.9)-(3.10), we remove funds whose performance is significantly

worse than that of at least one other fund currently included in the FCS.

In practice, the performance of the FCS approach depends on the chosen signifi-

cance level λ. We may fail to eliminate funds with truly inferior performance from

the FCS if their risk-adjusted returns are estimated with large standard errors. This

7The t-statistic is a pivotal statistic with better sampling properties as it does not depend on any
unknown population parameters.



3.2. METHODOLOGY 85

can happen because large standard errors decrease the t-statistic in Equation (3.8),

making it difficult to reject the proposed null hypothesis and, thus, eliminating the

funds. This suggests a trade-off between excluding truly superior funds (type I errors)

and including truly inferior funds (type II errors) in the fund confidence set. This

trade-off is sensitive to the choice of significance level. We next discuss this important

trade-off in more detail.

3.2.3 Choosing λ

The size of the equivalence tests is determined by λ. This makes it an important

input to the FCS approach because it controls the trade-off between Type I and Type

II errors. In our context, a Type I error is a false discovery, i.e. a wrongful exclusion

from the FCS of a fund whose true performance is at least as good as that of the final

fund confidence set. Conversely, a Type II error is a missed discovery, i.e. a failure to

eliminate a truly inferior fund from the final fund confidence set.

Our objective is to select a value of λ that maximizes future risk-adjusted perfor-

mance for the FCS portfolio. This can be achieved by choosing λ so as to achieve

the best trade-off between Type I and Type II errors. In practice, the cost of wrongly

including a truly inferior fund (Type II error) in the FCS portfolio is much higher

than the cost of wrongly excluding a truly superior fund (Type I Error) from the FCS

portfolio.8

This means that the best choice of λ should be quite high. As in Grønborg et al.

(2019), we opt for λ= 0.90 as our benchmark case. A large size of the equivalence tests

ensures a ”tight” set of superior funds, which reduces the probability of including

truly inferior funds. A large value of λ thus makes the FCS approach highly selective.

However, we also present results for a medium-tight, medium, and wide set of funds,

corresponding to setting λ= 0.75, λ= 0.50, and λ= 0.10, respectively.

3.2.4 Candidate Set of Funds

The FCS approach conducts pairwise comparisons of all fund pairs in our sample. At

each point in time t , we have potentially as many as 10,414 funds in our sample. This

makes it computationally infeasible to conduct all pairwise comparisons.9

To circumvent infeasible implementations of the FCS approach, we conduct

pairwise comparisons only for funds with a positive (negative) rolling window alpha

estimate and a positive (negative) average relative alpha from Equation (3.1) and (3.4),

respectively. This approach towards limiting the set of funds in the initial comparison

set is similar to the implementation in Grønborg et al. (2019). In addition, we limit the

8See e.g. Harvey and Liu (2020) for a discussion of the trade-off between Type I and Type II errors in
financial economics.

9Consider a cross-section of 10,414 funds across the 228 months from 1998:01 to 2016:12. This amounts
to approximately 12.4 billion pairwise comparisons.
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candidate set of funds to include a maximum of 500 funds, i.e., the 500 top and bottom

funds ranked by their average relative alpha from Equation (3.4) for the superior and

inferior FCS, respectively. This reduction in the set of candidate funds can be thought

of as a non-parametric way of eliminating funds with poor (good) performance and

ensures that our implementation of the FCS becomes computationally feasible.10

In addition to selecting the 500 top (bottom) ranked funds, we also remove the

1st percentile of funds with lowest return volatility at each rebalancing period. The

reason is that a small minority of hedge funds in our sample report constant returns

across our sample period (e.g. if the hedge fund acts as a lending provider). If we

were to include funds with zero volatility, our optimal weighting scheme would break

down.

3.3 Data

We examine different strategies for hedge fund selection on monthly data of live and

dead hedge funds as reported in the BarclayHedge, EurekaHedge, eVestment, Hedge

Fund Research, Lipper TASS, Morningstar and Preqin databases. Our sample runs

from January 1994 to December 2016. To merge these commercial databases, we

apply the aggregation procedure of Joenväärä et al. (2020) which yields a total of

26,432 funds. Of these, 12,774 funds are covered only by a single database while 618

funds report to all seven databases. The largest number of funds unique to a single

data base occur in BarclayHedge (2,776) while the lowest number occur in Preqin

(1,034). Even the less commonly-used eVestment data base contains 1,953 funds that

do not report to other vendors.

For each fund, we collect data on net-of-fee returns and assets under management

(AUM) as well as variables capturing compensation structure, share restrictions, and

leverage. We convert monthly returns and AUMs into U.S. dollars using end-of-month

spot rates downloaded from Thomson Reuters Datastream. Finally, we aggregate both

returns and AUMs from share class level to fund level following the steps outlined in

Joenväärä et al. (2020).

Like Agarwal et al. (2009), we group funds into four broad investment styles: direc-

tional trader, multi-process, relative value, and security selection. Directional trader

funds bet on the direction of market prices of currencies, commodities, equities, and

bonds in the futures and cash markets. Multi-process funds employ strategies that

take advantage of significant events, such as spin-offs, mergers and acquisitions,

bankruptcy reorganizations, recapitalizations, and share buybacks. Relative value

funds take positions on spreads between prices of various securities and aim to

minimize market exposure. Security selection funds take long and short positions in

undervalued and overvalued securities, typically in equity markets.

10In Section 3.7.4, we provide robustness results for candidate sets which limit the number of funds to
100, 250, and 1,000, respectively. We find that the ex-post performance of the FCS algorithm is insensitive
to the cap of the candidate set.
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Our analysis evaluates the hedge funds’ ex-post performance by means of the

Fung and Hsieh (2004) seven-factor model. The Fung and Hsieh factors are the excess

return on the S&P 500 index (SNPMRF); a small minus big factor (SCMLC) constructed

as the difference between the Russell 2000 and S&P 500 stock indexes; the yield spread

of the U.S. ten-year Treasury bond over the three-month Treasury bill, adjusted for

the duration of the ten-year bond (BD10RET); the change in the credit spread of

Moody’s BAA bond over the ten-year Treasury bond, also appropriately adjusted

for duration (BAAMTSY); and the excess returns on portfolios of lookback straddle

options on bonds (PTFSBD), currencies (PTFSFX), and commodities (PTFSCOM),

which are constructed to replicate the maximum possible return from trend-following

strategies on their respective underlying assets.11 Fung and Hsieh (2004) show that

these seven factors explain a considerable portion of the variation in aggregate hedge

fund returns.

Since hedge funds report voluntarily to data vendors, commercial databases suffer

from various data biases (Fung and Hsieh (2004, 2009); Liang (2000)). We address

these biases in a number of ways. To mitigate the effect of survivorship bias, we focus

on data from January 1994 onward as vendors have not collected data on defunct

funds prior to this date. Although we download the data in mid-2017, we mitigate

the impact of strategic delays in fund reporting by dropping the last few months of

returns (Aragon and Nanda (2017)).

To control for the effect of backfill bias, we utilize all available database-level

information on a fund’s listing dates to produce a fund-level listing date and remove

all return observations prior to that date as backfilled. If available, we select the

earliest reported listing date as the fund-level listing date. Otherwise, we use the

algorithm of Jorion and Schwarz (2019) to impute the listing dates, again selecting the

earliest date. This approach minimizes the backfill bias and maximizes the number

of return observations, mitigating the effect of a potential reverse survivorship bias

(Linnainmaa (2013)).

Although our consolidated database in all likelihood contains almost all hedge

funds that report to commercial databases, it may still suffer from selection bias since

the reporting is not mandatory. In fact, poorly performing funds may elect to not

report to any vendor, while the best-performing funds do not need to advertise their

returns, having reached their capacity. Until recently, evidence on the magnitude

and even direction of selection bias has been mixed (see e.g., Agarwal, Fos and

Jiang (2013), Aiken, Clifford and Ellis (2013), and Edelman, Fung and Hsieh (2013)).

However, using the selection bias-free confidential Form PF data, Barth et al. (2020)

document that hedge funds which do not report to commercial databases deliver, on

average, higher performance than funds reporting to commercial databases. While

this finding suggests that our study sample may not be completely representative,

11David Hsieh kindly supplied these risk factors. The trend-following factors can be downloaded from:
http://faculty.fuqua.duke.edu/%7Edah7/DataLibrary/TF-Fac.xls.

http://faculty.fuqua.duke.edu/%7Edah7/DataLibrary/TF-Fac.xls
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it also indicates that, if anything, we may obtain a downward-biased estimate of

risk-adjusted returns for the best-performing funds. Moreover, because Form PF data

is only available for conducting research related to systemic risk and stability of the

financial system, ours is the most comprehensive data set available for studying fund

selection strategies.

From a practical investment perspective, our consolidated database provides a

real-time hedge fund opportunity set for accredited investors who have access to

seven commercial databases. However, it is important to note that some funds may

be closed to new investments and unexpected redemption problems can occur due

to discretionary liquidity restrictions (Aiken, Clifford and Ellis (2015)). Nevertheless,

because the vast majority of funds reporting to commercial databases are seeking

new investors and more capital, the proposed fund selection strategies are likely to

be feasible to real-time investors.

Applying these data filters and requiring funds to have at least 24 monthly return

observations results in a set of 10,414 unique funds that form our study sample.12

Roughly one-third (3,165) of these funds were still operating at the end of our sample,

while two thirds (7,249) of the funds were defunct at this point.

3.3.1 Summary Statistics

Before proceeding to the empirical analysis, we present summary statistics for our

sample of hedge funds. That is, we report summary statistics for returns, AUM, com-

pensation structure, share restrictions, and leverage observations that get reported

to a commercial database after the fund’s listing date. We show results both for the

full set of funds as well as for subsets of funds classified by a set of broad investment

styles similar to that in Agarwal et al. (2009), namely directional traders, multi-process,

relative value, and security selection.

Table 3.1 shows that directional trader funds comprise the largest investment

style category with 3,767 funds followed by security selection with 3,034 funds. The

multi-process and relative value categories contain around 1,800 funds. The average

fund-month AUM equals $286.23m with Directional trader funds being largest on

average ($346m) and relative value funds being smallest ($90m). The average fund-

month annualized return equals 5.25%, ranging from 4.50% for relative value funds

to 6.17% for security selection funds. Finally, the (annualized) standard deviation of

fund-month returns is 19.04%, ranging from 12.52% for relative value funds to 21.42%

for directional traders.

Table 3.1 also shows that funds in our sample charge an average of 1.54% in annual

management fees, accompanied by an annual incentive fee of 17.46%. Further, our

data on compensation structure reveal that directional traders and multi-process

funds tend to charge higher yearly management fees (1.68% and 1.60%) than relative

12The hedge funds are allowed to have non-contiguous return data.
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Table 3.1: Summary Statistics

This table shows the number of funds (N), number of fund-month observations (T), average fund-month
AUM ($m), average fund-month annualized returns (12 ·R), average fund-month annualized standard
deviations (

p
12 · std(R)), average management fee per year (%), average incentive fee per year (%), the

fraction of funds that use a high-water mark, average lock-up period (years), average notice period (years),
average redemption frequency (years), average minimum investment ($m), and the fraction of funds that
use leverage. All statistics are shown for the full set of funds as well as for four investment categories:
directional traders, multi-process, relative value, and security selection.

Directional
traders

Multi-
process

Relative
value

Security
selection

All funds

N 3,767.00 1,878.00 1,735.00 3,034.00 10,414.00
T 204,983.00 100,209.00 90,742.00 187,570.00 583,504.00
AUM 346.28 337.53 298.27 187.38 286.23
Return 4.83 5.06 4.50 6.17 5.25
Std. Dev 21.42 17.94 12.52 19.45 19.04
Management fee 1.68 1.60 1.38 1.42 1.54
Incentive fee 17.22 17.08 17.21 18.14 17.46
High-water mark dummy 0.59 0.64 0.77 0.85 0.71
Lock-up period 0.11 0.27 0.24 0.32 0.22
Notice period 0.04 0.09 0.09 0.09 0.07
Redemption frequency 0.08 0.18 0.13 0.17 0.13
Minimum investment 4.24 4.78 6.18 4.85 4.84
Leverage dummy 0.48 0.48 0.59 0.60 0.53

value and security selection funds (1.38% and 1.42%). Also, relative value and security

selection funds are more likely to use a high-water mark in their compensation

structure (77% and 85%) than directional traders and multi-process funds (59% and

64%). Turning to share restrictions, Table 3.1 shows that the average lock-up, notice,

and redemption periods are 0.22, 0.07 and 0.13 years, respectively, or 2.6, 0.8, and

1.6 months. The minimum investment averages $4.84m. Finally, 53% of funds apply

leverage, a number that varies between 48% for directional traders and multi-process

funds and 60% for security selection funds.

3.3.2 Characteristics of the Set of Superior and Inferior FCS Funds

Table 3.2 presents maximum likelihood estimates of the probit model for funds

included in the superior (inferior) FCS. The table presents results for tight (λ= 0.90),

medium-tight (λ = 0.75), medium (λ = 0.50), and wide (λ = 0.10) FCS portfolio

specifications. To be included in a FCS portfolio, we require that a fund has at least

$20m in AUM at an end-of-year rebalancing month t . The probit regression equation

is stated in Equation (3.11):

Pr(Includedi ,t (λ) = 1|Xi ,t ) =Φ(Xi ,tβ). (3.11)
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Here, the dependent variable Includedi ,t (λ) equals 1 if a fund i is included in the

superior (inferior) set of funds when we rebalance the FCS portfolio, and 0 otherwise.

The funds we consider for the probit regression at time t are required to have at least

48 monthly observations prior to time t and a return volatility that is higher than the

1st percentile in the cross-section of funds. These are the same criteria we require for

a fund to be eligible for our candidate set of funds and thus for selection of the FCS

algorithm.13 The functionΦ(·) denotes the cumulative distribution function (CDF) for

the standard normal distribution, and the vector Xi ,t consists of fund characteristics.

As lagged fund characteristics we consider average fund returns over the past year,

standard deviation of fund returns over the past year, systematic- and unsystematic

risk as in Bali, Brown and Caglayan (2012), and 1-R2 as in Titman and Tiu (2010). We

estimate systematic risk, unsystematic risk, and the adjusted coefficient of determina-

tion based on rolling windows with at least 36 and at most 60 monthly observations

from the Fung and Hsieh (2004) 7-factor model. We further consider time t fund

characteristics (the natural logarithm of fund age and the natural logarithm of fund

AUM), and time-invariant characteristics (management fee, incentive fee, a high-

water mark dummy, notice period, redemption frequency, a lock-up dummy, the

minimum investment, and a leverage dummy). We also include a time fixed effect.

For both superior and inferior funds, we consider two probit regression spec-

ifications. In the first specification, we include all fund characteristics except for

systematic risk, unsystematic risk, and 1-R2. In the second specification, we include

all fund characteristics except for the standard deviation of fund returns.

Our first specification shows that superior (inferior) FCS funds have higher (lower)

past returns and lower (higher) risk. In our second specification, we decompose risk

into systematic and idiosyncratic risk. We find that both systematic and unsystematic

risks are not associated with inclusion to the superior FCS portfolio, while inferior

FCS funds tend to have high systematic risk loadings. To further strengthen this

view, we find that superior FCS funds are positively related to 1-R2, while inferior

FCS funds are negatively related to 1-R2. Overall, this analysis suggests that superior

FCS funds have experienced high past returns without large exposures to systematic

risk factors, while inferior funds have had poor returns with high systematic risk.

This finding highlights the beneficial properties of market neutral hedge funds as

alternative investment vehicles (Titman and Tiu (2010)).

The superior FCS funds have a strong and negative association with fund age

and positive but mostly insignificant association with fund size. This is consistent

with Aggarwal and Jorion (2010) who document that emerging funds run by large

management companies tend to outperform. The inferior FCS funds have a substan-

tially weaker but also negative relation to fund age, while their relation to fund size is

negative. This may suggest that inferior funds have difficulties accumulating enough

13Note that we do not require funds to be in the candidate set of funds for entering the probit regression
in Equation (3.11).
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Table 3.2: Characteristics of Superior and Inferior FCS Funds

This table shows the maximum likelihood estimates from the probit regression in Equation (3.11). For
funds with at least $20m in AUM, the dependent variable Included equals 1 if fund i is included in the
superior (inferior) set of funds at a rebalancing month, and 0 otherwise. As fund characteristics we
consider the lagged average fund return, lagged standard deviation of fund returns, lagged systematic risk
of fund returns, lagged unsystematic risk of fund returns, lagged adjusted-R2 of fund returns, natural
logarithm of fund age in months, natural logarithm of fund AUM, management fee, incentive fee, a
high-water mark dummy, notice period, redemption frequency, a lock-up dummy, the minimum
investment, and a leverage dummy. We also include a time fixed effect. Panel A presents results for
superior FCS portfolios, whereas Panel B presents results for inferior FCS portfolios. In both panels we
show results for two specifications of the probit regression from Equation (3.11). Standard errors are
double-clustered on fund and month. ***, **, and *, correspond to significance levels 1%, 5%, and 10%,
respectively.

Panel A: Superior funds

(1) (2)

Tight Medium-tight Medium Wide Tight Medium-tight Medium Wide

Return 0.41∗∗∗ 0.43∗∗∗ 0.44∗∗∗ 0.40∗∗∗ 0.35∗∗∗ 0.36∗∗∗ 0.38∗∗∗ 0.38∗∗∗
Standard deviation −0.06 −0.06 −0.06∗∗ −0.05∗∗
Systematic risk 0.00 0.00 0.00 0.00
Unsystematic risk −0.01 0.00 0.00 0.00
1-R2 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗
log(Age) −0.16∗∗ −0.16∗∗ −0.15∗∗∗ −0.10∗ −0.15∗∗ −0.17∗∗∗ −0.15∗∗∗ −0.09∗
log(AUM) 0.03 0.05 0.04 0.03 0.04 0.06∗∗ 0.05∗ 0.03∗
Management fee 0.10 0.11 0.08 0.04 0.07 0.07 0.03 −0.01
Incentive fee 0.01 0.01 0.01 0.01∗∗ 0.00 0.01 0.01 0.00
High-water mark dummy 0.18 0.26 0.04 0.00 0.18 0.27 0.04 0.01
Notice period 0.43 −0.12 0.11 −0.19 0.49 −0.12 0.02 −0.35
Redemption frequency 0.13 0.22 0.10 0.08 0.10 0.24 0.18 0.19
Lock-up dummy −0.08 −0.10 −0.04 0.02 −0.08 −0.08 −0.02 0.04
Minimum investment 0.00 0.00 0.00 0.00∗ 0.00 0.00 0.00 0.00∗
Leverage dummy 0.13 0.00 0.00 0.07 0.10 −0.03 −0.03 0.04

Observations 18,203 18,203 18,203 18,203 18,203 18,203 18,203 18,203

Panel B: Inferior funds

(1) (2)

Tight Medium-tight Medium Wide Tight Medium-tight Medium Wide

Return −0.25∗∗∗ −0.25∗∗∗ −0.21∗∗∗ −0.20∗∗∗ −0.32∗∗∗ −0.33∗∗∗ −0.27∗∗∗ −0.26∗∗∗
Standard deviation 0.09∗∗∗ 0.09∗∗∗ 0.10∗∗∗ 0.10∗∗∗
Systematic risk 0.01∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗
Unsystematic risk 0.00 0.00 0.00 0.00
1-R2 −0.01∗∗∗ −0.01∗∗∗ −0.01∗∗∗ −0.01∗∗∗
log(Age) −0.08 −0.09∗∗ −0.07∗ −0.03 −0.11∗∗ −0.12∗∗∗ −0.10∗∗ −0.07∗∗
log(AUM) −0.12∗∗∗ −0.12∗∗∗ −0.11∗∗∗ −0.10∗∗∗ −0.11∗∗∗ −0.12∗∗∗ −0.11∗∗∗ −0.11∗∗∗
Management fee 0.25∗∗∗ 0.17∗∗∗ 0.13∗∗ 0.04 0.30∗∗∗ 0.22∗∗∗ 0.19∗∗∗ 0.13∗∗
Incentive fee −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.02∗∗∗ −0.01∗ −0.01∗∗∗ −0.01∗∗∗ −0.01∗∗
High-water mark dummy −0.03 −0.06 −0.01 0.05 −0.04 −0.08 −0.03 0.01
Notice period −1.00 −0.86 −0.89∗∗ −1.64∗∗∗ −0.90 −0.72 −0.90∗ −1.70∗∗∗
Redemption frequency 0.17 −0.15 −0.24 −0.24 0.02 −0.34 −0.44∗ −0.48∗∗
Lock-up dummy −0.04 0.05 0.00 0.01 −0.05 0.02 −0.03 −0.03
Minimum investment −0.01 0.00 −0.01 0.00 −0.01 0.00 0.00 0.00
Leverage dummy −0.12∗ −0.09 −0.07 −0.05 −0.07 −0.03 −0.02 0.02

Observations 18,203 18,203 18,203 18,203 18,203 18,203 18,203 18,203
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assets to survive.

The superior FCS funds are positively but often insignificantly related to compen-

sation structure variables like incentive fees and high-water mark, while the inferior

FCS funds charge significantly higher management fees and lower incentive fees.

This suggests that superior FCS funds are more sophisticated and better incentivized,

and, therefore, may outperform (Agarwal et al. (2009)). The relationship between FCS

funds and share restriction variables is statistically weak. The notable exception is

the negative relation between the inferior FCS funds and the notice period variable.

As suggested in Aragon (2007), this may explain why inferior funds underperform.

In Figures 3.1 and 3.2, we show the average tight FCS portfolio characteristics for

superior and inferior funds, respectively.

Figure 3.1: Time-Varying Characteristics for Funds Included in the Superior FCS Portfolio

This figure shows the average of fund characteristics for funds included in the superior tight FCS portfolio.
Panel a shows the 12-month rolling window of fund returns (%) (blue) and the 12-month rolling standard
deviation of fund returns (%) (red). Panel b shows 60-month rolling window estimates of systematic risk
(%) (blue), unsystematic risk (%) (red), and 1-R2 (%) (black). Panel c shows the fund age (months). Panel d
shows the fund AUM ($m). Panel e shows management fee (%) (blue) and incentive fee (%) (red). Panel f
shows the fraction of funds using a high-water mark (%). Panel g shows redemption frequency (years)
(blue), notice period (years) (red), and lock-up period (years) (black). Panel h shows the minimum
investment ($m). Panel i shows the leverage dummy.
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Figure 3.2: Time-Varying Characteristics for Funds Included in the Inferior FCS Portfolio

This figure shows the average of fund characteristics for funds included in the inferior tight FCS portfolio.
Panel a shows the 12-month rolling window of fund returns (%) (blue) and the 12-month rolling standard
deviation of fund returns (%) (red). Panel b shows 60-month rolling window estimates of systematic risk
(%) (blue), unsystematic risk (%) (red), and 1-R2 (%) (black). Panel c shows the fund age (months). Panel d
shows the fund AUM ($m). Panel e shows management fee (%) (blue) and incentive fee (%) (red). Panel f
shows the fraction of funds using a high-water mark (%). Panel g shows redemption frequency (years)
(blue), notice period (years) (red), and lock-up period (years) (black). Panel h shows the minimum
investment ($m). Panel i shows the leverage dummy.
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3.4 Performance and Characteristics of FCS Portfolios

3.4.1 Performance of Superior Funds

Our performance analysis begins by considering the set of hedge funds selected to

be superior by our FCS methodology. Table 3.3 reports results using four different

values of the λ parameter that regulates the trade-off between type I and type II

errors, namely tight (λ= 0.90), medium-tight (λ= 0.75), medium (λ= 0.50), and wide

(λ= 0.10) sets. We create portfolios using either equal-weighted or optimally weighted

portfolios. Optimal portfolio weights are proportional to the funds’ information ratios

(IR) scaled by their idiosyncratic standard deviation as in Grønborg et al. (2019).

Small funds with low AUM values are generally hard to invest in, so our results only
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include funds with an AUM of at least $20m at the month of portfolio rebalancing. We

rebalance the FCS portfolios at the end of every year (month t ). Funds included in the

ensuing portfolio are held during the subsequent calendar year, i.e. from months t +1

through t +12.14 We rebalance the FCS portfolios infrequently due to long lock-up

and redemption periods for hedge funds.

Since we use a rolling window with a minimum of 36 months to estimate alphas

and an additional 12 months to obtain average relative alpha estimates, our procedure

requires at least four years of data initially and so our sample of portfolio returns runs

from 1998:01 through 2016:12. Note that our results are not subject to any look-ahead

bias because we do not require funds to survive during the investment period from

month t +1 through month t +12, given that they have been selected to a portfolio at

time t . In addition, if a selected fund ceases to report returns between rebalancing

months, we assume that we can reinvest excess capital such that relative weights

among the remaining funds are unaffected.

Table 3.3 reports performance measures for portfolios of funds included in the

superior FCS. Average monthly alpha estimates range between 48 and 90 bps/month

for the optimally weighted portfolios and between 27 and 62 bps/month for the

equal-weighted portfolios. Moreover, mean alpha estimates increase monotonically

as we move from wide to tight FCS portfolios. The estimates are highly statistically sig-

nificant with t-statistics ranging from 2.0 through 5.6. Sharpe ratios and information

ratios range from 0.18 to 0.41.

The results show that choosing a tight value of λ (λ= 0.90) results in the highest

risk-adjusted returns and, thus, offers the best trade-off between failing to exclude

funds with inferior performance versus wrongly eliminating superior funds. Moreover,

the results also suggest that it is possible to ex-ante identify superior hedge funds

with high future risk-adjusted returns.

Panels B and C report results partitioned into two roughly evenly split sub-

samples with the first running from 1998:01 to 2006:12 and the second covering

the period from 2007:01 to 2016:12. Performance of the FCS portfolio, as measured

by the seven-factor Fung and Hsieh (2004) alpha, is significantly lower in the first

sample compared to the second portion.

Figure 3.3 presents information on the investment styles of the funds included in

the tight (λ= 0.90) superior FCS. Directional traders, multi-process, relative value,

and security selection hedge funds constitute on average 35.90%, 11.86%, 10.26%,

and 41.99% of the tight FCS portfolio, respectively. The style composition of the FCS

portfolio varies a great deal from year to year, however. Security selection features

prominently in the FCS during the early period from 1999-2005 and, again, from

2012-2016 but is largely absent from the FCS portfolio in the middle of the sample.

14Between rebalancing months, the positions in both the equal-weighted and optimally weighted
portfolios evolve according to the underlying hedge fund returns. This means that the weights of the
best-performing funds will increase between rebalancing dates while the weights of funds with below-par
returns will tend to decline between the rebalancing dates.
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Table 3.3: Risk-Adjusted Performance for Portfolios of Funds in the Superior FCS

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM at a rebalancing month. Funds are selected into portfolios by the
FCS based on relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha
estimated using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of alpha and positive average relative alphas to
identify the candidate set of superior funds. In addition, we limit the candidate set to the 500 funds with
the highest average relative alpha at every yearly rebalancing period. At time t +1 to time t +12, we record
portfolio returns for the funds contained in the superior set of funds from time t . The approach produces
time-series of returns from the period 1998:01-2016:12 corresponding to 228 months. Results for the entire
sample period are presented in Panel A, and for two subperiods in Panel B and C. The first subperiod
covers 108 months from 1998:01 to 2006:12, and the second subperiod covers 120 months from 2007:01 to
2016:12. Portfolio returns are calculated using equal- or optimal weights. At the end of every December,
the equal- and optimal weights for every fund i are rebalanced based on information available at time t .

Optimal weights are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window

estimates. In between rebalancing months, portfolio weights of the individual hedge funds evolve
according to their returns. We report results for different values of the tightness parameter λ. Tight,
medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: Full sample

Optimally weighted portfolios
Tight 0.90 4.28 0.27 0.26 0.76 17.54 4.77 6.66 1.26 8
Medium-tight 0.85 4.33 0.31 0.28 0.81 17.54 3.09 6.29 2.21 13
Medium 0.73 5.55 0.41 0.38 0.76 14.15 2.63 4.40 7.82 21
Wide 0.48 4.54 0.36 0.30 0.55 14.15 1.50 3.63 8.17 43

Equal weighted portfolios
Tight 0.62 2.87 0.18 0.17 0.46 27.52 5.65 6.96 1.52 8
Medium-tight 0.62 2.78 0.22 0.19 0.57 22.00 5.03 6.62 1.44 13
Medium 0.46 2.64 0.24 0.20 0.52 25.09 2.68 6.35 15.32 21
Wide 0.27 2.01 0.20 0.13 0.38 17.02 3.07 5.55 16.28 43

Panel B: 1998:01 to 2006:12

Optimally weighted portfolios
Tight 0.70 2.52 0.17 0.21 0.44 17.54 6.07 6.75 12.06 3
Medium-tight 0.47 1.91 0.14 0.19 0.29 17.54 5.37 6.51 17.98 5
Medium 0.55 2.52 0.22 0.24 0.47 14.15 4.76 5.70 16.59 17
Wide 0.44 2.24 0.23 0.22 0.43 14.15 2.49 4.83 8.35 31

Equal weighted portfolios
Tight 0.74 2.59 0.18 0.22 0.47 19.19 6.07 6.87 12.56 3
Medium-tight 0.34 1.20 0.11 0.13 0.19 19.19 5.71 6.79 14.24 5
Medium 0.12 0.41 0.09 0.04 0.13 25.09 5.67 8.83 18.96 17
Wide 0.13 0.55 0.10 0.05 0.17 17.02 5.61 6.85 16.21 31

Panel C: 2007:01 to 2016:12

Optimally weighted portfolios
Tight 1.11 3.58 0.36 0.33 1.05 12.94 2.51 5.18 -2.91 12
Medium-tight 1.23 4.39 0.45 0.40 1.29 12.94 1.44 4.01 2.04 20
Medium 0.94 6.60 0.78 0.77 1.03 7.39 1.29 2.14 14.29 26
Wide 0.58 5.83 0.61 0.61 0.67 7.79 1.02 2.18 26.13 53

Equal weighted portfolios
Tight 0.57 1.71 0.17 0.16 0.45 27.52 4.28 6.65 -2.61 12
Medium-tight 0.93 2.80 0.31 0.27 0.92 22.00 3.22 5.83 2.20 20
Medium 0.81 4.89 0.56 0.54 0.88 3.63 1.37 1.95 12.17 26
Wide 0.47 4.06 0.39 0.37 0.56 9.73 1.60 3.17 24.40 53
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Directional traders form an important part of the tight FCS portfolio of superior funds

in 1998 and in most years from 2006-2016, with exception of 2009 and 2011. Multi-

process and relative value funds are included in the tight FCS portfolio of superior

funds on a less systematic basis but feature prominently in 2003 and, again, during

the last five years of the sample, 2012-2016.

These results show, first, that the number of funds included in the superior FCS

portfolio varies greatly over time. On average, there were 8 funds in the tight FCS.

However, this number fluctuated greatly from only a single fund being included in

1998, 2000, 2002, 2005, 2006, 2009 and 2011 to more than 35 funds being included in

2015. Second, there is considerable rotation in the style of the funds being selected,

suggesting that no single investment style dominates throughout the sample. This

is consistent with style-related abnormal returns deteriorating in the presence of

superior performance due to increased competitive pressures.

Figure 3.3: Investment Styles Included in the Superior FCS Portfolio

This figure shows the number (top panel) and fraction (bottom panel) of individual fund investment styles
included in the superior FCS portfolio for a tight portfolio specification (λ= 0.90). The funds are selected
conditional on having at least $20m in AUM at a rebalancing month. The investment styles include:
directional traders, multi-process, relative value, and security selection.
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3.4.2 Time-Variation in Risk-Adjusted Performance

We next study local time-variation in risk-adjusted performance. We calculate time-

varying alphas using a local kernel regression approach described in Appendix A.1.

This approach is similar to using rolling window regressions but improves on the

latter approach by using a two-sided window and assigning more weight to recent

(local) return performance as compared to more distant return performance. Figure

3.4 shows local alpha estimates for the tight FCS portfolio (blue line) as well as for

the benchmark methods presented in Table 3.6. The tight FCS portfolio of superior

funds performs very well throughout most of the sample, with alpha estimates well

above 100 bps/month for most of the period from 2005-2013. The performance of this

portfolio peaks at a level above 200 bps/month in 2007-2008 and again in 2009-2010

as well as in 2011-2012 but comes down somewhat from that point onwards and ends

up close to 50 bps/month at the end of the sample. The benchmark methods are

generally inferior to the tight FCS portfolio specification except for the early and final

part of our sample.

Figure 3.5 plots cumulative portfolio return for the superior FCS and benchmark

portfolios. The cumulative return of the tight FCS portfolio is markedly higher than

that of the benchmark methods. For example, the cumulative return of the tight

FCS portfolio amounts to 966%, whereas the cumulative return of the 7-factor alpha

model of Fung and Hsieh (2004) amasses a cumulative return of 508%. This highlights

the value-added from the flexibility of varying the size of the superior set of funds

over time. Notably, while most of the benchmark methods yield negative returns

immediately after the 2008 financial crisis, the tight FCS portfolio seems to be largely

unaffected. In addition, the value of the tight FCS portfolio jumps sharply upward

from 2011 to 2012 and the portfolio continues to perform well in the latter part of our

sample. This finding is in contrast to other studies which typically find that hedge

fund performance has deteriorated in the decade after the financial crisis (see e.g.

Bollen et al. (2020)).

Figure 3.5 plots the cumulative value of raw returns and so does not adjust for

differences in risk. To address this point, Figure 3.6 shows the cumulative abnormal

return for superior FCS and benchmark portfolios. We estimate abnormal returns as

the difference between a portfolio’s excess return and its factor loadings multiplied by

the seven Fung and Hsieh (2004) factors. We estimate factor loadings using the entire

time-series of returns from 1998:01 to 2016:12. The cumulative abnormal return of

the tight FCS portfolio is again higher than that of the benchmarks. For example, the

cumulative abnormal return of the tight FCS portfolio amounts to 205% which is

roughly twice as high as the cumulative abnormal return of the Bayesian alphas of

Kosowski et al. (2007) (107%).
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Figure 3.4: Local Variation in Risk-Adjusted Performance for Superior Funds

This figure shows the local variation in risk-adjusted performance (% per month) for superior funds with
at least $20m in AUM at a rebalancing month. The non-parametric estimates of risk-adjusted
performance are calculated using Equation (A.1). The estimates are calculated using a Uniform kernel
with a bandwidth of h = T−1/5/

p
12. The figure presents estimates for eight portfolios. The blue line

presents the performance of the tight FCS portfolio (λ= 0.90). The red, green, black, dark orange, yellow,
magenta, and cyan lines correspond to the top 10% of funds in the superior candidate set ranked on
7-factor alpha, Bayesian alpha, relative alpha, conditional alpha, structural alpha, SDI, and 1-R2,
respectively. Portfolios weights are calculated using optimal weights. At the end of every year, the optimal
weight for every fund i is rebalanced based on information available at time t :

ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

. Here, ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In between rebalancing

periods, portfolio weights of the individual hedge funds evolve according to their returns. We report
time-varying alpha estimates from 1999:10 to 2015:03. The reason we omit data prior to 1999:10 and after
2015:03 is to ensure consistency of the kernel estimator.
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Figure 3.5: Cumulative Wealth for Superior Funds

This figure shows the cumulative portfolio wealth for an investor that invests $10,000 in superior funds
with at least $20m in AUM at a rebalancing month. The figure presents cumulative wealth for eight
portfolios over the period 1998:01 to 2016:12. The blue line presents the cumulative wealth of the tight FCS
portfolio (λ= 0.90). The red, green, black, dark orange, yellow, magenta, and cyan lines correspond to the
top 10% of funds in the superior candidate set ranked on 7-factor alpha, Bayesian alpha, relative alpha,
conditional alpha, structural alpha, SDI, and 1-R2, respectively. Cumulative wealth is calculated for
optimally weighted portfolios. The optimal weight for every fund i is rebalanced based on information

available at time t : ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

. Here, ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In

between rebalancing periods, portfolio weights of the individual hedge funds evolve according to their
returns. Cumulative wealth is presented with a log-scale.
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3.4.3 Evolution in the Set of Superior Funds

Figure 3.7 shows the evolution of the number of funds included in the tight, medium-

tight, medium, and wide FCS portfolios. The top panel of Figure 3.7 shows the number

of funds included in a superior FCS portfolio, whereas the bottom panel of Figure

3.7 shows the fraction of funds selected to FCS portfolios from the universe of living

funds in our sample. We see that there is considerable variation in both the number

of funds and the fraction of funds selected across the four portfolio specifications.

Tight, medium-tight, medium and wide FCS portfolios on average hold 0.25%, 0.42%,

0.67% and 1.39% of living funds in our sample, respectively. If we consider the results

from Table 3.3 in combination with Figure 3.7, we find that FCS portfolios with



100 CHAPTER 3. HEDGE FUND SELECTION: BEST ATHLETES OR PORTFOLIO GAINS?

Figure 3.6: Cumulative Abnormal Returns for Superior Funds

This figure shows the cumulative abnormal return for an investor that invests in superior funds with at
least $20m in AUM at a rebalancing month. The figure presents the cumulative abnormal return for eight
portfolios over the period 1998:01 to 2016:12. The blue line presents the cumulative abnormal return of
the tight FCS portfolio (λ= 0.90). The red, green, black, dark orange, yellow, magenta, and cyan lines
correspond to the top 10% of funds in the superior candidate set ranked on 7-factor alpha, Bayesian alpha,
relative alpha, conditional alpha, structural alpha, SDI, and 1-R2, respectively. Cumulative abnormal
returns are estimated using optimally weighted portfolios. The optimal weight for every fund i is

rebalanced based on information available at time t : ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

. Here, ÎRi ,t |t and σ̂i ,t |t

are rolling window estimates. In between rebalancing periods, portfolio weights of the individual hedge
funds evolve according to their returns.
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more concentrated hedge fund allocations have better risk-adjusted performance.

Note that the results in Table 3.3 are based on portfolios where rebalancing is yearly,

whereas portfolios in Figure 3.7 are based on monthly rebalancing. The reason we

show the evolution of FCS portfolio based on monthly rebalancing is because we are

interested in the duration that each unique fund is included in the FCS portfolios.

Figure 3.7: Evolution of the Superior FCS Portfolios

This figure shows the time-series of funds included in the superior FCS portfolios based on monthly
rebalancing. The top panel shows the number of funds included in the FCS portfolios, whereas the bottom
panel shows the fraction of funds (%) in the FCS portfolios as a fraction of all living funds. Funds
contained in the FCS portfolios are selected from a candidate set where funds have a positive rolling
window relative alpha and a positive average relative alpha from Equations (3.1) and (3.4), respectively. In
addition, we limit the candidate set to the 500 funds with the highest average relative alpha and funds with
at least $20m in AUM. The dark blue color corresponds to a tight FCS portfolio (λ= 0.90). Lighter colors
correspond to Medium-Tight (λ= 0.75), Medium (λ= 0.50), and Wide (λ= 0.10) tightness parameter
values.

Figure 3.8 shows the evolution of the identity of the superior funds in our sample.

The figure rebalances the set of superior funds on a monthly basis. The top panel

assigns unique IDs to funds as they get included in the FCS portfolio of superior

funds. Hence, this is a step function that increases by one or more units if one or

more new funds get included in the superior FCS set. Moreover, the step size reveals
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the number of new entrants. We see that this is particularly high in 2003, 2013 and

2015.

The lower panel of Figure 3.8 is instead anchored on the fund IDs and thus shows

for how long individual funds manage to stay in the superior FCS portfolio and

whether they come back to be included in the FCS portfolio after dropping out. The

bottom panel of Figure 3.8 assigns individual fund IDs based on the the date where

they are included in our sample. This means that funds with higher IDs are included

later in our sample. Hence this panel sheds light on the competition within the hedge

fund industry. The figure shows a large influx of new funds not previously included in

the superior FCS portfolio in the last 3-4 years of our sample.

Figure 3.8: Evolution of Individual Funds in the Superior FCS Portfolio

This figure shows the identity of individual funds included in the tight superior FCS portfolio (λ= 0.90)
based on monthly rebalancing. In the top panel a fund that is identified as superior is given a unique
number on the date that it is included. A blue dot shows the inclusion of a unique fund. The bottom panel
shows the individual fund IDs included in the tight FCS portfolio. Funds contained in the FCS portfolios
are selected from a candidate set where funds have a positive rolling window relative alpha and a positive
average relative alpha from Equations (3.1) and (3.4), respectively. In addition, we limit the candidate set
to the 500 funds with the highest average relative alpha and at least $20m AUM.
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3.4.4 Performance Across Investment Styles

To gain insights into the relation between investment style and fund performance

and, thus, learn which types of funds are capable of generating superior performance,

we next re-estimate the FCS algorithm on the set of funds classified by four broad

investment styles. This exercise also serves as a robustness check on our results since

it allows us to explore to which extent our approach can be adopted to funds with

different investment styles.

Table 3.4: Risk-Adjusted Performance for FCS Portfolios based on Broad Investment Styles

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM for investment styles: directional traders, multi-process, relative value,
and security selection in Panel A, B, C, and D, respectively. Funds are selected into portfolios based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of alpha and positive average relative alphas to
identify the set of superior funds. At time t +1 to time t +12 we record portfolio returns for the funds
contained in the superior set of funds from time t . The approach produces time-series of returns from the
period 1998:01-2016:12 corresponding to 228 months. Portfolio returns are calculated using equal- or
optimal weights. At the end of every December, the equal- and optimal weights for every fund i are
rebalanced based on information available at time t . Optimal weights are calculated as:

ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In between rebalancing

months, portfolio weights of the individual hedge funds evolve according to their returns. The table
presents results for tight (λ= 0.90), medium-tight (λ= 0.75), medium (λ= 0.50), and wide (λ= 0.10)
portfolio specifications.

Optimally weighted portfolios Equal weighted portfolios

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds alpha t-stat SR IR MPPM MD VaR ES R2

Ad j Av. # funds

Panel A: directional traders

Tight 0.88 3.85 0.32 0.29 0.87 17.73 2.90 5.05 5.85 13 0.86 3.69 0.30 0.27 0.84 20.63 3.62 6.19 6.37 13

Medium-tight 0.63 3.73 0.36 0.33 0.68 12.36 2.05 3.45 7.94 22 0.47 2.67 0.25 0.20 0.54 22.87 3.27 5.66 12.46 22

Medium 0.54 3.54 0.35 0.32 0.58 10.93 2.03 3.31 7.12 30 0.52 3.27 0.27 0.24 0.54 16.02 2.56 4.27 8.18 30

Wide 0.48 3.93 0.40 0.36 0.54 7.26 1.30 2.24 9.48 51 0.42 2.95 0.26 0.23 0.46 12.97 2.37 3.64 8.22 51

Panel B: multi-process

Tight 0.32 1.03 0.13 0.08 0.25 40.14 5.66 10.36 1.23 6 0.30 0.96 0.13 0.08 0.26 40.14 5.79 10.43 2.91 6

Medium-tight 0.14 0.48 0.09 0.05 0.10 40.14 5.13 9.73 1.87 9 0.21 0.69 0.11 0.06 0.18 40.14 5.59 9.90 2.96 9

Medium 0.42 2.04 0.25 0.20 0.49 22.41 2.64 6.25 12.54 16 0.38 1.74 0.22 0.16 0.47 22.41 3.97 6.64 14.12 16

Wide 0.42 3.44 0.39 0.34 0.49 16.01 0.88 2.95 9.93 32 0.32 2.56 0.30 0.24 0.44 16.93 1.71 3.91 28.06 32

Panel C: relative value

Tight 0.50 2.91 0.31 0.29 0.50 23.92 2.33 4.61 0.61 5 0.51 3.42 0.35 0.32 0.53 12.56 1.80 3.65 -0.39 5

Medium-tight 0.46 3.07 0.29 0.29 0.44 23.92 2.44 4.45 2.58 5 0.43 3.58 0.32 0.29 0.44 12.56 2.32 3.31 0.83 5

Medium 0.43 3.19 0.29 0.29 0.41 23.92 1.45 4.15 3.73 7 0.36 3.08 0.28 0.25 0.37 12.56 1.67 3.15 1.18 7

Wide 0.50 4.54 0.42 0.41 0.50 13.37 0.76 2.62 3.92 13 0.35 3.52 0.33 0.29 0.39 8.02 1.30 2.02 6.49 13

Panel D: security selection

Tight 0.61 2.92 0.15 0.19 0.32 38.85 4.79 9.21 2.83 19 0.41 1.86 0.10 0.13 0.15 40.03 5.28 9.09 2.43 19

Medium-tight 0.48 3.17 0.24 0.22 0.47 17.54 2.89 4.88 -0.45 40 0.23 1.23 0.13 0.10 0.22 22.31 3.36 6.04 1.42 40

Medium 0.48 3.46 0.28 0.25 0.52 14.36 2.67 4.16 12.23 62 0.21 1.07 0.14 0.09 0.27 29.95 2.93 7.03 21.45 62

Wide 0.31 3.01 0.25 0.19 0.43 10.92 2.50 4.15 28.95 95 0.13 0.87 0.15 0.06 0.29 25.33 3.16 6.25 34.52 95
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Table 3.4 breaks the performance of the funds included in the FCS portfolios

down by broad investment style. In general, we find the strongest results among the

directional traders (with alpha estimates around 88 bps/month), followed by security

selection funds (alpha estimates around 61 bps/month) and relative value funds

(alpha estimates around 50 bps/month). The style category multi-process identifies

superior subsequent performance only for medium and wide portfolio specifications

(alpha estimates around 0.42 bps/month).

We characterize how the different fund styles comparative advantages deterio-

rates over time, by estimating the ”half life” of the funds’ rolling window alphas. First,

we estimate the relation:

αt |t = c +φαt−1|t−1 +εt , (3.12)

where αt |t is a rolling window estimate based on 36 monthly observations from

the Fung and Hsieh (2004) 7-factor model. Weak stationarity of Equation (4.10) im-

plies that E[αt |t ] =µ= c/(1−φ) for all values of t . This allows us to define deviations

from a stationary mean as:

α̂t |t =φα̂t−1|t−1 +ut , (3.13)

where, α̂t |t =αt |t −µ is the deviation from the long-run mean. Next, we calculate

the expected number of months it takes for alpha to reduce half of the distance to its

long-run mean, we solve for k in the following expectation:

E[α̂t+k ] = 0.5α̂t ,

⇔φk α̂t = 0.5α̂t ,

⇔ k =− ln(2)

ln|φ| . (3.14)

We estimate the half-life estimate, k, for directional traders, multi-process, relative

value, and security selection styles using tight optimally weighted portfolios. We

find that it takes 44.0, 18.9, 39.0, and 16.1 months for performance to halve the

distance to its long-run mean, respectively. This suggests that directional traders and

relative value funds maintain their competitive advantage (disadvantage) the longest

assuming that deviations from the long run mean are positive (negative).

3.4.5 Pre-selecting Funds with Significantly Positive Alpha Estimates

The FCS methodology conducts a sequence of pairwise t-tests to eliminate funds

whose performance is significantly worse than at least one other fund in the initial

set. Funds that remain in the FCS could, therefore, have truly outstanding (alpha)
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performance or they could fail to be eliminated because their alpha estimates are

simply very noisy, resulting in weak power of our pair-wise test statistics. This could

happen, for example, for funds with short track records that take on high idiosyncratic

return volatility and would lead us to fail to reject funds whose true alphas are not

very large.

One way to address this issue is by first identifying those funds whose alphas

are significantly positive and then, in a second step, apply the FCS methodology.

The first step can be implemented using the stepM algorithm proposed by Romano

and Wolf (2005). Like ours, this algorithm is again based on a bootstrap approach

that sequentially adjusts the cutoffs used to identify individual funds whose alpha

estimates are deemed to be significant and positive.

Figure 3.9 shows the number of significantly skilled funds in our sample using the

stepM algorithm by Romano and Wolf (2005) every month. Each month, we apply the

algorithm to all funds eligible to enter the superior candidate set of funds, i.e., every

fund with at least 48 monthly observations and at least $20m in AUM. The figure also

shows the investment style of funds identified as skilled. Compared to Figure 3.3, the

number of skilled funds trends upwards during our sample. This is consistent with

the increased number of funds selected by the FCS algorithm towards the end of our

sample.

Table 3.5 shows performance estimates from applying the FCS algorithm to the

subset of funds identified as skilled by the Romano and Wolf (2005) stepM procedure.

Alpha estimates and risk measures such as the Sharpe ratio and information ratio of

the optimally weighted and equal weighted portfolios are generally higher than those

seen for the one-step FCS approach. The performance of the two-step FCS approach

measured relative to the one-step FCS improves particularly in the first sub-sample

so that the portfolio results become more similar across sub-samples as compared to

the original FCS analysis.

3.5 Comparison with Alternative Performance Models

To fully assess the performance of our FCS approach to identifying hedge funds with

superior performance, it is important to benchmark it against alternative approaches

from the literature. To this end, we consider seven alternative performance measures

proposed in the hedge fund literature which includes 7-factor alphas (Fung and Hsieh

(2004)), Bayesian alphas (Kosowski et al. (2007)), relative alphas (Jagannathan et al.

(2010)), conditional alphas (Avramov et al. (2011)), structural alphas (Harvey and Liu

(2018)), a Strategy Distinctiveness Index (SDI) (Sun et al. (2012)), and 1-R2 (Titman

and Tiu (2010)).

Since all seven methods do not estimate information ratios explicitly, we estimate

optimal weights using information ratios based on the relative alpha model from

Equation (3.1). We report results for funds that are included in our superior candidate
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Table 3.5: Superior Risk-Adjusted Performance for Skilled Romano and Wolf (2005) Funds for FCS
Portfolios

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM and are identified as skilled by the Romano and Wolf (2005) stepM
procedure at a rebalancing month. Funds are selected into portfolios by the FCS algorithm based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of alpha and positive average relative alphas to
identify the candidate set of superior funds. At time t +1 to time t +12 we record portfolio returns for the
funds contained in the superior set of funds from time t . The approach produces time-series of returns
from the period 1998:01-2016:12 corresponding to 228 months. Results for the entire sample period are
presented in Panel A, and for two subperiods in Panel B and C. The first subperiod covers 108 months
from 1998:01 to 2006:12, and the second subperiod covers 120 months from 2007:01 to 2016:12. Portfolio
returns are calculated using equal- or optimal weights. At the end of every December, the equal- and
optimal weights for every fund i are rebalanced based on information available at time t . Optimal weights

are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In

between rebalancing months, portfolio weights of the individual hedge funds evolve according to their
returns. We report results for different values of the tightness parameter λ. Tight, medium-tight, medium,
and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: Full sample

Optimally weighted portfolios
Tight 1.05 4.89 0.36 0.37 0.92 16.78 3.86 6.31 0.28 1
Medium-tight 0.92 5.07 0.37 0.38 0.83 16.78 2.74 5.35 0.46 2
Medium 0.92 6.31 0.44 0.44 0.85 14.12 2.12 4.48 -0.15 3
Wide 1.03 9.10 0.68 0.69 0.99 6.56 1.17 2.46 0.25 5

Equal weighted portfolios
Tight 1.06 5.00 0.36 0.37 0.92 16.78 3.86 6.31 -0.01 1
Medium-tight 0.99 5.38 0.39 0.40 0.88 16.78 3.06 5.46 0.21 2
Medium 0.99 6.77 0.46 0.48 0.89 14.12 1.97 4.30 -0.03 3
Wide 1.06 8.67 0.60 0.61 0.99 7.99 1.43 3.00 -1.43 5

Panel B: 1998:01 to 2006:12

Optimally weighted portfolios
Tight 1.08 3.74 0.36 0.37 0.96 14.12 3.96 6.66 -1.90 1
Medium-tight 1.09 3.96 0.37 0.38 0.95 14.12 3.18 6.29 -1.92 1
Medium 0.94 4.47 0.37 0.39 0.80 14.12 2.56 5.55 0.18 2
Wide 0.98 6.08 0.57 0.60 0.92 6.56 0.87 3.16 -0.81 3

Equal weighted portfolios
Tight 1.08 3.74 0.36 0.37 0.96 14.12 3.96 6.66 -1.90 1
Medium-tight 1.09 3.94 0.37 0.38 0.94 14.12 3.61 6.29 -1.66 1
Medium 0.90 4.41 0.36 0.40 0.75 14.12 1.97 5.40 1.68 2
Wide 0.93 5.30 0.48 0.51 0.84 7.99 1.72 3.99 -2.05 3

Panel C: 2007:01 to 2016:12

Optimally weighted portfolios
Tight 0.99 3.55 0.36 0.37 0.88 16.78 3.60 6.01 3.83 1
Medium-tight 0.72 3.43 0.39 0.38 0.72 16.78 2.45 4.44 4.51 2
Medium 0.88 4.51 0.54 0.51 0.90 12.76 2.07 3.52 -0.95 4
Wide 1.06 6.94 0.81 0.81 1.06 4.24 1.34 1.86 1.20 6

Equal weighted portfolios
Tight 1.01 3.60 0.35 0.37 0.89 16.78 3.78 6.01 2.94 1
Medium-tight 0.86 3.77 0.42 0.42 0.82 16.78 2.68 4.62 3.33 2
Medium 1.05 5.23 0.59 0.59 1.02 12.62 1.75 3.39 -0.29 4
Wide 1.16 6.95 0.73 0.76 1.12 5.79 1.36 2.13 1.19 6
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Figure 3.9: Investment Styles Included in the Superior Set of Funds from the Romano and Wolf (2005)
stepM Algorithm

This figure shows the number (top panel) and fraction (bottom panel) of individual fund investment styles
included in the superior set of funds from the Romano and Wolf (2005) stepM algorithm. Funds selected
by the stepM algorithm have at least $20m in AUM. The investment styles include: directional traders,
multi-process, relative value, and security selection.
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set of funds at time t , using rankings every December (time (t)). These funds are

characterized by a positive rolling window relative alpha estimate and a positive

average relative alpha estimate from Equations (3.1) and (3.4), respectively. The

reason we require funds to be in the candidate set of funds is to be able to make a

direct comparison to our FCS procedure. We select the 10% of the highest ranked

funds based on the seven performance measures.

Risk-adjusted portfolio performance for these alternative benchmarks is reported

in Table 3.6. As noted earlier, ex-post performance is computed using the Fung and

Hsieh (2004) 7-factor model. Table 3.6 shows that for existing performance measures,

the out-of-sample portfolio of hedge funds generates 7-factor alpha estimates around

16-48 basis points (bps) per month for the top 10% of funds. These estimates are

mostly highly statistically significant with t-statistics ranging from 1.76 through 5.24.

Moreover, the performance of the portfolios remain good whether equal-weighted or
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optimally weighted portfolios are considered.

Table 3.6: Risk-Adjusted Performance for Performance Ranked Portfolios

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM at a rebalancing month. The table also presents the t-statistic of
alpha estimated using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM), Maximum Drawdown (MD) (%), Value-at-Risk (VaR)
(% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of determination (R2

ad j ) (%),

and the average number of funds included in a portfolio. Portfolios are ranked at the end of every year
based on either 7-factor alphas (Fung and Hsieh (2004)), Bayesian alphas (Kosowski et al. (2007)), relative
alphas (Jagannathan et al. (2010)), conditional alphas (Avramov et al. (2011)), structural alphas (Harvey
and Liu (2018)), Strategy Distinctiveness (SDI) (Sun et al. (2012)), and 1-R2 (Titman and Tiu (2010)). Each
December (time t ) we rank portfolios and record portfolio returns from time t +1 to time t +12. The
ranking procedure produce time-series of returns from 1998:01 to 2016:12 corresponding to 228 months.
Portfolio returns are calculated using equal weights or optimal weights. The equal- and optimal weight for
every fund i are based on information available at time t . Optimal weights are calculated as:

ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. We make the optimal

weight scheme comparable across methods by estimating ˆI Ri ,t |t and σ̂i ,t |t from the set of benchmark
factors used to estimate relative alphas. In between rebalancing periods, portfolio weights of the
individual hedge funds evolve according to their returns. The table contains results for funds in the
superior candidate set that are ranked in the top 10%. For a fund to be included in the superior candidate
set of funds, we require that a fund has a positive rolling window relative alpha estimate and a positive
average relative alpha estimate from Equations (3.1) and (3.4), respectively.

Optimally weighted portfolios Equal weighted portfolios

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds alpha t-stat SR IR MPPM MD VaR ES R2

Ad j Av. # funds

7-factor alpha 0.47 3.48 0.35 0.31 0.59 22.44 2.13 4.32 33.34 43 0.27 1.62 0.20 0.14 0.41 30.72 3.39 5.94 35.22 43

Bayesian alpha 0.48 4.44 0.40 0.35 0.54 10.25 1.37 3.43 5.79 36 0.36 3.36 0.30 0.24 0.43 13.62 2.17 3.73 11.19 36

Relative alpha 0.37 3.83 0.40 0.33 0.46 12.78 1.48 2.85 12.95 43 0.33 2.82 0.28 0.22 0.41 13.84 2.28 3.51 10.95 43

Conditional alpha 0.37 1.76 0.23 0.18 0.49 36.14 2.88 5.94 29.18 43 0.25 1.08 0.17 0.10 0.38 33.47 3.66 6.28 31.52 43

Structural alpha 0.32 5.24 0.53 0.53 0.36 8.68 0.70 1.62 25.17 43 0.29 3.73 0.41 0.36 0.35 12.02 0.82 2.06 14.97 43

SDI 0.24 4.47 0.43 0.41 0.26 5.01 0.42 1.36 7.30 41 0.13 2.16 0.19 0.18 0.13 5.31 0.80 1.31 5.54 41

1-R2 0.21 1.88 0.19 0.16 0.23 21.59 0.45 2.57 1.74 43 0.22 3.44 0.37 0.32 0.27 5.26 0.70 1.40 12.38 43

The penultimate column for superior funds in Table 3.3 shows the average num-

ber of funds included in the different FCS portfolios. This ranges from 8 funds in-

cluded in the tight FCS portfolios to 43 funds included in the wide FCS portfolio.

The average number of funds included in the wide FCS portfolio is similar to the

number of funds included in the top 10% portfolios displayed in Table 3.6. This

facilitates a more direct comparison of the two sets of portfolios after controlling

for the past performance and the breadth of the portfolio composition. Therefore,

Table 3.7 shows results for funds ranked in both the top 10 and 40 of funds in the

superior candidate set of funds. We see that risk-adjusted performance increases for

performance models when they include fewer funds.

Table 3.8 tests the spread in relevant portfolio characteristics when comparing

the FCS portfolio performance from Table 3.3 against the top 10% of funds from

alternative models from Table 3.6. We find that the risk-adjusted performance for

tight, medium-tight, and medium FCS specifications are superior to most of the

alternative models.
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Table 3.7: Risk-Adjusted Performance for Performance Ranked Portfolios: Top 10 and 40 Funds

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM at a rebalancing month. The table also presents the t-statistic of
alpha estimated using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM), Maximum Drawdown (MD) (%), Value-at-Risk (VaR)
(% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of determination (R2

ad j ) (%),

and the average number of funds included in a portfolio. Portfolios are ranked at the end of every year
based on either 7-factor alphas (Fung and Hsieh (2004)), Bayesian alphas (Kosowski et al. (2007)), relative
alphas (Jagannathan et al. (2010)), conditional alphas (Avramov et al. (2011)), structural alphas (Harvey
and Liu (2018)), Strategy Distinctiveness (SDI) (Sun et al. (2012)), and 1-R2 (Titman and Tiu (2010)). Each
December (time t ) we rank portfolios and record portfolio returns from time t +1 to time t +12. The
ranking procedure produce time-series of returns from 1998:01 to 2016:12 corresponding to 228 months.
Portfolio returns are calculated using equal weights or optimal weights. The equal- and optimal weight for
every fund i are based on information available at time t . Optimal weights are calculated as:

ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. We make the optimal

weight scheme comparable across methods by estimating ˆI Ri ,t |t and σ̂i ,t |t from the set of benchmark
factors used to estimate relative alphas. In between rebalancing periods, portfolio weights of the individual
hedge funds evolve according to their returns. Panel A and Panel B contain results for funds in the superior
candidate set that are ranked in the top 10 and 40 of funds, respectively. For a fund to be included in the
superior candidate set of funds, we require that a fund has a positive rolling window relative alpha
estimate and a positive average relative alpha estimate from Equations (3.1) and (3.4), respectively.

Optimally weighted portfolios Equal weighted portfolios

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds alpha t-stat SR IR MPPM MD VaR ES R2

Ad j Av. # funds

Panel A: Top 10

7-factor alpha 0.62 2.70 0.29 0.23 0.74 31.72 2.84 7.34 22.91 9 0.65 2.78 0.29 0.23 0.76 30.50 3.88 7.42 18.30 9

Bayesian alpha 0.88 4.56 0.42 0.40 0.87 10.45 2.20 4.11 1.90 9 0.75 4.06 0.36 0.32 0.76 11.01 2.93 4.59 1.53 9

Relative alpha 0.74 3.66 0.42 0.36 0.84 13.50 2.71 4.52 9.72 9 0.79 3.60 0.35 0.31 0.83 13.10 3.31 5.00 5.82 9

Conditional alpha 0.31 1.26 0.15 0.11 0.31 44.97 4.79 6.69 12.10 9 0.17 0.58 0.10 0.05 0.18 49.27 4.88 7.65 19.13 9

Structural alpha 0.39 3.45 0.41 0.39 0.43 18.26 0.96 2.79 14.11 9 0.33 2.39 0.30 0.25 0.39 17.98 1.31 3.18 8.23 9

SDI 0.37 4.09 0.27 0.33 0.30 6.71 1.24 2.28 6.54 9 0.21 2.13 0.10 0.16 0.12 8.56 1.71 2.91 19.45 9

1-R2 0.32 1.88 0.19 0.16 0.42 23.07 3.33 6.27 49.77 10 0.30 1.97 0.19 0.17 0.44 22.20 4.09 6.17 67.41 10

Panel B: Top 40

7-factor alpha 0.53 3.54 0.41 0.39 0.65 23.51 1.52 3.90 32.58 38 0.37 2.01 0.25 0.19 0.52 34.50 3.13 5.89 36.88 38

Bayesian alpha 0.51 5.29 0.55 0.52 0.58 10.69 1.18 2.61 16.44 37 0.46 4.73 0.44 0.40 0.56 7.05 1.21 2.76 23.32 37

Relative alpha 0.43 4.50 0.49 0.46 0.51 15.26 0.94 2.65 23.35 37 0.35 3.12 0.32 0.26 0.45 15.63 1.67 3.31 19.26 37

Conditional alpha 0.25 1.28 0.20 0.14 0.35 41.25 2.26 5.37 31.18 38 0.15 0.77 0.17 0.08 0.31 37.76 3.13 5.65 37.40 38

Structural alpha 0.36 5.80 0.64 0.67 0.41 7.94 0.67 1.35 29.20 38 0.33 4.39 0.50 0.46 0.40 12.00 0.62 1.92 23.49 38

SDI 0.21 4.15 0.42 0.39 0.23 6.52 0.48 1.26 6.58 38 0.18 3.86 0.28 0.29 0.18 2.74 0.67 0.97 9.56 38

1-R2 0.19 2.50 0.20 0.16 0.36 24.04 3.06 4.93 66.73 39 0.18 2.12 0.20 0.14 0.39 28.45 3.60 5.35 72.49 39
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Table 3.8: Comparison of FCS Portfolios and Benchmark Methods

This table shows spread-tests of FCS portfolio characteristics from Table 3.3 against benchmark portfolio
characteristics from Table 3.6. The spread tests are conducted on optimally weighted portfolios for
characteristics: alpha (pp per month), SR, IR, MPPM (pp per month), MD (pp), VaR (pp per month) and ES
(pp per month). The spread tests make inference for alpha, SR, IR and MPPM using the delta method with
HAC standard errors by Ledoit and Wolf (2008). Spread tests for MD, VaR and ES make inference using the
stationary bootstrap by Politis and Romano (1994). In Panel A, B, C, and D, we compare Tight,
medium-tight, medium, and wide FCS portfolio specifications against the benchmark portfolios,
respectively. Using a two-sided alternative hypothesis, *, **, and *** correspond to significance at 10%, 5%,
and 1%, respectively.

alpha SR IR MPPM MD VaR ES

Panel A: Tight

7-factor alpha 0.43∗ -0.09 -0.06 0.17 -4.89 2.64∗∗ 2.34∗
Bayesian alpha 0.42∗ -0.13 -0.09 0.22 7.29∗ 3.40∗∗∗ 3.23∗∗∗
Relative alpha 0.52∗∗ -0.13 -0.07 0.30 4.76 3.29∗∗∗ 3.81∗∗∗
Conditional alpha 0.53∗ 0.03 0.08 0.27 -18.59 1.89 0.72
Structural alpha 0.58∗∗ -0.26 -0.27∗∗ 0.40∗ 8.86∗ 4.07∗∗∗ 5.04∗∗∗
SDI 0.66∗∗∗ -0.16 -0.15 0.51∗∗ 12.53∗∗∗ 4.35∗∗∗ 5.30∗∗∗
1-R2 0.69∗∗∗ 0.07 0.10 0.54∗∗ -4.04 4.32∗∗∗ 4.09∗∗

Panel B: Medium-tight

7-factor alpha 0.38∗ -0.04 -0.03 0.22 -4.89 0.96 1.96
Bayesian alpha 0.37∗ -0.09 -0.07 0.27 7.29∗ 1.72 2.86∗∗
Relative alpha 0.47∗∗ -0.09 -0.05 0.35 4.76 1.61 3.44∗∗∗
Conditional alpha 0.48 0.08 0.10 0.33 -18.59 0.21 0.35
Structural alpha 0.53∗∗ -0.22 -0.25∗∗ 0.45∗ 8.86∗ 2.39 4.67∗∗∗
SDI 0.61∗∗∗ -0.12 -0.13 0.56∗∗ 12.53∗∗∗ 2.67∗ 4.93∗∗∗
1-R2 0.64∗∗∗ 0.12 0.12 0.59∗∗ -4.04 2.64∗ 3.71∗

Panel C: Medium

7-factor alpha 0.26∗ 0.06 0.06 0.17 -8.29 0.50 0.08
Bayesian alpha 0.25∗ 0.01 0.03 0.22∗ 3.90 1.26 0.97
Relative alpha 0.35∗∗ 0.01 0.04 0.30∗ 1.37 1.14 1.55
Conditional alpha 0.35 0.18 0.20∗ 0.28 -21.98∗ -0.25 -1.53
Structural alpha 0.41∗∗∗ -0.12 -0.15 0.40∗∗∗ 5.47 1.93∗∗ 2.78∗∗∗
SDI 0.49∗∗∗ -0.02 -0.03 0.51∗∗∗ 9.14∗∗ 2.21∗∗ 3.04∗∗∗
1-R2 0.52∗∗∗ 0.22 0.22∗ 0.54∗∗∗ -7.43 2.18∗∗ 1.83

Panel D: Wide

7-factor alpha 0.01 0.01 -0.01 -0.04 -8.29 -0.63 -0.70
Bayesian alpha 0.01 -0.04 -0.04 0.01 3.90 0.13 0.20
Relative alpha 0.11 -0.04 -0.03 0.09 1.37 0.02 0.78
Conditional alpha 0.11 0.12 0.13 0.06 -21.98∗ -1.38 -2.31
Structural alpha 0.17 -0.17 -0.22∗∗ 0.19∗ 5.47 0.80 2.01∗
SDI 0.24∗∗ -0.07 -0.11 0.30∗∗∗ 9.14∗∗ 1.08∗ 2.27∗∗
1-R2 0.27∗ 0.16 0.15 0.33∗ -7.43 1.05 1.05
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Similarly, Table 3.9 tests the spread in relevant portfolio characteristics when

fixing the number of funds for the benchmark methods to 10 and 40, respectively.

We test the spread for the tight FCS portfolio against the benchmark methods that

select the 10 highest ranked funds, and the wide FCS portfolio against the benchmark

methods that select the 40 highest ranked funds. We find that there is little evidence

that the FCS portfolio is superior in terms of alpha.

Table 3.9: Comparison of FCS Portfolios and Benchmark Methods: 10 and 40 Funds vs Tight and Wide
FCS Portfolios

This table shows spread-tests of FCS portfolio characteristics from Table 3.3 against benchmark portfolio
characteristics from Table 3.7. The spread tests are conducted on optimally weighted portfolios for
characteristics: alpha (pp per month), SR, IR, MPPM (pp per month), MD (pp), VaR (pp per month) and ES
(pp per month). The spread tests make inference for alpha, SR, IR and MPPM using the delta method with
HAC standard errors by Ledoit and Wolf (2008). Spread tests for MD, VaR and ES make inference using the
stationary bootstrap by Politis and Romano (1994). In Panel A and B, we compare the tight and wide FCS
portfolio specifications against the top 10 and top 40 benchmark portfolios, respectively. Using a
two-sided alternative hypothesis, *, **, and *** correspond to significance at 10%, 5%, and 1%, respectively.

alpha SR IR MPPM MD VaR ES

Panel A: Tight vs Top 10

7-factor alpha 0.28 -0.03 0.03 0.02 -14.18 1.93∗ -0.68

Bayesian alpha 0.02 -0.16∗∗ -0.14 -0.11 7.09 2.57∗∗ 2.55∗∗∗

Relative alpha 0.16 -0.16 -0.10 -0.08 4.04 2.06 2.14

Conditional alpha 0.58∗ 0.12 0.15 0.45 -27.43∗∗ -0.02 -0.04

Structural alpha 0.51∗∗ -0.15 -0.13 0.33 -0.72 3.81∗∗∗ 3.86∗∗∗

SDI 0.53∗∗ 0.00 -0.07 0.46∗∗ 10.83 3.53∗∗∗ 4.38∗∗∗

1-R2 0.58∗∗ 0.08 0.10 0.34 -5.53 1.44 0.39

Panel B: Wide vs Top 40

7-factor alpha -0.05 -0.06 -0.08 -0.10 -9.36 -0.02 -0.27

Bayesian alpha -0.02 -0.20 -0.21∗∗ -0.03 3.46 0.32 1.02

Relative alpha 0.05 -0.14 -0.16 0.05 -1.11 0.56 0.97

Conditional alpha 0.24 0.16 0.16 0.20 -27.10∗ -0.76 -1.74

Structural alpha 0.12 -0.29 -0.37∗∗∗ 0.15 6.21 0.83 2.28∗∗

SDI 0.27∗∗ -0.06 -0.08 0.32∗∗∗ 7.63 1.02 2.36∗∗

1-R2 0.29∗∗∗ 0.15 0.14∗ 0.20 -9.89 -1.56 -1.30

In Appendix A.2, we allow the FCS and the alternative methodologies to estimate

performance using at least 24 and at most 60 monthly observations. For this specifi-

cation, we find that the FCS portfolio approach has superior alpha in comparison to

the alternative performance models.
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3.6 Portfolio Analysis

Most investors do not allocate all of their money to hedge funds, choosing instead

to add hedge funds to a broader portfolio comprising more traditional asset classes

such as stocks and bonds. Given the prevalence of such multi-asset class strategies,

the real value of hedge fund investments may come from their ability to increase

the performance of an existing portfolio. This section explores the potential for

improvements in investment performance when a set of hedge funds, chosen based

on our FCS methodology, is added to an existing stock-bond portfolio.

3.6.1 Grid-Weighted Style Portfolios

Applied to the full set of hedge funds, the FCS may choose funds with very similar

investment styles. Since we are interested in exploring portfolio diversification gains

from adding hedge fund investments to an existing portfolio, we therefore apply

the FCS separately to the four investment styles. Specifically, for each of the four

investment styles (directional traders, multi-process, relative value, and security

selection, j = 1,2,3,4), we use the FCS algorithm to select an equal-weighted portfolio

of the funds in the FCS (k ∈ FC S j t ). This gives a new return series for each investment

style:

r j t+1 = 1

N j t

∑
k∈FC S j t

r j kt+1. (3.15)

We consider a grid of weights, ω j t = 0,0.1,0.2, ...,0.9,1 and form grid-weighted

portfolios r g r i d
t+1 = ∑4

j=1ω j t r j t+1 subject to the constraint that
∑4

j=1ω j t = 1. This

produces 266 grid-weighted portfolios. Next, we apply the FCS algorithm to this list of

portfolios, again implementing it recursively over time so as to avoid any look-ahead

biases.

In addition to selecting portfolios using their relative alphas from Equation (3.3),

we also select portfolios using a realized utility criterion which is arguably more

appropriate for measuring total portfolio performance:

U (r g r i d
t+1 ) = r g r i d

t+1 − γ

2(1+γ)
(σg r i d

t+1|t+1)2. (3.16)

We consider two alternative values for the coefficient of relative risk aversion

γ= [1,10]′ and estimate the variance of returns, (σg r i d
t+1|t+1)2, using a rolling window of

at least 36 monthly observations and at most 60 monthly observations. As in Fleming,

Kirby and Ostdiek (2001), we solve for the certainty equivalent, ∆, which makes the

investor indifferent between owning the grid-weighted style portfolio and the FCS

portfolio obtained from the entire candidate set of funds:
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T−1∑
t=0

(r g r i d
t+1 −∆)− γ

2(1+γ)
(r g r i d

t+1 −∆)2 =
T−1∑
t=0

r f cs
t+1 −

γ

2(1+γ)
(r f cs

t+1)2. (3.17)

Appendix A.3 provides a detailed step-by-step description of our approach.

Table 3.10 presents results for grid-weighted portfolios formed on underlying

tight FCS portfolios from Table 3.4.

In this context, ∆measures the economic value of investing in the grid-weighted

style portfolio relative to the benchmark FCS portfolio presented in Table 3.3. Aver-

aged across different values of λ, ∆ is close to zero, suggesting that the FCS methodol-

ogy is robust to selecting funds from style-based fund portfolios rather than selecting

them from the entire pool of funds.

Figure 3.10 shows the weights of the investment styles that are included in the

grid-weighted style portfolio when we use the FCS algorithm on relative alphas. Most

notably, we do not select any security selection funds towards the end of the sample.

This is in contrast to Figure 3.3, where security selection funds make up around

20-40% of the FCS portfolio from 2012-2016.

For comparison, we provide results in Appendix A.3 for FCS portfolios and style

based FCS portfolio in Tables A.3-A.4 with overlapping sample periods. From Table

A.3, we see that the results on overlapping sample periods for grid-weighted style

portfolios and FCS portfolios are fairly similar.

3.6.2 Inclusion Rate of Hedge Funds in a 60/40 Stock Bond Portfolio

We next form a tight equal-weighted FCS portfolio from the full set of funds denoted

r f cs
t+1 , before combining this portfolio with a 60% stock, 40% bond portfolio:

r aug
t+1 = (1−ω)(0.6r stock

t+1 +0.4r bond
t+1 )+ωr f cs

t+1 , (3.18)

We apply the FCS methodology to 11 different portfolios corresponding to ω=
0,0.1, ...,1 and investigate the fraction that the hedge fund FCS portfolio constitutes.

We select the 11 portfolios based on relative alphas as in Equation (3.3) as well as

realized utility as in Equation (3.16). Appendix A.4 describes in more detail how we

investigate the inclusion rate of hedge funds in a 60/40 stock bond portfolio.

The results from this exercise are reported in Table 3.11. ∆ is now the economic

value of investing in the augmented portfolio relative to the static benchmark 60/40

stock bond portfolio. Its value ranges from 0.09%-0.27% dependent on the tightness

parameterλ and the metric with which we rank portfolios. This suggests that investors

are willing to pay a sizeable monthly fee to switch from the static to the augmented

portfolio. From Table 3.10, we also find inclusion rates of the FCS portfolio ranging

from 50-100% depending on the metric used to measure investment performance

and the tightness parameter λ. Irrespective of whether we rank funds on relative
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Table 3.10: Grid-Weighted Style Portfolios Formed on Equal-Weighted Tight FCS Portfolios

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM at a rebalancing month. Grid-weighted style portfolios are ranked into
FCS portfolios based on relative alphas from Equations (3.3) and (3.4) (Panel A) or realized utility from
Equation (3.16) (Panels B and C). The table also presents the t-statistic of alpha estimated using Newey
and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR), certainty equivalent (∆) (% per
month), Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD)
(%), Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of grid-weighted style portfolios included in a FCS

portfolio. Portfolios are selected at each December (time t ) based on the FCS approach. For grid-weighted
style portfolios we consider all 266 portfolio combinations when we identify the set of potential superior
portfolios. At time t +1 to time t +12 we record portfolio returns for the grid-weighted style portfolios
contained in the superior set of funds from time t . The approach produces time-series of returns from the
period 2002:01-2016:12 corresponding to 180 monthly observations. Portfolio returns are calculated using
equal weights. In between rebalancing months, portfolio weights of the grid-weighted style portfolios
evolve according to their returns. In all panels, we report results for different values of the tightness
parameter λ. Tight, medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50,
0.10.

alpha t-stat SR IR ∆ MPPM MD VaR ES R2
Ad j Av. # portfolios

Panel A: Ranking on relative alphas

Tight 0.58 2.72 0.27 0.22 0.07 0.61 24.83 3.62 6.15 6.63 5

Medium-tight 0.59 2.89 0.28 0.24 -0.18 0.62 24.57 3.21 5.77 7.25 10

Medium 0.60 2.95 0.29 0.25 -0.16 0.63 23.01 3.25 5.66 6.44 14

Wide 0.59 3.20 0.30 0.26 0.09 0.63 20.85 2.93 5.22 7.53 26

Panel B: Ranking on realized utility (γ= 1)

Tight 0.61 2.09 0.21 0.18 0.06 0.52 40.14 3.68 8.97 2.35 3

Medium-tight 0.63 2.11 0.22 0.19 -0.17 0.56 40.14 3.28 8.52 2.12 22

Medium 0.71 2.75 0.27 0.24 -0.08 0.68 32.29 3.28 7.40 3.69 22

Wide 0.61 2.87 0.27 0.23 0.13 0.64 25.54 3.40 6.45 6.56 61

Panel C: Ranking on realized utility (γ= 10)

Tight 0.62 2.11 0.21 0.18 0.07 0.53 40.14 3.68 8.72 2.32 8

Medium-tight 0.64 2.12 0.23 0.19 -0.16 0.56 40.14 3.28 8.52 2.18 22

Medium 0.71 2.75 0.27 0.24 -0.08 0.68 32.29 3.28 7.40 3.69 22

Wide 0.61 2.88 0.27 0.23 0.13 0.64 25.54 3.40 6.45 6.57 62
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Table 3.11: Inclusion Rate of FCS Portfolios in a 60/40 Stock-Bond Portfolio

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM at a rebalancing month. FCS augmented stock-bond portfolios are
selected based on relative alphas from Equations (3.3) and (3.4) (Panel A) or realized utility from Equation
(3.16) (Panels B and C). The table also presents the t-statistic of alpha estimated using Newey and West
(1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR), certainty equivalent (∆) (% per month),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average percentage of the FCS portfolio included in the augmented

portfolio. Portfolios are selected at each December (time t ) based on the FCS approach. For augmented
portfolios we consider all 11 portfolio combinations when we identify the set of potential superior
portfolios. At time t +1 to time t +12 we record augmented portfolio returns for the portfolios contained
in the superior set of portfolios from time t . The approach produces time-series of returns from the period
2002:01-2016:12 corresponding to 180 months. Portfolio returns are calculated using equal weights. In
between rebalancing months, portfolio weights evolve according to the underlying component returns. In
all panels, we report results for different values of the tightness parameter λ. Tight, medium-tight,
medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR ∆ MPPM MD VaR ES R2
Ad j Fraction of FCS portfolio

Panel A: Ranking on relative alphas

Tight 0.62 2.64 0.20 0.19 0.22 0.51 27.52 4.28 6.44 -1.44 100.00
Medium-tight 0.62 2.64 0.20 0.19 0.22 0.51 27.52 4.28 6.44 -1.44 100.00
Medium 0.63 2.71 0.21 0.19 0.25 0.54 27.52 4.28 6.44 -1.42 97.00
Wide 0.62 2.76 0.22 0.20 0.27 0.57 14.26 3.21 5.52 0.11 80.33

Panel B: Ranking on realized utility (γ= 1)

Tight 0.60 2.57 0.20 0.18 0.23 0.51 27.52 4.28 6.44 -1.41 84.67
Medium-tight 0.55 2.29 0.19 0.16 0.19 0.47 27.52 4.85 6.59 -0.14 84.67
Medium 0.43 1.85 0.16 0.13 0.10 0.39 27.52 4.81 6.46 1.91 78.33
Wide 0.33 2.75 0.26 0.19 0.14 0.48 16.01 2.35 3.86 33.14 50.33

Panel C: Ranking on realized utility (γ= 10)

Tight 0.59 2.52 0.20 0.18 0.22 0.51 27.52 4.46 6.44 -1.18 84.00
Medium-tight 0.55 2.29 0.19 0.16 0.19 0.47 27.52 4.85 6.59 -0.14 85.33
Medium 0.41 1.80 0.16 0.13 0.09 0.38 27.52 4.28 6.25 2.16 76.67
Wide 0.33 2.73 0.26 0.19 0.13 0.48 14.69 2.27 3.82 30.92 51.33
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Figure 3.10: Investment Styles Included in the Grid-Weighted Portfolios

This figure shows the weights of the four broad investment styles: directional traders, multi-process,
relative value and security selection, in the grid-weighted style portfolios when using the tight (λ= 0.90)
specification of the FCS algorithm on relative alphas.
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alphas or realized utility, we include more of the superior FCS portfolio when λ is

large (tight).

Figure 3.11 plots the alpha from augmented portfolios which cap the weight on

the FCS portfolio ranging from 10% to 100%. We find that the augmented portfolio

alpha is monotonically increasing in the weight cap placed on the FCS portfolio. This

again suggests a higher risk-adjusted return when the superior FCS portfolio of hedge

funds is added to the 60/40 stock/bond portfolio.

3.7 Additional Results and Robustness Checks

This final section extends our empirical analysis and conducts a set of robustness

tests. We begin by considering how the FCS approach performs when applied to

identify funds with inferior risk-adjusted performance.
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Figure 3.11: Augmented Portfolioα and Weight Cap on the FCS Portfolio

This figure shows the augmented portfolio alpha from Table 3.11, when we cap the weights of the FCS
portfolio at 10%, 20%,...,100%. The legends Relative α, Realized utility (γ= 1), and Realized utility (γ= 10)
correspond to Panels A-C from Table 3.11.
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3.7.1 Performance of Inferior Funds

We saw previously that the FCS approach can be used to ex ante identify funds with

superior performance. However, it is also of economic interest to see if we can use

the FCS approach to identify funds with inferior performance. Identifying such funds

poses separate challenges from the analysis of superior funds due to differences

in persistence of risk-adjusted performance along with differences distributions

of returns. Accordingly, in Table 3.12, we present results from applying our FCS

methodology to select tight (λ= 0.90), medium-tight (λ= 0.75), medium (λ= 0.50),

and wide (λ= 0.10) inferior portfolios of hedge funds.

From Table 3.12, we are not able to identify significant inferior performance. A

possible explanation for this result is that performance reporting is voluntary for

hedge funds which could cause funds with poor historical returns to drop out of our

sample.
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Table 3.12: Inferior Risk-Adjusted Performance for FCS Portfolios

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM at a rebalancing month. Funds are selected into portfolios by the
FCS algorithm based on relative alphas from Equations (3.3) and (3.4). The table also presents the
t-statistic of alpha estimated using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information
Ratio (IR), Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD)
(%), Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with negative rolling window estimates of alpha and negative average relative alphas to
identify the candidate set of inferior funds. In addition, we limit the candidate set to the 500 funds with the
lowest average relative alpha at every yearly rebalancing period. At time t +1 to time t +12 we record
portfolio returns for the funds contained in the inferior set of funds from time t . The approach produces
time-series of returns from the period 1998:01-2016:12 corresponding to 228 months. Results for the entire
sample period are presented in Panel A, and for two subperiods in Panel B and C. The first subperiod
covers 108 months from 1998:01 to 2006:12, and the second subperiod covers 120 months from 2007:01 to
2016:12. Portfolio returns are calculated using equal- or optimal weights. At the end of every December,
the equal- and optimal weights for every fund i are rebalanced based on information available at time t .

Optimal weights are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window

estimates. In between rebalancing months, portfolio weights of the individual hedge funds evolve
according to their returns. We report results for different values of the tightness parameter λ. Tight,
medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: Full sample

Optimally weighted portfolios
Tight 0.24 0.70 0.12 0.06 0.24 49.20 7.11 9.61 33.82 28
Medium-tight 0.30 1.03 0.15 0.08 0.39 33.77 6.23 8.73 39.70 45
Medium 0.15 0.66 0.13 0.05 0.27 32.13 5.43 7.33 40.77 77
Wide 0.09 0.49 0.13 0.04 0.27 25.94 5.15 7.41 55.76 135

Equal weighted portfolios
Tight 0.25 0.71 0.12 0.06 0.24 54.77 7.05 8.75 32.37 28
Medium-tight 0.30 1.02 0.15 0.08 0.38 42.64 6.24 8.41 37.38 45
Medium 0.18 0.72 0.13 0.06 0.26 38.24 5.75 7.80 36.62 77
Wide 0.14 0.72 0.14 0.06 0.31 28.33 5.31 7.03 49.74 135

Panel B: 1998:01 to 2006:12

Optimally weighted portfolios
Tight 0.53 1.26 0.15 0.13 0.42 25.94 7.20 9.91 38.66 17
Medium-tight 0.47 1.23 0.16 0.14 0.44 25.94 6.36 9.17 44.13 22
Medium 0.30 0.98 0.14 0.11 0.32 17.24 5.35 6.50 38.74 32
Wide 0.16 1.07 0.13 0.09 0.25 18.58 4.75 7.06 72.61 61

Equal weighted portfolios
Tight 0.56 1.48 0.16 0.15 0.47 20.45 6.18 7.54 37.25 17
Medium-tight 0.51 1.48 0.18 0.16 0.50 20.46 5.89 7.31 41.69 22
Medium 0.42 1.36 0.16 0.15 0.39 18.57 4.98 6.66 37.18 32
Wide 0.28 1.46 0.16 0.15 0.36 14.89 3.83 6.24 65.52 61

Panel C: 2007:01 to 2016:12

Optimally weighted portfolios
Tight -0.09 -0.23 0.09 -0.02 0.08 49.20 7.10 9.35 36.84 37
Medium-tight 0.15 0.42 0.14 0.04 0.35 33.77 6.15 8.35 41.36 66
Medium 0.01 0.03 0.12 0.00 0.23 32.13 5.80 7.96 47.54 117
Wide 0.02 0.08 0.13 0.01 0.28 25.94 5.88 7.55 50.41 202

Equal weighted portfolios
Tight -0.12 -0.28 0.08 -0.03 0.03 54.77 7.76 9.34 36.55 37
Medium-tight 0.10 0.25 0.13 0.03 0.28 42.64 6.90 9.21 39.73 66
Medium -0.04 -0.11 0.10 -0.01 0.15 38.24 6.45 8.39 43.47 117
Wide 0.03 0.11 0.13 0.01 0.27 28.33 5.96 7.48 47.06 202
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3.7.1.1 Local Variation in Inferior Funds’ Risk-Adjusted Performance

We next present local estimates of risk-adjusted performance for inferior funds in

Figure 3.12.

Figure 3.12: Local Variation in Risk-Adjusted Performance for Inferior Funds

This figure shows the local variation in risk-adjusted performance (% per month) for inferior funds with at
least $20m in AUM at a rebalancing month. The non-parametric estimates of risk-adjusted performance
are calculated using Equation (A.1). The estimates are calculated using a Uniform kernel with a bandwidth
of h = T−1/5/

p
12. The figure presents estimates for eight portfolios. The blue line presents the

performance of the tight FCS portfolio (λ= 0.90). The red, green, black, dark orange, yellow, magenta, and
cyan lines correspond to the bottom 10% of funds in the inferior candidate set ranked on 7-factor alpha,
Bayesian alpha, relative alpha, conditional alpha, structural alpha, SDI, and 1-R2, respectively. Portfolios
weights are calculated using optimal weights. At the end of every year, the optimal weight for every fund i

is rebalanced based on information available at time t : ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

. Here, ÎRi ,t |t and

σ̂i ,t |t are rolling window estimates based on at least 36 and at most 60 monthly observations. In between
rebalancing periods, portfolio weights of the individual hedge funds evolve according to their returns. We
report time-varying alpha estimates from 1999:10 to 2015:03. The reason we omit data prior to 1999:10
and after 2015:03 is to ensure consistency of the kernel estimator.
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3.7.1.2 Evolution in the Set of Inferior Funds

Figure 3.13 shows the evolution in the set of funds included in the inferior FCS. The

tight, medium-tight, medium and wide portfolios on average hold 0.62%, 1.11%,

1.86% and 4.06% of living funds in our sample, respectively. Hence, more funds are
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included in the inferior FCS portfolios than in the superior FCS portfolios shown

in Figure 3.7. This indicates that there are more funds with similarly inferior perfor-

mance than there are funds with similarly superior performance.

Figure 3.13: Evolution of the Inferior FCS Portfolios

This figure shows the time-series of funds included in the inferior FCS portfolios based on monthly
rebalancing. The top panel shows the number of funds included in the FCS portfolios, whereas the bottom
panel shows the fraction of funds (%) in the FCS portfolios as a fraction of all living funds. Funds contained
in the FCS portfolios are selected from a candidate set where funds have a negative rolling window relative
alpha and a negative average relative alpha from Equations (3.1) and (3.4), respectively. In addition, we
limit the candidate set to the 500 funds with the lowest average relative alpha and funds with at least $20m
in AUM. The dark blue color corresponds to a tight FCS portfolio (λ= 0.90). Lighter colors correspond to
Medium-Tight (λ= 0.75), Medium (λ= 0.50), and Wide (λ= 0.10) tightness parameter values.

From the top panel of Figure 3.14 we see that there are more unique funds who

enter the inferior set of funds relative to the set of superior funds from Figure 3.8. This

suggests less persistence in inferior fund performance. Also, we find from the bottom

panel of Figure 3.14 that new funds more often than not are included in the inferior

set of funds. This is similar to the pattern observed in the bottom panel of Figure 3.8.
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Figure 3.14: Evolution of Individual Funds in the Inferior FCS Portfolio

This figure shows the identity of individual funds included in the tight inferior FCS portfolio (λ= 0.90)
based on monthly rebalancing. In the top panel a fund that is identified as inferior is given a unique
number on the date that it is included. A blue dot shows the inclusion of a unique fund. The bottom panel
shows the individual fund IDs included in the tight FCS portfolio. Funds contained in the FCS portfolios
are selected from a candidate set where funds have a negative rolling window relative alpha and a negative
average relative alpha from Equations (3.1) and (3.4), respectively. In addition, we limit the candidate set
to the 500 funds with the lowest average relative alpha and at least $20m AUM.

3.7.2 Alternative Factor Models

In this subsection, we explore using alternative factor models to evaluate ex-post FCS

portfolio performance. We evaluate portfolio performance using augmented versions

of the Fung and Hsieh (2004) 7-factor model. Panel A, B, C, D and E of Table 3.13

augments the Fung and Hsieh (2004) model with the MSCI emerging market factor,

the Pástor and Stambaugh (2003) liquidity factor, the Agarwal and Naik (2004) OTM

call and put option factors, the Moskowitz et al. (2012) global TS momentum factor,

and the Frazzini and Pedersen (2014) global BAB factor, respectively. Panel F of Table

3.13 shows alpha estimates for the global Carhart (1997) four-factor model. We find

that alpha estimates are qualitatively similar to our baseline results in Table 3.3.
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Table 3.13: Superior Risk-Adjusted Performance for FCS Portfolios for Alternative Factor Models

This table shows alpha estimates (% per month) from alternative factor model specifications. Panel A, B, C,
D and E augments the Fung and Hsieh (2004) model with the MSCI emerging market factor, Pástor and
Stambaugh (2003) liquidity factor, Agarwal and Naik (2004) OTM call and put option factors, Moskowitz
et al. (2012) global TS momentum factor, and Frazzini and Pedersen (2014) global BAB factor, respectively.
Panel F shows alpha estimates for the global Carhart (1997) four-factor model. Funds with at least $20m in
AUM are selected into portfolios by the FCS approach based on relative alphas from Equations (3.3) and
(3.4). The table also presents the t-statistic of alpha estimated using Newey and West (1987) standard
errors, Information Ratio (IR), and the adjusted coefficient of determination (R2

ad j ) (%). At the end of

every year (time t ), we apply the FCS approach to funds with positive rolling window estimates of alpha
and positive average relative alphas to identify the set of superior funds. In addition, we limit the
candidate set to the 500 funds with the highest average relative alpha at every yearly rebalancing period. At
time t +1 to time t +12 we record portfolio returns for the funds contained in the superior set of funds.
The approach produces time-series of returns from the period 1998:01-2016:12 corresponding to 228
monthly observations. Portfolio returns are calculated using optimal weights. At the end of every
December, the optimal weight for every fund i is rebalanced based on information available at time t .

Optimal weights are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window

estimates. In between rebalancing months, portfolio weights of the individual hedge funds evolve
according to their returns. In all panels, we report results for different values of the tightness parameter λ.
Tight, medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat IR R2
Ad j

Panel A: MSCI emerging market factor

Tight 0.88 4.25 0.26 2.24
Medium-tight 0.84 4.32 0.28 1.90
Medium 0.73 5.52 0.38 7.41
Wide 0.49 4.66 0.31 9.48

Panel B: Pástor and Stambaugh (2003) liquidity factor

Tight 0.91 4.24 0.26 0.88
Medium-tight 0.87 4.27 0.29 1.91
Medium 0.73 5.54 0.38 7.43
Wide 0.47 4.32 0.30 8.03

Panel C: Agarwal and Naik (2004) OTM call and put option factors

Tight 0.80 3.76 0.23 0.97
Medium-tight 0.74 3.69 0.25 3.34
Medium 0.66 4.24 0.35 7.68
Wide 0.44 3.40 0.28 7.96

Panel D: Moskowitz et al. (2012) global TS-momentum factor

Tight 0.89 4.61 0.26 0.81
Medium-tight 0.89 4.81 0.29 1.96
Medium 0.70 4.97 0.37 7.57
Wide 0.43 3.75 0.27 9.11

Panel E: Frazzini and Pedersen (2014) global BAB factor

Tight 0.79 3.61 0.23 2.01
Medium-tight 0.67 3.43 0.23 5.74
Medium 0.60 4.71 0.32 12.10
Wide 0.38 3.64 0.25 12.13

Panel F: Carhart (1997) global four-factor model

Tight 0.85 3.39 0.24 2.72
Medium-tight 0.83 3.26 0.28 3.92
Medium 0.65 4.33 0.34 10.59
Wide 0.43 3.80 0.28 17.04



3.7. ADDITIONAL RESULTS AND ROBUSTNESS CHECKS 123

3.7.3 Gross Returns and Returns Adjusted for Serial Correlation

We next use gross returns and returns adjusted for serial correlation as in Getmansky

et al. (2004) to evaluate ex-post FCS portfolio performance. Note that funds are

selected to FCS portfolio based on non-adjusted net returns. In Table 3.14, we find that

gross alphas are higher than their net-alpha counterparts from Table 3.3. For returns

adjusted for serial correlation, we still find significant outperformance for both equal-

weighted and optimally weighted portfolios. However, the wide specification of the

equal-weighted FCS portfolio now produces insignificant performance.

3.7.4 Varying the Size of the Candidate Set of funds

Our baseline results limits the candidate set to the 500 funds with the highest av-

erage relative alphas. We next explore how sensitive our performance results are

to restrictions on the number of candidate funds. For superior funds we show per-

formance results for candidate sets based on 100, 250 and 1,000 funds. The results,

presented in Table 3.15, show that our baseline estimates of performance in Table 3.3

are insensitive to the size of the candidate set.

3.7.5 Varying the Number of Observations to Estimate Relative Alpha

Our baseline analysis estimates relative alphas from Equation (3.3) using at least 36

and at most 60 monthly observations. We next explore how sensitive our performance

results are to lowering the minimum requirement to 12 and 24 monthly observa-

tions. For superior funds we show performance results in Table 3.16. Reducing the

minimum number of observations drastically increases the performance of the FCS

portfolios across all tightness specifications.

3.7.6 FCS Performance for Different Fund AUM Cutoffs

Our baseline analysis considers only funds with a minimum AUM of $20m, a restric-

tion that ensures that the majority of selected funds are open to new investments. We

next shed light on how sensitive the results are to imposing this cutoff by considering

different fund AUM cutoffs. Specifically, Panel A of Table 3.17 presents results when

we do not impose any minimal fund size criterion while Panel B covers the case with

a higher minimum required AUM of $50m.
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Table 3.14: Superior Risk-Adjusted Performance for FCS Portfolios for Gross Returns and Returns
Adjusted for Serial Correlation

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM at a rebalancing month. Funds are selected into portfolios based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of alpha and positive average relative alphas to
identify the set of superior funds. In addition, we limit the candidate set to the 500 funds with the highest
average relative alpha at every yearly rebalancing period. At time t +1 to time t +12 we record portfolio
returns for the funds contained in the superior set of funds from time t . The approach produces
overlapping time-series of returns from the period 1998:01-2016:12 corresponding to 228 observations.
Portfolio returns are calculated using equal- or optimal weights. At the end of every December, the equal-
and optimal weights for every fund i are rebalanced based on information available at time t . Optimal

weights are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window

estimates. In between rebalancing months, portfolio weights of the individual hedge funds evolve
according to their returns. In Panel A we report results when performance is evaluated on gross returns,
whereas in Panel B we report results when performance is evaluated on returns adjusted for serial
correlation. In all panels, we report results for different values of the tightness parameter λ. Tight,
medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: Gross returns

Optimally weighted portfolios
Tight 1.22 5.58 0.34 0.34 1.07 18.52 4.64 6.77 1.31 8
Medium-tight 1.17 5.81 0.40 0.37 1.12 18.52 3.00 6.37 2.62 13
Medium 1.07 7.54 0.54 0.52 1.10 14.22 2.54 4.36 7.79 21
Wide 0.77 7.13 0.51 0.46 0.84 14.22 1.26 3.40 7.92 43

Equal weighted portfolios
Tight 0.92 4.08 0.25 0.24 0.73 25.86 5.59 7.21 1.60 8
Medium-tight 0.91 3.99 0.30 0.27 0.85 20.56 4.82 6.74 1.71 13
Medium 0.76 4.25 0.34 0.31 0.82 25.27 2.61 6.28 16.63 21
Wide 0.54 3.95 0.30 0.25 0.65 17.25 3.10 5.51 17.34 43

Panel B: Returns adjusted for serial correlation

Optimally weighted portfolios
Tight 0.77 3.80 0.18 0.17 0.53 18.40 6.07 10.09 -0.87 8
Medium-tight 0.70 3.91 0.21 0.18 0.61 18.40 5.14 8.96 0.16 13
Medium 0.62 4.86 0.32 0.28 0.66 14.10 2.74 5.74 6.41 21
Wide 0.39 3.95 0.29 0.23 0.48 14.10 2.12 4.33 11.08 43

Equal weighted portfolios
Tight 0.49 2.30 0.12 0.11 0.22 31.97 6.44 10.10 -0.27 8
Medium-tight 0.47 2.21 0.15 0.11 0.36 26.60 5.77 9.09 0.23 13
Medium 0.35 2.00 0.19 0.14 0.41 28.32 3.52 7.24 18.29 21
Wide 0.18 1.33 0.15 0.08 0.29 19.62 3.30 6.27 19.59 43
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Table 3.15: Superior Risk-Adjusted Performance for FCS Portfolios by Varying the Size of the Candi-
date Set

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM at a rebalancing month. Funds are selected into portfolios based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of relative alpha and positive average relative
alphas to identify the set of superior funds. We limit the candidate set to the 100, 250, and 1,000 funds with
the highest average relative alpha in Panels A, B, and C, respectively. At time t +1 to time t +12 we record
portfolio returns for the funds contained in the superior set of funds. The approach produces time-series
of returns from the period 1998:01-2016:12 corresponding to 228 monthly observations. Portfolio returns
are calculated using equal- or optimal weights. At the end of every December, the equal- and optimal
weights for every fund i are rebalanced based on information available at time t . Optimal weights are

calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In

between rebalancing months, portfolio weights of the individual hedge funds evolve according to their
returns. In all panels, we report results for different values of the tightness parameter λ. Tight,
medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: 100 candidate funds

Optimally weighted portfolios
Tight 0.94 4.54 0.29 0.27 0.83 17.54 4.77 6.66 1.90 9
Medium-tight 0.88 4.53 0.32 0.29 0.85 17.54 3.09 6.29 2.71 14
Medium 0.68 5.44 0.38 0.36 0.71 14.15 2.34 4.41 7.84 21
Wide 0.50 4.70 0.36 0.32 0.56 14.15 1.48 3.64 7.26 40

Equal weighted portfolios
Tight 0.66 3.08 0.19 0.18 0.52 27.52 5.65 6.96 1.95 9
Medium-tight 0.70 3.28 0.25 0.22 0.67 19.19 4.14 6.54 2.90 14
Medium 0.46 2.69 0.24 0.20 0.52 25.09 2.68 6.25 15.14 21
Wide 0.29 2.23 0.20 0.14 0.38 17.25 2.83 5.51 14.81 40

Panel B: 250 candidate funds

Optimally weighted portfolios
Tight 0.93 4.48 0.28 0.27 0.82 17.54 4.77 6.66 1.87 8
Medium-tight 0.85 4.36 0.31 0.28 0.81 17.54 3.09 6.29 2.44 13
Medium 0.67 5.25 0.38 0.36 0.70 14.15 2.63 4.40 8.46 22
Wide 0.47 4.50 0.34 0.29 0.53 14.15 1.50 3.63 7.90 43

Equal weighted portfolios
Tight 0.66 3.06 0.19 0.18 0.52 27.52 5.65 6.96 2.02 8
Medium-tight 0.62 2.77 0.22 0.19 0.57 22.00 5.03 6.62 1.57 13
Medium 0.46 2.62 0.24 0.20 0.52 25.09 2.68 6.35 14.90 22
Wide 0.26 1.93 0.19 0.12 0.36 17.02 3.03 5.55 15.24 43

Panel C: 1,000 candidate funds

Optimally weighted portfolios
Tight 0.90 4.28 0.27 0.26 0.76 17.54 4.77 6.66 1.26 8
Medium-tight 0.85 4.33 0.31 0.28 0.81 17.54 3.09 6.29 2.21 13
Medium 0.73 5.55 0.41 0.38 0.76 14.15 2.63 4.40 7.82 21
Wide 0.49 4.60 0.36 0.31 0.56 14.15 1.50 3.63 8.09 43

Equal weighted portfolios
Tight 0.62 2.87 0.18 0.17 0.46 27.52 5.65 6.96 1.52 8
Medium-tight 0.62 2.78 0.22 0.19 0.57 22.00 5.03 6.62 1.44 13
Medium 0.46 2.64 0.24 0.20 0.52 25.09 2.68 6.35 15.32 21
Wide 0.27 2.02 0.20 0.13 0.38 17.02 3.07 5.55 16.28 43
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Table 3.16: Superior Risk-Adjusted Performance for FCS Portfolios by Varying the Estimation Win-
dow

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM at a rebalancing month. Funds are selected into portfolios based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%),
Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of
determination (R2

ad j ) (%), and the average number of funds included in a portfolio. Portfolios are selected

at each December (time t ) based on the FCS approach. That is, at the end of every year, we apply the FCS
approach to funds with positive rolling window estimates of alpha and positive average relative alphas to
identify the set of superior funds. In addition, we limit the candidate set to the 500 funds with the highest
average relative alpha at every yearly rebalancing period. At time t +1 to time t +12 we record portfolio
returns for the funds contained in the superior set of funds from time t . The approach produces
overlapping time-series of returns from the period 1998:01-2016:12 corresponding to 228 observations.
Portfolio returns are calculated using equal- or optimal weights. At the end of every December, the equal-
and optimal weights for every fund i are rebalanced based on information available at time t . Optimal

weights are calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window

estimates. In between rebalancing months, portfolio weights of the individual hedge funds evolve
according to their returns. Panel A contains results for funds whose alphas are estimated using at least 12
monthly observations, whereas Panel B contains results for funds whose alphas are estimated using at
least 24 monthly observations. In all panels, we report results for different values of the tightness
parameter λ. Tight, medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50,
0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: 12 monthly observations

Optimally weighted portfolios
Tight 1.88 3.26 0.35 0.41 1.42 34.10 4.62 7.11 12.68 7
Medium-tight 1.35 3.02 0.38 0.36 1.30 18.01 4.61 6.99 13.97 12
Medium 1.22 2.78 0.35 0.33 1.17 18.01 3.92 6.74 14.96 14
Wide 1.18 2.79 0.40 0.38 1.13 12.45 2.05 4.25 4.33 25

Equal weighted portfolios
Tight 1.77 3.08 0.33 0.39 1.33 34.10 4.68 7.49 15.66 7
Medium-tight 1.30 2.93 0.34 0.34 1.20 22.51 4.40 7.14 14.82 12
Medium 1.11 2.54 0.31 0.30 1.04 22.51 4.01 6.82 17.44 14
Wide 1.04 2.45 0.35 0.34 1.00 18.37 2.94 3.99 10.83 25

Panel B: 24 monthly observations

Optimally weighted portfolios
Tight 1.78 3.97 0.37 0.48 1.30 18.62 2.88 5.52 14.82 9
Medium-tight 1.75 3.96 0.37 0.49 1.29 19.87 2.52 5.23 16.76 10
Medium 1.84 4.40 0.42 0.55 1.43 11.32 2.01 3.85 19.21 23
Wide 1.69 3.99 0.41 0.52 1.32 8.64 1.38 2.97 18.66 37

Equal weighted portfolios
Tight 1.73 3.60 0.33 0.42 1.21 16.99 3.63 6.11 9.32 9
Medium-tight 1.68 3.51 0.33 0.41 1.17 22.91 3.50 5.93 10.41 10
Medium 1.58 3.40 0.33 0.42 1.17 25.61 2.16 5.25 14.84 23
Wide 1.40 3.04 0.32 0.39 1.07 16.39 2.11 4.38 15.36 37



3.7. ADDITIONAL RESULTS AND ROBUSTNESS CHECKS 127

Table 3.17: Superior Risk-Adjusted Performance for FCS Portfolios with Different AUM Cutoffs

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor for funds
with different AUM cutoffs. Funds are selected into portfolios by the FCS approach based on relative
alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated using
Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR), Manipulation-Proof
Performance Measure (MPPM) (% per month), Maximum Drawdown (MD) (%), Value-at-Risk (VaR) (%
per month), Expected Shortfall (ES) (% per month), adjusted coefficient of determination (R2

ad j ) (%), and

the average number of funds included in a portfolio. Portfolios are selected at each December (time t )
based on the FCS approach. That is, at the end of every year, we apply the FCS approach to funds with
positive rolling window estimates of alpha and positive average relative alphas to identify the candidate
set of superior funds. In addition, we limit the candidate set to the 500 funds with the highest average
relative alpha at every yearly rebalancing period. At time t +1 to time t +12 we record portfolio returns for
the funds contained in the superior set of funds from time t . The approach produces time-series of
returns from the period 1998:01-2016:12 corresponding to 228 months. Portfolio returns are calculated
using equal- or optimal weights. At the end of every December, the equal- and optimal weights for every
fund i are rebalanced based on information available at time t . Optimal weights are calculated as:

ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. In between rebalancing

months, portfolio weights of the individual hedge funds evolve according to their returns. Panel A shows
results for all funds in our sample, whereas Panel B requires that funds have at least $50m in AUM at a
rebalancing month. We report results for different values of the tightness parameter λ. Tight,
medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: $0m in fund AUM

Optimally weighted portfolios
Tight 1.18 6.50 0.45 0.42 1.16 12.94 1.86 4.38 1.78 10

Medium-tight 0.90 7.27 0.55 0.54 0.95 6.79 1.62 3.25 12.49 21

Medium 0.77 7.31 0.56 0.54 0.84 6.82 1.33 2.44 14.61 32

Wide 0.55 6.20 0.50 0.45 0.65 6.64 0.99 2.21 19.12 59

Equal weighted portfolios
Tight 1.19 5.99 0.43 0.41 1.17 12.94 1.95 4.09 4.28 10

Medium-tight 0.85 5.74 0.43 0.41 0.91 17.07 1.95 4.39 17.25 21

Medium 0.69 4.50 0.39 0.34 0.79 17.07 1.58 4.34 17.35 32

Wide 0.44 4.02 0.34 0.28 0.56 11.98 1.84 3.82 23.65 59

Panel B: $50m in fund AUM

Optimally weighted portfolios
Tight 0.66 2.97 0.17 0.18 0.43 38.81 6.30 9.53 2.05 7

Medium-tight 0.81 4.36 0.32 0.30 0.79 17.54 4.77 6.34 3.83 11

Medium 0.80 4.76 0.39 0.37 0.81 11.46 2.56 4.42 6.01 17

Wide 0.41 3.30 0.32 0.26 0.53 10.61 2.72 3.92 21.23 40

Equal weighted portfolios
Tight 0.45 1.97 0.11 0.12 0.21 38.81 6.26 9.54 2.92 7

Medium-tight 0.55 2.94 0.21 0.19 0.51 19.19 3.93 5.99 3.42 11

Medium 0.42 2.83 0.26 0.20 0.49 11.56 2.48 4.50 7.53 17

Wide 0.18 1.02 0.17 0.08 0.32 25.18 3.54 6.31 25.18 40
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3.8 Concluding Remarks

This paper studies a new approach for identifying hedge funds with superior risk-

adjusted performance. The approach is based on a large set of pair-wise comparisons

of individual funds’ track records and works by eliminating funds whose return

performance is inferior to that of at least one other competitor. Our empirical results

suggest that it is feasible to identify funds with superior risk-adjusted performance

even in an environment with as rapid shifts in investment strategies and deterioration

in return performance as that of the hedge fund industry.
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Appendix

A.1 Local Variation Estimation

We calculate time-varying parameters (TVP) using a flexible nonparametric approach.

The time-varying parameters are calculated from the TVP model:

Rpt =αp (t/T )+β′
p (t/T )Xt +εpt , t = 1, ...,T. (A.1)

Here, αp (·) and βp (·) are unknown smooth functions, which depend on the time

fraction t/T allowing the parameters to vary over time. Xt contains the 7-factor model

by Fung and Hsieh (2004). We estimate the parameters by rewriting Equation (A.1) to:

Rpt = F
′
tθp (t/T )+εpt , (A.2)

where Ft = (1 Xt ) and θp (t/T ) = (αp (t/T )β
′
p (t/T ))

′
. We adopt a two-step proce-

dure to estimate θp (t/T ). First step considers the OLS estimator γ̂p = (γ̂p0, γ̂p1)
′

from

the transformed model:

k1/2
st Rps = k1/2

st F
′
sγp0 +k1/2

st

(
s − t

T

)
F
′
sγp1 +εps , s = 1, ...,T. (A.3)

Here, kst = k
(

s−t
T h

)
is a kernel function, and h is the bandwidth. We opt for a

uniform kernel k(u) = 0.5 with support |u| ≤ 1, and bandwidth of h = T −1/5/
p

12. In

the second step, we construct the estimator for αp (t/T ):

αp (t/T ) = (e⊗ I)γ̂p , (A.4)

where e = (1 0), I is the identity matrix, and ⊗ is the Kronecker product. Cai (2007)

and Chen and Hong (2012) provides further details for the approach outlined above.

A.2 Comparison with Alternative Performance Models using a
Training Sample of 24 Months

Table A.1 shows results for funds ranked in the top 10 and 40 of funds in the superior

candidate set of funds when alternative performance models are estimated on at

least 24 and at most 60 monthly observations.

Table A.2 tests the spread in relevant portfolio characteristics when fixing the

number of funds for the benchmark methods to 10 and 40, respectively. Note that

this table allows the different methodologies to estimate performance using at least
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Table A.1: Risk-Adjusted Performance for Performance Ranked Portfolios: Top 10 and 40 Funds for
24 Observations as Training Period

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds that have at least $20m in AUM at a rebalancing month. The table also presents the t-statistic of
alpha estimated using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM), Maximum Drawdown (MD) (%), Value-at-Risk (VaR)
(% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of determination (R2

ad j ) (%),

and the average number of funds included in a portfolio. Portfolios are ranked at the end of every year
based on either 7-factor alphas (Fung and Hsieh (2004)), Bayesian alphas (Kosowski et al. (2007)), relative
alphas (Jagannathan et al. (2010)), conditional alphas (Avramov et al. (2011)), structural alphas (Harvey
and Liu (2018)), Strategy Distinctiveness (SDI) (Sun et al. (2012)), and 1-R2 (Titman and Tiu (2010)). Each
December (time t ) we rank portfolios and record portfolio returns from time t +1 to time t +12. The
ranking procedure produce overlapping time-series of returns from 1998:01 to 2016:12 corresponding to
228 months. Portfolio returns are calculated using equal weights or optimal weights. The equal- and
optimal weight for every fund i are based on information available at time t . Optimal weights are

calculated as: ŵi ,t+1|t =
ˆI Ri ,t |t /σ̂i ,t |t∑nt

j=1
ˆI R j ,t |t /σ̂ j ,t |t

, where ÎRi ,t |t and σ̂i ,t |t are rolling window estimates. We make

the optimal weight scheme comparable across methods by estimating ˆI Ri ,t |t and σ̂i ,t |t from the set of
benchmark factors used to estimate relative alphas. In between rebalancing periods, portfolio weights of
the individual hedge funds evolve according to their returns. Panel A and Panel B contain results for funds
in the superior candidate set that are ranked in the top 10 and 40 of funds, respectively. For a fund to be
included in the superior candidate set of funds, we require that a fund has a positive rolling window
relative alpha estimate and a positive average relative alpha estimate from Equations (3.1) and (3.4),
respectively.

Optimally weighted portfolios Equal weighted portfolios

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds alpha t-stat SR IR MPPM MD VaR ES R2

Ad j Av. # funds

Panel A: Top 10

7-factor alpha 1.14 5.29 0.50 0.47 1.23 18.53 2.72 3.89 15.84 9 0.99 4.42 0.38 0.34 1.04 16.97 3.86 5.42 12.38 9

Bayesian alpha 1.04 4.40 0.43 0.42 1.01 17.67 2.94 4.52 4.81 9 0.66 2.62 0.30 0.26 0.69 24.55 3.22 4.68 6.18 9

Relative alpha 0.96 3.95 0.43 0.39 1.00 16.45 2.55 5.14 5.87 9 1.00 4.22 0.38 0.37 0.93 18.12 3.22 5.10 4.91 9

Conditional alpha 0.61 2.56 0.24 0.20 0.63 30.15 4.65 6.87 9.43 9 0.43 2.07 0.22 0.16 0.54 29.04 3.98 6.15 15.71 9

Structural alpha 0.63 6.27 0.69 0.69 0.63 10.23 0.61 1.97 3.29 9 0.58 4.16 0.38 0.38 0.56 12.31 1.37 3.19 7.01 9

SDI 0.30 3.21 0.19 0.25 0.21 8.47 1.78 2.58 8.82 9 0.17 1.55 0.07 0.12 0.07 10.73 2.15 3.66 15.57 9

1-R2 0.36 4.08 0.40 0.37 0.37 7.29 0.99 1.65 -0.25 9 0.41 3.75 0.38 0.34 0.43 4.70 1.19 1.62 0.15 9

Panel B: Top 40

7-factor alpha 0.67 4.62 0.46 0.46 0.81 22.16 1.64 3.87 38.54 38 0.42 2.45 0.27 0.22 0.57 33.43 3.08 5.69 39.52 38

Bayesian alpha 0.66 6.14 0.60 0.59 0.71 7.15 1.20 2.43 12.16 37 0.54 4.29 0.45 0.42 0.62 10.66 1.51 2.79 18.21 37

Relative alpha 0.60 6.03 0.61 0.60 0.68 11.42 0.96 2.22 21.27 37 0.41 3.39 0.35 0.30 0.51 15.47 1.65 3.36 19.92 37

Conditional alpha 0.22 1.26 0.20 0.14 0.33 28.09 2.48 4.71 26.65 38 0.10 0.57 0.15 0.06 0.25 33.97 2.72 5.53 36.71 38

Structural alpha 0.40 4.57 0.60 0.59 0.44 8.97 0.63 1.58 18.30 38 0.39 5.56 0.58 0.55 0.46 8.16 0.78 1.58 22.31 38

SDI 0.28 6.23 0.54 0.54 0.28 3.14 0.44 0.98 2.67 37 0.16 3.39 0.22 0.25 0.15 2.44 0.75 1.05 11.33 37

1-R2 0.33 6.82 0.70 0.68 0.34 2.43 0.43 0.81 3.88 38 0.25 3.78 0.43 0.39 0.29 5.15 0.64 1.30 9.13 38
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24 and at most 60 monthly observations. We test the spread for the tight FCS portfolio

against the benchmark methods that select the 10 highest ranked funds, and the

wide FCS portfolio against the benchmark methods that select the 40 highest ranked

funds. We find evidence that the alpha of the superior FCS portfolio dominates most

of the benchmarks, particularly for the wide portfolio specification than for the tight

portfolio specification.

Table A.2: Comparison of FCS Portfolios and Benchmark Methods for the 24 Month Training Sample

This table shows spread-tests of FCS portfolio characteristics from Panel B in Table 3.16 against
benchmark portfolio characteristics from Table A.1. The spread tests are conducted on optimally weighted
portfolios for characteristics: alpha (pp per month), SR, IR, MPPM (pp per month), MD (pp), VaR (pp per
month) and ES (pp per month). The spread tests make inference for alpha, SR, IR and MPPM using the
delta method with HAC standard errors by Ledoit and Wolf (2008). Spread tests for MD, VaR and ES make
inference using the stationary bootstrap by Politis and Romano (1994). In Panel A and B, we compare the
tight and wide FCS portfolio specifications against the top 10 and top 40 benchmark portfolios,
respectively. Using a two-sided alternative hypothesis, *, **, and *** correspond to significance at 10%, 5%,
and 1%, respectively.

alpha SR IR MPPM MD VaR ES

Panel A: Tight vs Top 10

7-factor alpha 0.64 -0.13 0.01 0.07 0.09 0.15 1.63

Bayesian alpha 0.74 -0.06 0.06 0.29 0.95 -0.06 0.99

Relative alpha 0.82 -0.06 0.09 0.31 2.17 0.33 0.38

Conditional alpha 1.16∗∗ 0.13 0.28∗ 0.67 -11.53 -1.78 -1.35

Structural alpha 1.15∗∗ -0.31 -0.21 0.67∗ 8.38 2.27∗∗ 3.55∗∗∗

SDI 1.48∗∗∗ 0.18 0.23∗ 1.09∗∗∗ 10.15∗∗ 1.10 2.94∗∗

1-R2 1.42∗∗∗ -0.02 0.11 0.93∗∗∗ 11.32∗∗ 1.88∗∗ 3.87∗∗∗

Panel B: Wide vs Top 40

7-factor alpha 1.02∗∗ -0.05 0.06 0.51 -13.52 -0.27 -0.90

Bayesian alpha 1.03∗∗∗ -0.19 -0.06 0.62∗∗ 1.49 0.18 0.54

Relative alpha 1.09∗∗ -0.21∗ -0.08 0.64∗∗ -2.78 0.42 0.75

Conditional alpha 1.46∗∗∗ 0.21∗∗ 0.38∗∗ 0.99∗∗∗ -19.45∗ -1.11 -1.74

Structural alpha 1.29∗∗ -0.19 -0.07 0.88∗∗∗ -0.34 0.75∗ 1.39∗

SDI 1.41∗∗∗ -0.13 -0.02 1.04∗∗∗ 5.49∗∗ 0.94∗∗ 1.99∗∗∗

1-R2 1.36∗∗∗ -0.29∗∗ -0.16 0.98∗∗∗ 6.20∗∗ 0.95∗∗ 2.16∗∗∗
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A.3 Grid-Weighted Style Portfolios

Below we provide a detailed step-by-step description of our grid-weighted style

portfolio approach. Further, in Tables A.3-A.4 we provide equal-weighted results for

FCS portfolios and FCS performance across investment styles for overlapping sample

periods.

1. For each of the four investment styles: directional traders, multi-process, rel-

ative value, and security selection ( j = 1,2,3,4), we run the FCS algorithm to

obtain an equal-weighted portfolio of the funds. The performance for each

of the four equal-weighted portfolios we obtain are presented in Table 3.4.

We denote the four equal-weighted style portfolio return series as r j t+1 for

j = 1,2,3,4.

2. We form grid-weighted portfolios r g r i d
t+1 =∑4

j=1ω j t r j t+1 for weights defined as

ω j t = 0,0.1,0.2, ...,0.9,1 subject to
∑4

j=1ω j t = 1. Due to the fact that weights

must sum to unity, we obtain a new candidate set of grid-weighted style portfo-

lios consisting of 266 portfolio combinations.

3. We select among the 266 portfolios based on relative alphas as in Equation (3.3).

However, as each of the new grid-weighted portfolio combinations consist of

different style combinations, we also grid-weight the corresponding relative

alpha benchmark. For example, if a grid-weighted portfolio consists of 25% of

every style at time t the relative alpha benchmark is weighted similarly. We use

at least 36 and at most 60 observations to estimate relative alphas.

4. We also select among the 266 portfolios based on realized utility as in Equation

(3.16). Here, we use at least 36 and at most 60 monthly observations to estimate

(σg r i d
t+1|t+1)2.

5. In the second layer of our hierarchical structure implementation, we run the

FCS algorithm at the end of every December on the full set of 266 grid-weighted

portfolios. We rank funds on either relative alphas or realized utility for relative

risk aversion coefficients of γ= [1,10]′. Results for this procedure are presented

in Table 3.10.
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Table A.3: Superior Risk-Adjusted Performance for FCS Portfolios Ranked on Relative Alphas: Over-
lapping Sample Period

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds whose AUM is at least $20m at a rebalancing month. Funds are selected into portfolios based on
relative alphas from Equations (3.3) and (3.4). The table also presents the t-statistic of alpha estimated
using Newey and West (1987) standard errors, Sharpe Ratio (SR), Information Ratio (IR),
Manipulation-Proof Performance Measure (MPPM), Maximum Drawdown (MD) (%), Value-at-Risk (VaR)
(% per month), Expected Shortfall (ES) (% per month), adjusted coefficient of determination (R2

ad j ) (%),

and the average number funds included in a portfolio. Portfolios are selected at each December (time t )
based on the FCS approach. That is, at the end of every year, we apply the FCS approach to funds with
positive rolling window estimates of relative alpha and positive average relative alphas to identify the set
of superior funds. In addition, we limit the candidate set to the 500 funds with the highest average relative
alpha at every yearly rebalancing period. At time t +1 to time t +12 we record portfolio returns for the
funds contained in the superior set of funds from time t . The approach produces time-series of returns
from the period 2002:01-2016:12 corresponding to 180 monthly observations. Portfolio returns are
calculated using equal weights. In between rebalancing months, portfolio weights of the individual hedge
funds evolve according to their returns. We report results for different values of the tightness parameter λ.
Tight, medium-tight, medium, and wide, correspond to tightness values of: 0.90, 0.75, 0.50, 0.10.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Tight 0.62 2.64 0.20 0.19 0.51 27.52 4.28 6.44 -1.44 9
Medium-tight 0.79 3.30 0.28 0.24 0.77 22.00 3.22 5.89 -0.44 15
Medium 0.76 4.89 0.45 0.40 0.83 14.15 1.92 3.78 2.50 24
Wide 0.50 3.83 0.33 0.28 0.56 14.15 2.15 4.34 5.66 48
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Table A.4: Risk-Adjusted Performance for FCS Portfolios Based on Broad Investment Styles: Overlap-
ping Sample Periods

This table shows alpha estimates (% per month) from the Fung and Hsieh (2004) seven factor model for
funds with at least $20m in AUM for investment styles: directional traders, multi-process, relative value,
and security selection. Funds are selected into portfolios based on relative alphas from Equations (3.3)
and (3.4). The table also presents the t-statistic of alpha estimated using Newey and West (1987) standard
errors, Sharpe Ratio (SR), Information Ratio (IR), Manipulation-Proof Performance Measure (MPPM),
Maximum Drawdown (MD) (%), Value-at-Risk (VaR) (% per month), Expected Shortfall (ES) (% per
month), adjusted coefficient of determination (R2

ad j ) (%), and the average number funds included in a

portfolio. Portfolios are selected at each December (time t ) based on the FCS approach. That is, at the end
of every year, we apply the FCS approach to funds with positive rolling window estimates of alpha and
positive average relative alphas to identify the set of superior funds. At time t +1 to time t +12 we record
portfolio returns for the funds contained in the superior set of funds from time t . The approach produces
time-series of returns from the period 2002:01-2016:12 corresponding to 180 monthly observations..
Portfolio returns are calculated using equal- or optimal weights. At the end of every December, the equal
weights for every fund i are rebalanced based on information available at time t . In between rebalancing
months, portfolio weights of the individual hedge funds evolve according to their returns. The table
presents results for tight (λ= 0.90), medium-tight (λ= 0.75), medium (λ= 0.50), and wide (λ= 0.10)
portfolio specifications.

alpha t-stat SR IR MPPM MD VaR ES R2
Ad j Av. # funds

Panel A: directional traders

Tight 1.10 4.94 0.43 0.39 1.15 14.10 2.51 5.00 6.96 14
Medium-tight 0.75 4.32 0.41 0.35 0.84 12.97 2.29 4.25 10.64 25
Medium 0.74 4.44 0.40 0.36 0.80 12.97 2.41 3.92 6.54 35
Wide 0.61 3.94 0.38 0.35 0.64 12.97 2.29 3.46 9.03 58

Panel B: multi-process

Tight 0.54 1.47 0.19 0.13 0.53 40.14 5.37 10.77 2.35 7
Medium-tight 0.44 1.22 0.18 0.13 0.42 40.14 4.47 9.94 2.21 11
Medium 0.58 2.28 0.30 0.24 0.70 22.41 2.11 6.29 12.22 18
Wide 0.39 2.49 0.36 0.28 0.55 16.93 1.64 3.76 24.29 36

Panel C: relative value

Tight 0.64 3.42 0.42 0.38 0.67 12.56 2.04 3.69 -1.25 4
Medium-tight 0.48 3.28 0.36 0.32 0.53 12.56 2.44 3.23 1.02 4
Medium 0.47 3.58 0.37 0.33 0.49 12.56 1.72 2.88 0.07 7
Wide 0.47 4.03 0.42 0.38 0.53 8.02 1.42 1.91 7.17 13

Panel D: security selection

Tight 0.19 1.02 0.06 0.07 0.06 40.03 4.97 8.26 4.85 24
Medium-tight 0.20 1.70 0.15 0.10 0.25 22.31 3.10 4.79 5.40 50
Medium 0.34 3.71 0.34 0.26 0.49 10.96 2.33 3.21 21.74 77
Wide 0.24 2.80 0.30 0.21 0.43 17.67 2.74 3.35 47.97 118
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A.4 Inclusion Rate of Hedge Funds in a 60/40 Stock Bond Portfolio

Below we provide a detailed step-by-step description of our FCS approach when we

investigate the inclusion rate of the FCS portfolio in a 60/40 stock bond portfolio.

1. First, we run the FCS algorithm on the full set of funds in our sample to obtain

returns on the equal-weighted portfolio r f cs
t+1 . Results for this portfolio are

presented in Table 3.3.

2. Next, we combine the tight FCS portfolio (r f cs
t+1) with a portfolio consisting of

60% stocks and 40% bonds (0.6r stock
t+1 +0.4r bond

t+1 ). We create 11 augmented port-

folio combinations based on the relation: r aug
t+1 = (1−ω)(0.6r stock

t+1 +0.4r bond
t+1 )+

ωr f cs
t+1 for weights ω= 0,0.1, ...,1.

3. We select among the 11 augmented portfolios based on relative alphas as in

Equation (3.3). As the FCS portfolio consists of a potential combination of

different investment styles, we weight the relative alpha benchmark to take this

into consideration. For example, if the FCS portfolio consists of 25% of every

style at time t the relative alpha benchmark is weighted similarly. We use at

least 36 and at most 60 observations to estimate relative alphas.

4. We also rank the 11 augmented portfolios based on realized utility as in Equa-

tion (3.16). Here, we use at least 36 and at most 60 monthly observations to

estimate (σg r i d
t+1|t+1)2.

5. In a second layer of our hierarchical structure implementation, we run the

FCS algorithm at the end of every December on the 11 augmented portfolio

combinations. We select funds based on either relative alphas or realized utility

for relative risk aversion coefficients of γ= [1,10]′. Results for this experiment

are presented in Table 3.11.
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Abstract

We evaluate the ability of different asset pricing models to explain the flows into VIX

ETPs with long volatility exposure. We find no evidence supporting that investors

consider systematic risk when they evaluate VIX ETP performance. Instead, investors

appear to follow a simple mean reversion strategy, buying (selling) when returns are

negative (positive), coinciding with low (high) levels of the VIX. We provide evidence

that this mean reversion strategy is a very likely explanation for the “low premium

response puzzle” in the VIX premium.
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CHAPTER 4. BETTING ON MEAN REVERSION IN THE VIX? EVIDENCE FROM THE REVEALED

PREFERENCES OF INVESTORS

4.1 Introduction

Since January 2009, volatility as an asset class has been available to all types of

investors via VIX exchange traded products (ETPs). VIX ETPs are designed to provide

either long or inverse exposure to fluctuations in future market volatility. In this

paper, we are interested in products with long volatility exposure. These products are

often promoted as tools for portfolio diversification, as they offer protection against

down markets when volatility is high. However, insurance comes at a cost. The cost is

realized through losses of the constant maturity strategy in VIX futures, which the

products are tracking (see e.g., Christensen, Christiansen and Posselt (2020) on the

structure of VIX ETPs). Several studies have investigated the potential diversification

benefits of long VIX ETPs. In general, they find that the cost of the constant maturity

strategy in VIX futures is too large to be offset during periods of increased market

volatility, where the products tend to increase in value (e.g., Whaley (2013), Alexander,

Korovilas and Kapraun (2016), Bordonado et al. (2017), and Berkowitz and DeLisle

(2018)).

The main contribution of this paper is to provide the first investigation of flows

into VIX ETPs with a long volatility exposure. In the remainder of the paper, we refer to

VIX ETPs with a long volatility exposure simply as VIX ETPs. During the past decade,

VIX ETPs have become very popular. Among the most liquid ETPs is the iPath S&P

VIX Short Term Future ETN (VXX), which has had massive net inflows during its

lifetime. Figure 4.1 depicts the cumulative net inflow and the price of VXX. We see

that despite a severe price deterioration, money has kept flowing into this product.

Over its lifetime, the total cumulative net inflow amounts to $7.6 bn.

The negative flow and price relation from Figure 4.1 raises the obvious question:

why do investors buy VIX ETPs despite the inferior performance? We investigate this

question and provide three main insights. First, by applying panel data regressions, a

sign-test of Berk and van Binsbergen (2016) and an event study around the largest

spikes in the VIX, we find no evidence of VIX ETP investors considering any systematic

risk when they evaluate the performance of these products. Instead, our results

suggest that investors appear to be following a simple mean reversion strategy. That is,

when the price of VIX ETPs decline (increase), investors buy (sell), thereby implicitly

betting on the mean-reverting nature of the VIX (and volatility). Second, we document

that bets on mean reversion in the VIX are amplified in periods where the VIX has a

high speed of mean reversion. Finally, we show that the low VIX premium response

puzzle discovered by Cheng (2019) is likely related to the price impact caused by

investors betting on mean reversion.

To obtain our first two main findings, we rely on methods with origin in the

mutual fund literature, namely a panel regression approach as in Barber et al. (2016)

and a sign test by Berk and van Binsbergen (2016). Both papers study the relation

between mutual fund flows and fund performance, where performance is measured

by abnormal returns (alpha) implied by different asset pricing models. Along with raw



4.1. INTRODUCTION 141

Figure 4.1: Price Development and Cumulative Net Inflow of VXX

Over the lifetime of the product, the value of VXX has been severely eroded, and the issuer has made no
less than five 1-for-4 reverse splits. The depicted price development has been adjusted for these hence the
magnitude of the left-hand y-axis.

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
0

2

4

6

8

10

12

V
X

X
 P

ric
e

104

0

2000

4000

6000

8000

10000

m
m

VXX
Cumulative Net Flow

returns, we consider five different asset pricing models. The alphas for the different

models are individually applied as explanatory variables in regressions that have

the VIX ETP flows or the sign of the flows as the dependent variable. Our starting

hypothesis is that for holding VIX ETPs and thereby incurring negative expected

returns, investors must price the systematic risk of VIX ETPs with some asset pricing

model. The idea behind our hypothesis is that positive updates of alpha are followed

by positive updates of flows. A positive model alpha will imply that VIX ETPs are

cheap relative to their systematic risk exposure, and investors will be inclined to buy

the products. By comparing the ability of different models to predict flows, we can

infer which type of systematic risk is of concern to investors in VIX ETPs. From all

the models we consider, raw returns are the only measure that significantly explains

the flows of VIX ETPs. Thus we find no evidence of investors pricing any systematic

risk in VIX ETPs. Put in another way, investors do not evaluate whether the insurance

that VIX ETPs provide is considered expensive or cheap by the asset pricing models

considered in our study. For raw returns, we find an inverse relation to flows, implying

that VIX ETPs are bought (sold) when returns are negative (positive), which coincides

with low (high) levels of the VIX. This suggests that the investors follow a simple

mean reversion strategy, likely motivated by the mean reverting nature of the VIX

that these products are closely linked to. The inverse relation between flows and

the level of the VIX is further documented in an event study. The event study shows

that large outflows occur in periods right after a significant spike in the VIX. In a

separate analysis, we define the speed-of-mean reversion as the half-life before the
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VIX reaches its long-term mean. We re-estimate our panel model on periods with a

low half-life (high speed of mean reversion) and find that the mean reversion strategy

is amplified during these periods.

To obtain our last finding, we estimate the VIX premium at different horizons.

Given the flow pattern documented in our previous analyzes, we hypothesize that in-

vestor behavior causes issuers to reduce positions in VIX futures when the VIX spikes.

Consequently, this will put downward price pressure on VIX futures, contributing to

the low VIX premium response puzzle documented in Cheng (2019). The relation

between VIX ETP flows and VIX premiums is first studied via a simple OLS regression

where we regress changes in the VIX premium on changes in aggregated dollar-flows.

We find a positive relation between the flows of short-term products and VIX pre-

miums. However, the relation is decreasing on the horizon of the VIX premium. We

investigate this positive relation further by means of quantile regression. We find that

the correlation between flows and VIX premiums is particularly high when the VIX

premium is large in absolute terms. This is further evidence that the low premium

response puzzle can, to some extent at least, be explained by the mean reversion

strategy applied by investors in VIX ETPs.

The prior literature on volatility assets can be divided into three different cate-

gories. The first category includes papers which examine the diversification benefits

of volatility assets in broad investment portfolios. Recent studies such as Bordon-

ado et al. (2017), and Berkowitz and DeLisle (2018) all reject the existence of any

potential diversification benefits of VIX ETPs. Christensen et al. (2020), however, find

that including VIX ETPs in a dynamic asset allocation strategy can have substan-

tial economic value. The second category is concerned with the causality and price

discovery between different markets of volatility assets. In particular, between the

VIX futures market and the spot VIX (e.g., Shu and Zhang (2012), Bollen, O’Neil and

Whaley (2017), and Fernandez-Perez, Frijns, Tourani-Rad and Webb (2019)). The final

category is concerned with the pricing of volatility assets (e.g., Zhang and Zhu (2006),

Zhang and Huang (2010), and Gehricke and Zhang (2018)). None of the previous

studies investigate how investors use volatility assets as investments. We do this by

analyzing the flows of VIX ETPs.

This paper is also related to the literature on variance- and VIX premia. Bollerslev,

Tauchen and Zhou (2009) and Bekaert and Hoerova (2014) calculate the variance risk

premium as the risk-neutral minus physical expectation of the 30-day variance of S&P

500 returns. Both papers find that the variance risk premium positively predicts stock

returns. Closer related to our work, Cheng (2019) defines the VIX premium as the risk-

neutral minus the physical expectation of the future value of the VIX. Interestingly,

both the variance- and VIX premia tend to become negative during periods of elevated

market risk. Negative risk premia suggest that the demand for insurance decreases

around periods of elevated market risk, which seems illogical. The findings in our

study add support to the argument that this puzzle exists because of the systematic
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pricing impact of market participants and are not just due to measurement error.

The paper is organized into three additional sections. Section 4.2 presents sum-

mary statistics of the data that we use. Section 4.3 documents our main empirical

results, and finally, Section 4.4 contains the conclusions.

4.2 Data

We obtain daily prices and total net assets (TNA) on all VIX ETPs from Bloomberg

and daily close levels of the VIX from the Chicago Board Options Exchange. Even

though the first VIX ETPs were issued already in 2009, TNA is not available at a daily

frequency before October 2012. As a consequence, the sample period spans from

October 2012 to February 2019, which corresponds to 1527 days.

In this study, we are interested in the flow patterns of ETPs with a long exposure

towards volatility. We consider both short-term (e.g., VXX) and mid-term products

(e.g., VXZ) and also include products that use leverage (e.g., TVIX). Products with

an inverse exposure towards volatility (e.g., XIV) or an average TNA of less than $15

million are excluded from the sample.1

The dependent variable of interest is daily net flows of VIX ETPs. We follow prior

literature on fund flows (cf. Barber et al. (2016)) and define the daily net flow as the

percentage growth in total net assets unrelated to returns.

Fi t = T N Ai t

T N Ai t−1
− (1+Ri t ). (4.1)

Here Fi t is the daily flow for ETP i at day t , T N Ai t is the total net assets, and Ri t

is the total return. We assume that all flows take place at the end of the day.

The final sample includes six different VIX ETPs. Panel A, Table 4.1, presents

summary statistics of the ETPs in our sample. The average daily flow equals 0.49%,

with a median of 0.11%. The median ETP has $179.65 million (mm) in TNA, while

the average is approximately twice as large ($354.24mm). This suggests that there

is a positive skew in product size. The average age is 5.45 years (median 5.45 years),

and the average yearly expense ratio is 1.08%. Finally, the average spread is 1.22

basis points (bp), with a median of only 0.12 bp. This indicates that there are large

differences in liquidity across products.

In this study, we are interested in the relation between VIX ETP flows and perfor-

mance implied by different asset pricing models. By examining a set of candidate

models, we can infer the risk model which is closest to the model that investors use

in making their investment decision. In addition to raw returns, we estimate risk-

adjusted returns (alpha) for five different asset pricing models. We consider the CAPM

(Sharpe (1964) and Lintner (1965)), the downside CAPM (Hogan and Warren (1974)

1See Appendix A.1 for a list of the VIX ETPs that we include in our sample.
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Table 4.1: Summary Statistics

This table presents summary statistics of characteristics, betas, and performance for the six ETPs in our
sample across 8001 ETP-day observations in the period October 2012 to February 2019. The data include
only VIX ETPs with direct exposure to the VIX futures. β̂ is CAPM beta and β̂− is downside CAPM beta.
β̂mkt , β̂mom , β̂smb , and β̂hml are factor betas from the Fama-French-Carhart 4F model. β̂cosk is the load
on the second factor from the coskewness CAPM model. Note that beta and performance estimates are
stated using daily values.

Panel A: VIX ETP Characteristics

Mean Std. Dev Median
Daily Flow (%) 0.49 6.26 0.11
Size ($mm) 354.24 405.08 179.65
Age (years) 5.45 2.09 5.45
Expense Ratio (%) 1.08 0.33 0.89
Spread (bp) 1.22 5.92 0.12

Panel B: VIX ETP Betas

Mean Std. Dev Median
β̂ -4.60 2.99 -3.85
β̂− -5.51 4.04 -4.48
β̂mkt -4.67 3.08 -3.81
β̂mom -0.40 0.76 -0.29
β̂smb 0.35 0.81 0.22
β̂hml -0.22 1.17 -0.19
β̂cosk 53.71 94.82 29.93

Panel C: VIX ETP Performance Measures

Mean Std. Dev Median
r r aw -0.21% 1.46% -0.29%
α̂capm -0.01% 0.80% -0.05%
α̂downsi de 0.05% 0.90% 0.00%
α̂3F -0.03% 0.78% -0.06%
α̂4F -0.02% 0.77% -0.05%
α̂cosk -0.31% 0.78% -0.22%
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and Bawa and Lindenberg (1977)), the coskewness CAPM (Harvey and Siddique

(2000), Mitton and Vorkink (2007), and Christoffersen et al. (2019)), the three-factor

(3F) model (Fama and French (1993)), and the four-factor (4F) model (Carhart (1997)).

We estimate beta from the downside CAPM only for observations where the excess

market return is below zero. Further, we follow Harvey and Siddique (2000), Mitton

and Vorkink (2007), and Christoffersen et al. (2019), and measure coskewness beta

with respect to squared market excess returns. We estimate alphas over the most

recent 11 days (half a month) by subtracting the benchmark adjusted returns from

the excess returns of the ETPs:

α̂M ,i t = 1

11

t∑
j=t−10

(ri j −
N∑

n=1
β̂M ,n,i t × fn, j ). (4.2)

Here M is the asset pricing model, N is the number of factors, ri j is the return of

ETP i on day j in excess of the daily 1-month T-bill rate, fn, j is a risk factor, and β̂M ,n,i t

is an estimated beta for a risk factor in model M . We obtain daily factor returns from

Kenneth French’s webpage.2 For all asset pricing models, we estimate betas using a

rolling window of 60 days. Finally, for the raw return measure (r r aw ), we calculate

the 11-days average of the returns not subtracting the risk-free rate.

In Panel B of Table 4.1, we present summary statistics of the estimated VIX ETP

betas. For the CAPM, the betas (β̂) are on average negative, -4.60. This illustrates the

very negative correlation that VIX ETPs have with equities. Given the negative CAPM

betas, we expect the VIX ETPs to have negative returns. The estimated downside

betas (β̂−) are, on average, even more negative, -5.51. This implies that the negative

correlation becomes even stronger in down markets. For the 4F model, we find that

the VIX ETPs on average load negatively, -0.40, on the momentum factor (β̂mom). This

is not surprising since products that most of the time have negative returns are the

exact opposite of assets having momentum. Harvey and Siddique (2000) find that

the size factor, to some extent, proxies for conditional skewness. Notably, we find

that the load on the size factor (β̂smb) is, on average positive, 0.35. This can relate to

positive coskewness between VIX ETPs and the market portfolio, as the returns of VIX

ETPs are, in general, positively skewed (e.g., Christensen et al. (2020)). The positive

coskewness is also confirmed via the coskewness CAPM, where the load on squared

excess market returns (βcosk ) on average equals 53.71.

Panel C of Table 4.1 provides summary statistics for the performance of the VIX

ETPs. The average daily raw return measure is -0.21%, while the median return is

-0.29%. This reflects the positive skewness in the return distribution of these products.

Similarly, the average daily alpha for the coskewness CAPM is negative, -0.31%. For

the CAPM, 3F and 4F models, the average daily alpha is much less negative, although

2https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
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still significant, -0.01%, -0.03%, and -0.02%, respectively. For the downside CAPM,

the daily alpha becomes positive, 0.05%.

Table 4.2 presents a correlation matrix between return measures from our differ-

ent asset pricing models. We find that raw returns are modestly correlated with alphas

from the five asset pricing models. The two lowest correlation coefficients are be-

tween raw returns and downside alpha (0.24), and raw returns and coskewness alpha

(0.32). We find the largest correlation coefficient between the 3F and the 4F alphas.

This implies that the momentum factor is likely to be redundant in explaining the

excess returns of VIX ETPs. In general, the alphas from the CAPM, the 3F model, the

4F model, and the downside CAPM are all highly correlated, whereas the coskewness

CAPM alphas have lower correlation coefficients with the other model alphas.

Table 4.2: Correlations of Performance Measures

This table shows the correlation coefficients between performance measures from raw returns, CAPM,
downside CAPM, Fama-French 3F model, Fama-French-Carhart 4F model, and coskewness CAPM .

r r aw α̂capm α̂downsi de α̂3F α̂4F α̂cosk

r r aw 1.00 0.52 0.24 0.55 0.56 0.32
α̂capm 0.52 1.00 0.93 0.97 0.95 0.79
α̂downsi de 0.24 0.93 1.00 0.88 0.86 0.75
α̂3F 0.55 0.97 0.88 1.00 0.99 0.76
α̂4F 0.56 0.95 0.86 0.99 1.00 0.75
α̂cosk 0.32 0.79 0.75 0.76 0.75 1.00

4.3 Empirical Results

This section presents our empirical results. First, we investigate the flow-performance

relation for the six performance measures. Second, we show the flow dynamics

around extreme VIX events. Third, we relate the flow-performance relation to the

speed of mean-reversion in the level of the VIX. Fourth, we provide some considera-

tions about the VIX ETP investor base. Finally, we examine the relationship between

flows and the VIX premium.

4.3.1 Panel Regression

As a first step in examining the relationship between performance and flows of VIX

ETPs, we follow Barber et al. (2016) and estimate a panel data model of the form:

Fi t = a +b × α̂M ,i t−1 + c ×Xi t−1 +µt +ui t , (4.3)
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where Fi t is the daily ETP flow estimated via Equation (4.1), α̂M ,i t−1 is the alpha

estimated from model M by Equation (4.2), and Xi t−1 is a vector of control variables.

As continuous controls, we include the lagged ETP flow from day t-1, the log of ETP

TNA on day t-1, the log of ETP age on day t-1, and the day t-1 ETP bid-ask spread

in basis points.3 Additionally, we include two dummy variables. The first dummy,

“Leverage,” takes a value of 1 if the ETP is leveraged and zero otherwise. The second

dummy, “Strategy,” takes a value of 1 if the product is short-term (tracks short-term

futures) and 0 if it is mid-term (tracks mid-term futures).4 Finally, we include time

fixed effects (µt ). We calculate t-statistics using robust standard errors by double

clustering by product and day.

Table 4.3 reports the results of the panel regression from Equation (4.3). Columns

(1)-(6) present results for the raw return measure, the CAPM, downside CAPM, 3F

model, 4F model, and the coskewness CAPM, respectively. We find significant flow-

performance relations for the raw return measure and the downside CAPM, although

the downside CAPM estimate is only significant at a 10% level. For the raw return

measure, we find that a 1% increase in raw returns leads to a future flow of -0.83%.

This means that investors, on average, buy (sell) VIX ETPs when they have negative

(positive) returns.

To explain the inverse flow-performance relation, consider Figure 4.2 which plots

the level of the VIX over our sample period. We see that low levels of the VIX are

eventually followed by sudden spikes, which tend to reverse quickly.5 VIX ETPs are

by design closely linked to the VIX, providing exposure to spikes in the VIX. Thus,

the inverse relation could suggest that investors follow a reversal strategy, buying in

expectation of future increases in the VIX and selling because of an expected reversal.

Thus, investors incorporate the typical mean reversion pattern in the VIX in how they

trade VIX ETPs.

For the downside CAPM, an increase in alpha of 1% leads to a 0.49% increase

in future flows. The ability of this model to produce a positive flow-performance

relation is intuitively appealing. This is the case since the downside CAPM suggests

that investors are concerned with systematic risk when the market is in a downturn.

VIX ETPs typically produce positive returns when the market return is negative,

which suggests that the downside CAPM captures the insurance-like payoff of the

VIX ETPs. Hence, it seems plausible that investors are evaluating VIX ETPs using

downside CAPM by buying VIX ETPs when they offer cheap protection against market

downturns, as implied by a positive alpha.

Among the included control variables, we find that “Log Age,” “Leverage,” and

“Strategy” are significantly positive. This implies that flows are larger in older, short-

3In the mutual fund literature it is common to include front-end or back-end load fees as transaction
costs (cf. Barber et al. (2016)). VIX ETPs trade like regular stocks and do not have load fees. To proxy for
transaction costs in the ETPs we include the bid-ask spread measured in basis points.

4See Appendix A.1 for an overview of leveraged and short- and mid-term VIX ETPs.
5See Whaley (2009) for a description of the mean-reverting nature of the VIX



148

CHAPTER 4. BETTING ON MEAN REVERSION IN THE VIX? EVIDENCE FROM THE REVEALED

PREFERENCES OF INVESTORS

term, and leveraged products. Further, we find that “Log Size” is significantly negative.

This suggests that larger ETPs receive relatively fewer flows.

Figure 4.2: The VIX

This figure shows the level of the VIX during our sample period.
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The results from Table 4.3 are suggestive of two effects in opposite directions. First,

if we evaluate flows with raw returns, we find that investors seem to apply a reversal

strategy in their application of VIX ETPs. Second, if we evaluate flows with downside

CAPM alphas, we find that investors buy insurance against down markets when

insurance is considered cheap. In the next Subsection 4.3.2, we investigate whether

any of these effects dominate empirically by applying the sign-test developed in Berk

and van Binsbergen (2016).

4.3.2 Sign Test

Berk and van Binsbergen (2016) develop a sign-test to explain flows of mutual funds.

The test relates the sign of a flow to the sign of a performance measure from an asset

pricing model. Updates of fund manager skills are signaled through alpha from an

asset pricing model. Intuitively, positive updates of alpha lead to positive flows, and

vice versa. The frequency with which positive (negative) alphas generate inflows

(outflows) provides a ranking of competing asset pricing models. The model with

the highest frequency is the model that best explains flows. Below we provide a

description of our implementation of the test.

Let φ(·) be a function that returns the sign of a real number, taking the value 1 for

a positive number, -1 for a negative number, and 0 for zero. For every asset pricing
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Table 4.3: Product Flow-Performance Regression

This table presents the results for the panel regression as in Equation (4.3). The dependent variable is daily
percentage VIX ETP flow. Performance measures are the average daily raw return or risk-adjusted returns
from the CAPM, downside CAPM, 3F model, 4F model, and coskewness CAPM over the last 11 days
calculated as in Equation (4.2). Control variables are the lagged ETP flow, log of ETP size in million dollars,
log of ETP age in days, the ETP spread measured in basis points, Strategy dummy, and Leverage dummy.
All regressions include day fixed effects. T-statistics in parenthesis are calculated with double clustered
standard errors by product and day. ***, ** and * represent significance at 1%, 5% and 10% respectively.

(1) (2) (3) (4) (5) (6)

r r aw -0.830***
(-3.157)

α̂capm 0.139
(0.476)

α̂Downsi de 0.490*
(1.924)

α̂3F 0.077
(0.252)

α̂4F 0.029
(0.096)

α̂cosk -0.071
(-0.297)

Lagged Flow
0.058*
(1.645)

0.071*
(1.736)

0.070*
(1.737

0.071*
(1.734)

0.071*
(1.733)

0.071*
(1.733)

Log Size
-0.005**
(-1.969)

-0.005**
(-2.299)

-0.005**
(-2.329)

-0.005**
(-2.290)

-0.005**
(-2.282)

-0.005**
(-2.268)

Log Age
0.010*
(1.797)

0.010**
(2.108)

0.010**
(2.156)

0.010**
(2.081)

0.010**
(2.077)

0.010**
(2.032)

Spread BP
-0.000

(-0.761)
-0.000

(-0.871)
-0.000

(-0.802)
-0.000

(-0.890)
-0.000

(-0.905)
-0.000

(-1.122)

Leverage
0.007*
(1.813)

0.008**
(2.211)

0.008**
(2.271)

0.008**
(2.176)

0.008**
(2.173)

0.008**
(1.978)

Strategy
0.012**
(2.009)

0.013**
(2.378)

0.013**
(2.337)

0.013**
(2.375)

0.013***
(2.371)

0.013**
(2.344)

Time FE Yes Yes Yes Yes Yes Yes
Observations 8001 8001 8001 8001 8001 8001
R2

wi thi n (%) 2.62 1.25 1.44 1.24 1.24 1.24
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model, we regress the signs of ETP flows on the signs of alpha from an asset pricing

model and obtain the coefficient BFα, given by:

BFα = cov(φ(Fi t ),φ(α̂M ,i t−1))

var (φ(α̂M ,i t−1))
, (4.4)

where M refers to the asset pricing model. To avoid look-ahead bias, we use lagged

alphas and contemporary flows as in Agarwal, Green and Ren (2018). From Equation

(4.4), we calculate the average probability of future flows being positive (negative)

conditional on past alphas being positive (negative) as (1+BFα)/2. If future flows and

past alphas are unrelated, then BFα = 0, and the average probability becomes 50%. As

a consequence, this means that an average probability below (above) 50% indicates

that negative (positive) updates of performance predicts positive updates of flows.

In order to compare models M and K , we use the following regression:

φ(Fi t ) = γ0 +γ1 ×
(

φ(α̂M ,i t−1)

var (φ(α̂M ,i t−1))
− φ(α̂K ,i t−1)

var (φ(α̂K ,i t−1))

)
+ζi t . (4.5)

Here γ1 < 0 implies that model M is better than model K in predicting ETP flows.

This statement is conditional on the hypothesis that there is a negative relation

between flows and performance. For the regressions in Equation (4.4) and Equation

(4.5), we calculate t-statistics with robust standard errors by double clustering by ETP

and day.

Table 4.4 presents results from Equations (4.4) and (4.5). The first column presents

estimates of BFα. For all models, the coefficient is negative. That is, negative perfor-

mance predicts inflows across all models, and vice versa. This confirms the inverse

flow-performance relationship we also found for raw returns in Subsection 4.3.1.

The second column presents the average probability of the flows being positive

(negative) conditional on past performance being positive (negative) for each asset

pricing model. We find that the raw return measure has the lowest average probability,

43.93%, to predict future positive flows conditional on positive past returns. This is

equivalent to an average probability of 56.07% to predict positive flows conditional

on negative past returns. This is the highest average probability of predicting the

sign of flows. In addition, we cannot reject that (1+BFα )/2 is different from 50% for

the downside CAPM and the coskewness CAPM, which suggests that these models

have no predictive power. In the last five columns, we provide pairwise comparisons

of the asset pricing models with estimates of γ1 from Equation (4.5). Since BFα is

negative for all models, this pairwise comparison is a test of which model is best

at predicting an inverse flow-performance relationship. Comparing the raw return

measure against all of the asset pricing models yield γ1-estimates, which at a 5%

significance level are rejected to equal zero. That is, in the individual comparisons,

the raw return measure significantly outperforms the other models in predicting the

sign of future flows.
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Table 4.4: Sign-Test

This table provides the results for the sign-test as in Berk and van Binsbergen (2016). B̂Fα is the coefficient
estimate from regressing the signs of daily flows on the signs of daily performance over the past 11 days as
in Equation (4.4). The percentage of signed flows explained by signed performance is obtained as
(1+B̂Fα)/2. Tests for pairwise comparisons of models as in Equation (4.5) are provided in the last five
columns. T-statistics given in parenthesis are calculated with double-clustered standard errors by product
and day. *** and ** represent significance levels of 1% and 5%, respectively.

Model B̂Fα % Flow explained CAPM Downside CAPM 3F 4F Coskewness

Raw return
-0.122***
(-2.919)

43.93%
-0.065**
(-2.066)

-0.074**
(-2.608)

-0.065**
(-1.988)

-0.075**
(-2.380)

-0.062**
(-2.474)

CAPM
-0.038***
(-2.974)

48.08%
-0.087***
(-4.008)

0.015
(0.672)

-0.021
(-0.947)

-0.021
(-0.972)

Downside CAPM
-0.007

(-0.489)
49.64%

0.069***
(3.079)

0.043
(1.948)

0.018
(0.768)

3F
-0.039***
(-3.417)

47.85%
-0.087***
(-3.172)

-0.025
(-1.474)

4F
-0.031**
(-2.433)

48.45%
-0.009

(-0.552)

Coskewness
-0.023

(-1.362)
48.84%

The results from the sign-test confirm the inverse relation between raw returns

and flows. Further, the positive relation between downside CAPM alphas and flows is

not supported by the sign-test. Given the asset pricing models that we consider in this

study, our results suggest that trading in VIX ETPs is driven by a reversal expectation,

rather than whether the products, and the insurance they offer, is cheap relative to

their systematic risk exposure.

4.3.3 Event Study

To further illuminate how changes in the VIX impact flows, we conduct an event study.

The results from Subsections 4.3.1 and 4.3.2 reveal an inverse relationship between

flows and returns of VIX ETPs. The returns are in general negative whenever the

VIX futures term structure is upward sloping, which is the case when stock markets

are calm and the VIX is low. Thus, investors, on average, buy (sell) VIX ETPs at low

(high) VIX levels. VIX ETPs typically have their largest return on the day of a spike in

the VIX. However, as the futures term structure tends to stay in backwardation for

several days after a spike, the returns will most often remain positive for the days

following the spike. Paradoxically, this is the period where investors sell their position.

As a motivating example, consider the VIX spike, which occurred on August 24, 2015

(“Black Monday” on the Chinese stock market). On this day, VXX, the largest product,

had a return of 17.7%. Over the following six days, the total outflows amounted to $719

mm, despite an average daily return of 4.2%. This event study investigates whether
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this is a general pattern around large spikes in the VIX.

We define spikes in the VIX as our event. Specifically, we define an event as a

relative change of the VIX above its 95th percentile over the entire sample period.

This gives us 78 event days in the sample period. We consider an event window of -21

to +21 days relative to the VIX spike at day 0 (event day). For each day in the event

window, we calculate dollar-flows for the VIX ETPs as:

DFi t = T N Ai t − (1+Ri t )×T N Ai t−1. (4.6)

For each day, t , in the event window, we aggregate the dollar-flows over the

different ETPs as:

Ag g DFt =
N∑

i=1
DFi t . (4.7)

Finally, we obtain the day t cumulative aggregate dollar-flows as:

Cum Ag g DFt =
t∑

τ=1
Ag g DFτ. (4.8)

Figure 4.3 plots the average of Cum Ag g DF and the average level of the VIX across

the 78 different events. From day -21 until day -11 there is a small upward trend in

cumulative flows, where the level of the VIX is low. At day -10 until the event day,

the VIX is slightly increasing, and the cumulative flows fluctuate around a fixed level.

This indicates that the direction of cumulative investor flows becomes ambiguous

as uncertainty increases. After day 0, the event day, the cumulative flows become

negative. The downward trend for flows is strongest for the first four days after the

event and diminishes at day +8. In the remaining days of our event study, cumulative

flows trend upwards. This aggregate trading pattern suggests that investors sell at

elevated levels of the VIX. Then as the VIX stabilizes at lower levels, investors start to

buy VIX ETPs again.

Table 4.5 reports the cumulative flows with corresponding t-statistics from Equa-

tion (4.8). For the days -20 to -11, most of the cumulative flows are significantly

positive. As we get closer to the event day, the VIX increases, and the cumulative flows

become statistically insignificant from zero. After the event day, cumulative flows

are, on average, negative. From day +3 to +9, the cumulative flows are significantly

negative, which implies that there are massive outflows in the days following a spike

in the VIX. From day +10 and onward, the cumulative flows are no longer signifi-

cantly below zero, which indicates that investors start to buy the VIX ETPs again as

the VIX stabilizes at lower levels. Thus, outflows of VIX ETPs appear in large chunks

after increases in the VIX. Inflows, on the other hand, occur continuously in lower
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Table 4.5: Event Study

This table provides the results for the event study. The first column represents each day, t , in the event
window. The second column shows the average cumulative flows. The third column shows the t-statistics
of the cumulative flows. The fourth column shows the average value of the VIX index at each day in the
event window.

t CumAggDF t-stat VIX level

-21 5.60 0.651 14.21
-20 28.04 2.076 14.30
-19 28.93 1.770 14.31
-18 42.06 2.081 14.28
-17 50.85 2.127 14.50
-16 49.10 1.775 14.51
-15 69.77 2.262 14.69
-14 72.45 2.348 14.62
-13 66.15 2.159 14.78
-12 59.13 1.755 14.91
-11 65.38 1.843 14.74
-10 60.65 1.555 14.92

-9 46.31 1.083 14.90
-8 53.57 1.192 14.81
-7 63.97 1.440 14.73
-6 71.30 1.548 14.99
-5 47.32 0.970 14.96
-4 54.88 1.107 15.08
-3 76.45 1.459 15.48
-2 67.66 1.267 15.81
-1 49.57 0.912 15.86
0 64.09 1.095 19.59
1 21.23 0.358 19.30
2 -53.92 -0.912 18.89
3 -125.66 -2.105 18.57
4 -159.50 -2.658 18.16
5 -160.35 -2.598 17.92
6 -177.15 -2.762 17.70
7 -189.35 -2.872 17.24
8 -197.00 -2.841 16.83
9 -183.11 -2.493 16.56

10 -148.01 -1.921 16.48
11 -142.00 -1.867 16.49
12 -128.26 -1.668 16.22
13 -127.22 -1.677 16.23
14 -96.53 -1.213 16.46
15 -101.57 -1.279 16.09
16 -99.72 -1.268 16.05
17 -97.11 -1.196 16.34
18 -77.63 -0.946 16.29
19 -68.36 -0.819 16.25
20 -61.15 -0.710 16.26
21 -55.31 -0.637 16.03
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Figure 4.3: Event Study

This figure depicts the average cumulative flows (left-hand y-axis) and the average level of the VIX index
(right-hand y-axis) over the event window.
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magnitudes at low levels of the VIX. This flow pattern indicate that investors expect a

reversal in the VIX, following a large increase.

The panel-regressions in Subsection 4.3.1 indicate that there are differences in

the flow-performance relationship across different product types. Therefore, we also

perform separate event studies for each of the following product types: short-term,

mid-term, leveraged, and un-leveraged. First, Figure 4.4a depicts the event study

for short-term products. Our sample contains two leveraged products, and as both

are short-term, we exclude them from the short-term group. We see that the pattern

in flows is similar to the one in our initial event study, although there is no clear

upward trend prior to the spike. After the event day, there are massive outflows, which

decrease in magnitude as the VIX stabilizes at a lower plateau. After the stabilization

of the VIX, outflows are eventually replaced by inflows. Second, Figure 4.4b focuses on

mid-term products. For mid-term products, we see a noisy pattern in flows across our

event window. In the days leading up to the spike, there is an upward trend in flows,

although small in magnitude in terms of dollars. After the spike, we see further inflows,

which are then followed by outflows. The event study for the mid-term products is
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the only case where cumulative flows are higher in the days right after the spike than

the days just before the spike. However, if we look at the magnitude of cumulative

dollar-flows, we see that they are much more modest for mid-term products than

for short-term products. This is consistent with the significantly positive variable

“Strategy” in the panel regressions in Subsection 4.3.1, where we find that short-term

products obtain higher flows. Third, Figure 4.4c depicts the evolution of flows for

leveraged products. There is a positive trend in flows prior to the spike, whereas

subsequent to the spike, there are large outflows for the first three days. The outflows

then decrease in magnitude, and from day +7, there is a strong upward trend in

cumulative flows. The reversal in flows, as the VIX stabilizes at lower levels, is also

present for un-leveraged products, as seen in Figure 4.4d, although the reversal effect

is much larger for leveraged products. This suggests that bets on mean reversion are

more pronounced in leveraged products.

Figure 4.4: Event Study: Split on Different Products
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(a) Short-Term Products
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(b) Mid-Term Products
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(c) Leveraged Products
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(d) Unleveraged Products
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4.3.4 Speed of Mean Reversion

Persistence in the VIX varies trough time. From Figure 4.2, we see that there are

periods where the reversion towards lower levels after spikes happens faster. We

hypothesize that investors in VIX ETPs increasingly bet on mean reversion in periods

where the speed of mean reversion is high. That is, in periods with a high speed

of mean reversion, we expect the negative relation between flows and raw returns

to be amplified. We quantify the speed of mean reversion in the VIX by its half-life.

Specifically, we define the half-life of the VIX as the expected number of days it takes

for the VIX to reduce half of the distance to its long-run mean. In order to quantify

the speed of mean reversion, we assume that the stochastic process of the level of the

VIX follows a mean-reverting Ornstein-Uhlenbeck (OU) process:

dVIXt = κ(VIXLR −VIXt )d t +σdWt . (4.9)

Here, κ > 0 is the speed of reversion for the OU process, VIXLR is the long-run

mean of the VIX, VIXt is the current value of the VIX, σ > 0 is the instantaneous

volatility, and Wt is a Brownian motion. The model in Equation (4.9) is also known

as the Vasicek (1977) model. The process in Equation (4.9) is mean-reverting since

negative deviations ((VIXLR −VIXt ) > 0) from the long-run mean on average leads to

upward revisions in the VIX, and vice versa.

In order to operationalize the process in Equation(4.9), we discretize it to an AR(1)

process.

VIXt = c +φVIXt−1 +bεt , |φ| < 1. (4.10)

For c = κVIXLR∆t , φ = (1−κ∆t), b = σ
p
∆t , and ε ∼ N(0,1), we get the Euler-

Maruyama discretization of the OU process in Equation (4.10). Weak stationarity

implies that E[VIXt ] =µ= c/(1−φ) for all values of t . This allows us to define devia-

tions from the stationary mean as:

V̂IXt =φV̂IXt−1 +ut , (4.11)

where, V̂IXt = VIXt −µ is the deviation from the long-run mean of the VIX. In

order to calculate the expected number of days it takes for the VIX to reduce half of

the distance to its long-run mean, we solve for k in the following expectation:

E[V̂IXt+k ] = 0.5V̂IXt ,

⇔φk V̂IXt = 0.5V̂IXt ,

⇔ k =− ln(2)

ln|φ| . (4.12)
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Here, the expectation, E[V̂IXt+k ], is obtained via recursive substitution. To esti-

mate the half-life, k, we use a rolling window of data comprising the latest two years

of data (2*252 days). Further, we use an ln-transformation of the VIX. The time-series

dynamics of the half-life of the VIX is presented in Figure 4.5.

Figure 4.5: Half-Life of the VIX

This figure shows the expected number of days, k, it takes for the VIX to reduce half of the distance to its
long-run mean as defined in Equation (4.12). Grey areas correspond to the lower quartile of days where
the speed of mean reversion is high.
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In Subsections 4.3.1-4.3.2, we find that VIX ETP investors apply a mean reversion

strategy, with no evidence of adjusting for systematic risks. Therefore, when we

condition on the speed of mean reversion, we only report the flow-performance

relation for the raw return measure. In Panel A of Table 4.6, we run the regression

from Equation (4.3) for dates where the half-life of the VIX is below its 25th percentile.

That is the days where the speed of mean reversion is high. We find that a 1% increase

in r r aw leads to a 1.41% decrease in future flows. In Panel B, when the half-life of

the VIX is above or equal to its 25th percentile, and the speed of mean reversion is

low, we find that a 1% increase in r r aw leads to a 0.71% decrease in future flows. In

Panel C, we test whether the difference in the flow-performance relation is significant

between periods with high and low speeds of mean reversion. We perform the test
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by including an interaction variable between r r aw and a dummy that takes on the

value 1 for dates where the half-life is below its 25th percentile. We find that the

coefficient on the interaction variable is highly significant, with a t-statistic of -3.51.

Thus, investors seem to apply mean reversion trading to a larger degree when the

speed of mean reversion in the VIX is high.

4.3.5 Considerations on the VIX ETP investor base

This section provides a few considerations about the VIX ETP investor base. We do not

have access to holding data for individual VIX ETP investors, and as a consequence,

we cannot directly infer who the buyers and sellers of VIX ETPs are.

First, we relate our empirical findings to the growing literature that examines

trading behavior of individual investors. In this branch of the literature, there is

widespread agreement that individual investors tend to be contrarian. To mention a

few, Goetzmann and Massa (2002) examine investors who invest in an index fund.

They find that contrarians outnumber momentum traders two to one. Griffin, Harris

and Topaloglu (2003) document a short-horizon contrarian tendency of traders

who submit orders in Nasdaq stocks through a set of retail brokers. Finally, using a

constructed data set from NYSE’s Consolidated Equity Audit Trail Data, Kaniel, Saar

and Titman (2008) find that the average market-adjusted return in the 20 days prior

to a week of intense selling by individual investors is 3.15%, while that prior to a week

of intense buying is -2.47%. The mean reversion strategy, which our results indicate

that VIX ETP investors follow, is a contrarian strategy. It implies buying assets with

negative returns and selling assets right after spikes in returns. Hence, in relation

to the literature on individual behavior it seems likely that VIX ETPs attract many

investors in the retail segment.

Second, an interesting observation is that VIX ETPs often trade at a premium or

discount relative to their net asset value (NAV). Figure 4.6 plots the Price-to-NAV

ratio for VXX over our sample period. The existence of the premiums and discounts

relates to the fact that VXX, like most VIX ETPs, is an exchange traded note (ETN) and

not an exchange traded fund (ETF). Shares in ETNs are created by the issuer and not

via authorized participants (AP), who in the case of ETFs will arbitrage away price

deviations from the NAV.6 The pattern in Figure 4.6 is representative for all the ETNs

in our sample.

To show the effect of VIX ETPs trading at a premium or a discount, we augment the

regression from Equation (4.3) with the lagged Price-to-NAV ratio from day t −1. The

output is provided in Table 4.7. The regression coefficient for the lagged Price-to-NAV

ratio is positive (0.759), which means that the higher (lower) the premium (discount),

the more inflows (outflows) to the VIX ETPs. This means that, on average, investors

6For example, if an ETF trades at a premium relative to the NAV the AP buys the underlying VIX futures,
deliver these to the sponsor (e.g. Barclays) and in return receive a block of equally valued shares in the ETF,
which is subsequently sold in the market by the AP who earns the premium (minus trading costs).
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Table 4.6: Speed of Mean Reversion

This table shows the results from the panel regression as in Equation (4.3), where we have divided the
sample into periods with high and low speeds of mean reversion, respectively. We define periods of high
mean reversion as days where the VIX half-life is in the lower 25 percentile. Panel A presents the results for
the period where the speed of mean reversion is high, and Panel B shows the results for the period where
the speed of mean reversion is low. Panel C shows the results, where we have augmented the regression
with an interaction term between the raw returns and a dummy, which is one if the speed of mean
reversion is high. T-statistics given in parentheses are calculated with double-clustered standard errors by
product and day. *** represents significance at 1%.

(1)

Panel A: High speed of mean reversion

r r aw -1.414***
(-5.472)

Controls Yes
Time FE Yes
Observations 1851
R2

wi thi n(%) 5.71

Panel B: Low speed of mean reversion

r r aw -0.711***
(-2.960)

Controls Yes
Time FE Yes
Observations 6150
R2

wi thi n(%) 2.19

Panel C: Entire period

r r aw -0.717***
(-2.772)

r r aw× Speed of mean reversion
-0.675***
(-3.511)

Controls Yes
Time FE Yes
Observations 8001
R2

wi thi n(%) 2.76
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Figure 4.6: Price-to-NAV ratio for VXX

This figure shows the Price-To-NAV for VXX over our sample period.
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buy (sell) an instrument that is expensive (cheap) relative to the underlying assets.

The result indicates that investors in VIX ETPs lack a fundamental understanding of

the instruments, which is suggestive of a large retail share of the investor base.7

4.3.6 Flows and the VIX Premium Puzzle

Cheng (2019) defines the VIX premium at time t with horizon T − t as:

V I X P T
t ≡ EQ

t [V I XT ]−E P
t [V I XT ]. (4.13)

The VIX premium can be interpreted as the expected dollar loss for a long VIX

futures contract position with $1 notional value held through the futures expiration

date T .

7Another recent example of retail investors buying into futures based ETPs is the case of the United
States Oil Fund (USO) ETF. When the price of oil futures became negative in April, 2020, retail investors
bought large positions in this ETF, apparently, unaware of the steep contango in the oil futures market
which made a long position very expensive. See: https://www.bloomberg.com/news/articles/2020-04-
22/robinhood-traders-kept-flooding-into-biggest-oil-etf-during-rout.

https://www.bloomberg.com/news/articles/2020-04-22/robinhood-traders-kept-flooding-into-biggest-oil-etf-during-rout
https://www.bloomberg.com/news/articles/2020-04-22/robinhood-traders-kept-flooding-into-biggest-oil-etf-during-rout
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Table 4.7: Price-To-NAV

This table shows the results from the panel regression as in Equation (4.3), augmented with lagged
Price-To-NAV, as explanatory variable. T-statistics given in parentheses are calculated with
double-clustered standard errors by product and day. *** represents significance at 1%.

(1)

r r aw -0.611***
(-2.594)

Price-To-NAV
0.759***
(3.426)

Controls Yes
Time FE Yes
Observations 8001
R2

wi thi n(%) 4.14

Cheng (2019) estimates the daily time series of VIX premiums from Equation

(4.13) associated with an investment strategy that rolls the front-month futures con-

tract each month. He discovers a negative or flat relation between changes in the

VIX premium and changes in various risk measures (e.g., realized volatility, the VIX,

and SPX Skew), which he names the “low premium response” puzzle. Hence, when

risk increases initially, the VIX premium tends to decrease or stay flat before increas-

ing later. Cheng (2019) further documents that the VIX premium falls because the

expected value of the future VIX under the physical measure increases more than

under the risk-neutral measure (the forecast increases more than the futures price).

Cheng (2019) also finds that this low premium response is tradable. A short investor

who sees her estimated premiums falling can close her position and sidestep ex-post

low-profit high-risk situations. In addition, Cheng (2019) considers several different

forecast models and finds that the low premium-response puzzle is not unique to an

ARMA VIX forecast model.

The findings in Cheng (2019) suggest that during periods of high risk, the VIX

futures prices contain little information about the future levels of the VIX. Brøgger

(2019) shows that the hedging demand of ETPs can be decomposed into two sources,

which are re-balancing due to changes in the underlying futures index (only relevant

for leveraged products) and changes in capital flow. Thus, large capital outflows

decrease the hedging requirement for the issuer of the ETP, who will reduce the

position in VIX futures. This reduction in the issuer’s position will, all else equal, put

downward pressure on the futures prices. Cheng (2019) documents that an increase

in risk tends to lead to reductions in long futures positions by dealers, who may be
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hedging positions for customers such as the issuers of VIX ETPs.8 Trying to connect

the dots, we find that when risk is high (high VIX levels), there tend to be large outflows

from VIX ETPs. Hence, the mean reversion strategy that investors in VIX ETPs apply is

a very likely explanation for at least some part of the low premium-response puzzle.

To illustrate our hypothesis, consider the following example: The VIX spikes which

makes investors in VIX ETPs sell their position in expectation of a reversal in the VIX

toward a future lower level. As a consequence, the issuers of VIX ETPs reduce their

positions in VIX futures, which puts downward pressure on prices. This means that

the expected future VIX increases less under the risk-neutral measure than under the

physical measure, making the VIX premium, as defined by Equation (4.13), negative.

To explore our hypothesis, we first estimate VIX premiums at different horizons

(one-month to seven-month). We follow the same procedure as Cheng (2019) and

estimate E P
t [V I XT ] with an ARMA(2,2) model, and EQ

t [V I XT ] we obtain as the price

of a futures contract, which is rolled over on the last trading day of a month.9 For

our time T forecast of E P
t [V I XT ], we estimate the ARMA(2,2) model using all data

(daily VIX close from 1990) through date t . Figure 4.7 plots our estimates of the one-

month, four-month, and seven-month VIX premium. For all horizons, the premiums

are mainly positive. However, we also see large downward movements at the end of

August 2015 (China’s renminbi devaluation), the end of June 2016 (Brexit referendum),

and the beginning of February 2018 (“Volmageddon”). The downward movements

are especially large for the one-month premium. We also see that the premiums are

smaller in absolute value for longer horizons and that they are highly correlated.

In Equation (4.14), we examine the relation between premiums and flows in VIX

ETPs.

∆V I X P h
t = a +b ×∆Ag g DFt + c ×∆X t +ut . (4.14)

Here, V I X P h
t is the estimated horizon-h VIX premium at time t , Ag g DFt is the

aggregate dollar-flow for all products in our sample as defined in Equation (4.7), and

X t is a vector of control variables. As controls, we include the default spread (between

Moody’s BAA and AAA corporate bond yields) and the term spread (between the

ten-year T-bond and the three-month T-bill yields) both obtained from the web site

of the Federal Reserve Bank of St. Louis. We also include the P/E ratio for the S&P 500

index, the WTI-crude oil price, the gold price, and the USD/JPY FX rate, all obtained

via Bloomberg.

The event study in Subsection 4.3.3 shows that flows in short-term products

follow a different pattern than flows in mid-term products. Hence, we expect the

8The Commodity Future Trading Commission (CFTC) releases the weekly Traders in Financial Futures
report, which splits the total open interest in the VIX futures market into different market participant
groups.

9The one-month premiums estimated by Cheng (2019) along with a description of the estimation
procedure are made available at: http://www.dartmouth.edu/~icheng/

http://www.dartmouth.edu/~icheng/
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Figure 4.7: VIX Premiums

This figure shows our estimated VIX premiums defined as the difference between the expected future
value of the VIX under the risk-neutral and physical measure, respectively. For estimating these, we follow
Cheng (2019). That is, the expected value under the risk-neutral measure is estimated as the price of a
futures contract, which is rolled on the last trading day of a month. The expected value under the physical
measure is estimated via an ARMA (2,2) model, where we use all data (daily VIX close from 1990) through
date t .
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relationship between the VIX premium and flows to be different for short-term and

mid-term VIX ETPs. Therefore, we run the regression in Equation (4.14) for short-

term and long-term products separately. For ease of interpretation, we standardize

all variables to have zero mean and unit standard deviation.

Panel A in Table 4.8 shows the regression output for short-term products. The

regression coefficients for the changes in flows are displayed along the columns

for the different VIX premium horizons. T-statistics (reported in parenthesis) are

calculated with Newey-West standard errors. We see that there is a positive relation

between changes in flows in short-term products and changes in VIX premiums. For

example, a one standard deviation increase in ∆Ag g DF leads to a 0.331 standard

deviation increase in ∆V I X P . The coefficients are highly significant at all horizons.

However, we also see that the relationship is strongest for the first two VIX premiums

and decreases for longer horizons. This is the pattern we expect to see if hedging
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activity of short-term products impacts VIX premiums. This is the case since hedging

activity of short-term products occurs from trades in the futures contracts at the

short end of the term structure. Hence, short futures contracts are exposed to the

largest pricing impact. Most of the VIX products in our sample are ETN’s, which are

not required to hold the underlying assets. This means that they are free to hedge

their exposure as they desire (or not hedge at all). It is possible that ETN issuers are

hedging some of the exposure using futures further out on the term structure, which

could explain the positive relation between short-term product flows and longer

horizon VIX premiums.

Panel B shows the regression output for mid-term products. The regression coef-

ficients of ∆Ag g DF are insignificant at all horizons. This implies that the hedging

activity of mid-term products cannot explain the low premium-response puzzle. This

fits well with the findings in our event study in Subsection 4.3.3, where we find that

investors in mid-term products are less prone to sell during high levels of the VIX.

Hence, the issuers will be less likely to reduce their hedge-position in VIX futures

when market risk is elevated.

Table 4.8: VIX Premium Puzzle

This table shows the results of the regression in Equation (4.14). The dependent variable is changes in the
horizon-h VIX premium. The explanatory variable of interest is changes in dollar-flow aggregated across
products. Panel A contains the results where we only include flows from short-term products. Panel B
contains results where we only include mid-term products. In both cases, control variables are the default
spread(between Moody’s BAA and AAA corporate bond yields), the term spread (between the ten-year
T-bond and the three-month T-bill yields), the S&P 500 P/E ratio, the WTI-crude oil price, the gold price,
and the USD/JPY FX rate, all in terms of differences. T-statistics given in parenthesis are calculated with
Newey-West standard errors. *** represents significance at 1%.

Panel A: Short-term products

∆V I X P 1
t ∆V I X P 2

t ∆V I X P 3
t ∆V I X P 4

t ∆V I X P 5
t ∆V I X P 6

t ∆V I X P 7
t

∆Ag g DFt
0.331***
(5.161)

0.338***
(4.973)

0.310***
(5.271)

0.279***
(4.850)

0.273***
(4.905)

0.296***
(4.894)

0.254***
(4.978)

Controls Yes Yes Yes Yes Yes Yes Yes
Observations 1352 1352 1352 1352 1352 1352 1350
R2(%) 29.64 29.54 27.15 25.37 26.49 29.01 28.60

Panel B: Mid-term products

∆V I X P 1
t ∆V I X P 2

t ∆V I X P 3
t ∆V I X P 4

t ∆V I X P 5
t ∆V I X P 6

t ∆V I X P 7
t

∆Ag g DFt
-0.000

(-0.014)
0.016

(0.255)
0.012

(0.232)
0.006

(0.129)
0.018

(0.428)
0.032

(0.663)
0.002

(0.267)

Controls Yes Yes Yes Yes Yes Yes Yes
Observation 1352 1352 1352 1352 1352 1352 1352
R2(%) 18.73 18.15 17.59 17.63 19.11 20.37 22.19



4.4. CONCLUSION 165

To further explore the relationship between the VIX premium and flows, we

perform a quantile regression (see Koenker and Bassett (1978)). A quantile regression

allows us to investigate whether the price impact of VIX ETPs hedging activity is

constant across levels of the VIX premium. The quantile regression equation is given

by:

QT (βq ) =
T∑

t :yt≥x ′
tβ

q |yt −x ′
tβq |+

T∑
t :yt<x′

tβ

(1−q)|yt −x ′
tβq |. (4.15)

Here, we define yt = ∆V I X P h
t and x ′

tβ = a +b ×∆Ag g DFt + c ×∆X t which is

similar to Equation (4.14). In Figure 4.8, we plot the slope estimate for ∆Ag g DF for

quantiles in the range q ∈ (0.01 : 0.01 : 0.99) with corresponding bootstrapped 95%

confidence bands in grey. We obtain slope estimates using one-month VIX premiums

and aggregate flows for short-term products. For comparison, we also plot the OLS

slope estimate from Equation (4.14) with 95% confidence bands. From Figure 4.8, we

first note that there is a significant and positive price impact from short-term VIX

ETP flows on the VIX premium across all quantiles. Secondly, we see a prominent

U-shape in the relation between VIX premiums and short-term product flows. That

is, the relation between flows and the VIX premium is strongest at extreme quantiles,

particularly the lower quantiles. From Cheng (2019), we know that these coincide

with high market risk. As our previous results show, when market risk is high, VIX

ETPs have large outflows, which, all else equal, cause the issuers to reduce hedge

positions in VIX futures. Thus, the amplified relation at the lower quantiles is a strong

indication that the low premium response puzzle is, at least to some degree, due to a

systematic pricing impact, caused by the expectations of VIX ETP investors.

The low premium response puzzle further suggests that the downward pressure

in futures prices is too large. If the downward pressure in futures is the result of VIX

ETP investors selling their positions, then ex-ante, these investors predict the VIX to

revert much faster than it does ex-post. Put another way, the investors in VIX ETPs

have poor predictions about future volatility. When the VIX increases to higher levels,

it is much more persistent than they expect, and they end up selling volatility too

cheap, which creates or contributes to the low premium response puzzle. This fits

well with Fernandez-Perez et al. (2019), who find that the hedging demand by VIX

ETPs increases deviations in the actual futures prices from the efficient futures prices.

4.4 Conclusion

Despite poor historic performance, VIX ETPs with long volatility exposure, have

become very popular among investors. The main purpose of this paper is to explain

investor behavior in these products.

By means of panel regressions and a sign-test of Berk and van Binsbergen (2016),

we investigate the flows of the six largest VIX ETPs. Across different asset pricing
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Figure 4.8: Quantile regression: One-Month VIX Premium and Short-Trm VIX ETP Flows

This figure shows slope estimates for ∆Ag g DF from Equation (4.15) for quantiles in the range
q ∈ (0.01 : 0.01 : 0.99) with corresponding bootstrapped 95% confidence bands in grey. We use 1,000
bootstrap resamples to obtain confidence bands. Slope estimates are obtained using one-month VIX
premiums and aggregate flows for short-term VIX products. For comparison, we also plot the OLS slope
estimate from Equation (4.14) with 95% confidence bands in pink.
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models, we find that simple raw returns best explain flows. Our findings indicate

that investors, on aggregate, pay little attention to systematic risk when they trade

these products. Further, the relation between raw returns and flows is inverse, which

means that, on average, investors buy (sell) when returns are negative (positive). This

suggests that the VIX ETP investors follow a reversal strategy, without considering

if the products are cheap relative to their systematic risk. Our event study supports

this hypothesis as we find that large outflows occur right after spikes in the VIX. We

estimate the speed of mean reversion as the half-life of the distance to a long-run

level of the VIX. We find that the inverse relation between flows and raw returns is

amplified in periods with a high speed of mean-reversion in the VIX.

Finally, we provide a possible explanation for the low premium response puzzle

documented in Cheng (2019). By regressing the changes of VIX premiums on changes

in flows, we find a significant and positive relation. However, this only holds for short-
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term products, and the effect is decreasing for VIX premiums at longer horizons. From

a quantile regression, we show that the positive relation between flows and the VIX

premium increases at the extreme levels of the premium. The findings add support to

the argument that the low premium response puzzle is not due to measurement error

but to systematic pricing impacts caused by hedge rebalancing of VIX ETP issuers.
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Appendix

A.1 VIX ETPs

This appendix contains a description of VIX ETPs with long volatility exposure.

Table A.1: VIX ETP Overview

This table provides an overview of the VIX ETPs (inverse products not included) that have been active
during our sample period. The Average TNA is the average calculated over our sample period. All products,
except EVIX, track either the S&P 500 VIX short- or mid-term futures indexes, indicated by either ST or MT.
EVIX tracks VSTOXX Short-Term Futures Investable Index. The notation TR and ER denotes the total
return and the excess return version of the indexes. The leverage factor of the ETP is applied to the daily
return of the index that it tracks. A leverage ratio of 1 means that the ETP promises the daily rate of return
on the underlying index. A leverage factor of 2 means that the ETP promises twice the return of the index.
Expense ratio is an annual management fee and is charged on a daily basis. The last column indicates
whether we have included the ETP in our sample.

Synbol Name Date of inception
Average TNA

($mm)
ST/MT

Leverage
factor

Expense
ratio (%)

Included

VXX iPath S&P 500 VIX Short-Term Futures ETN 01/29/2009 1103.10 ST 1 0.89 Yes
VXZ iPath S&P 500 VIX Mid-Term Futures ETN 01/29/2009 48.35 MT 1 0.89 Yes
VIXM ProShares VIX Mid-Term Futures ETF 01/03/2011 41.72 MT 1 0.85 Yes
VIIZ VelocityShares VIX Medium-Term ETN 11/29/2010 1.11 MT 1 0.89 No
EVIX VelocityShares 1x Long VSTOXX Futures ETN 05/02/2017 10.23 ST 1 1.35 No
VMAX REX VolMAXX Long VIX Futures Strategy ETF 05/03/2016 2.79 ST 1 1.25 No
VIXY Proshares VIX Short-Term Futures ETF 01/03/2011 153.65 ST 1 0.85 Yes
VIIX VelocityShares VIX Short-Term ETN 11/29/2010 11.94 ST 1 0.89 No
TVIX VelocityShares Daily 2x VIX Short-Tern ETN 11/29/2010 340.88 ST 2 1.65 Yes
UVXY ProShares Ultra VIX Short-Term Futures ETF 10/04/2011 421.03 ST 1.5 1.65 Yes
TVIZ VelocityShares Daily 2x VIX Mid-Term ETN 11/29/2010 2.56 MT 2 1.65 No
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