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1. Introduction

Each year, large sums of money and vast amounts of effort are dedicated towards selecting the

best mutual funds.1 Despite such interest, and despite decades of academic research, identifying

skilled active mutual funds largely remains an elusive goal. While many papers have singled out

different characteristics of individual funds that are correlated with performance, it is unclear how

to effectively identify the set of funds that is most likely to outperform in the future.2

Two main issues plague this identification. First, members of this set can change substantially

as broad economic conditions evolve, resulting in the set dramatically expanding or shrinking–as

well as containing different component funds–during different years.3 Specifically, the nature of

a fund’s information–and the fund’s strategies for acting on such information–can depend on the

competitiveness in the fund’s peer-group as well as the state of the economy, both of which evolve

and can lead to changes in the set of funds that outperform.4 For example, the ability of a fund to

outperform may be short-lived because evidence of successful strategies is bound to attract more

competition (Hoberg, et al., 2015) as well as additional investor flows.

A second major issue is whether an investor can, ex-ante, locate the number and identity

of the set of active funds that will outperform in the future (with a high level of probability).

Estimates of fund risk-adjusted returns (alphas) tend to be surrounded by large sampling errors, as

outperforming fund managers tend to carry a greater level of idiosyncratic risk (Kacperczyk, et al.,

2005). In addition, the estimation error in using past fund data renders any fund-by-fund analysis

as resulting in a large number of “false discoveries” of funds with disappointing future performance.5

The model of Kacperczyk et al. (2016) implies that dispersion in return performance across active

fund managers increases during periods with high uncertainty, which both heightens the need for

an efficient identification of the best funds and makes it more statistically challenging.6

1As of 2015, roughly $8 trillion was invested in U.S. equity mutual funds, with the majority of this money invested
in an actively managed mandate. A large industry of investment advisors and consultants is engaged in advising
retail and institutional clients on how to select funds. According to the 2015 Cerulli RIA Marketplace 2015 report,
there were more than 56,000 registered investment advisors in the U.S. in 2014. Foerster et al (2015) study how
financial advisors affect the decisions (and performance) of a sample of Canadian retail investors.

2See, e.g., Cremers and Petajisto (2009), Kacperczyk, et al. (2005, 2008), and Wei, et al. (2015). For a survey of
the literature on the characteristics that predict active fund performance, see Jones and Wermers (2011).

3Recent studies suggest that the ability of individual mutual funds to outperform varies over time. For example,
Kacperczyk et al. (2014) find that the investment strategies of mutual funds, as well as their ability to outperform,
depend on whether the economy is in an expansion or in a recession state. Similarly, Glode, et al. (2011) find evidence
of strong (weak) predictability of mutual fund returns following periods of high (low) market returns. Ferson and
Schadt (1996), Avramov and Wermers (2006), and Banegas et al. (2013) show that macroeconomic state variables
can be used to better predict the future performance of individual equity mutual funds.

4Kacperczyk, et al. (2016) provide a model that delivers predictions motivating empirical tests of the changing
size of this set. Their model predicts larger outperformance for skilled funds during stressed states in the economy
(e.g., high market volatility), as compared to more stable states.

5This estimation error can be especially keen during stressed states, due to the above-noted higher variability in
performance of active funds in such states.

6During periods with high aggregate volatility, individual fund managers lean more on their private signals, and
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Mutual funds’ fleeting competitive advantage–and the challenge to identifying transient skills–

has been discussed in both empirical and theoretical studies. Empirically, Carhart (1997) finds

that the performance of top-ranked funds reverts towards the mean after about one year, while

Bollen and Busse (2004) find abnormal performance that lasts for one quarter, but disappears at

longer horizons. Berk and Green (2004) propose a theoretical model that leads to fund alphas

that converge toward zero. Mamaysky, et al. (2008) develop a model in which managers observe

private information signals which revert toward being uninformative. Similarly, Glode et al. (2011)

present a flow-based model in which diseconomies-of-scale at the fund level remove any abnormal

performance over time as investors allocate more money to small funds with high past alphas and

allocate less money to large funds with negative past alphas.7

This paper introduces an efficient approach to identifying (ex-ante) the set of funds with superior

performance, as well as identifying how large the selected set of funds is, what types of investment

strategies they adopt, and how this set of funds (along with its risk-adjusted performance) evolves

over time. Our approach to identifying the set of “best” (or superior) funds requires not only

that we compare each fund’s performance against a single benchmark (or a set of risk factors, as

is common practice), but that we also conduct a large set of pairwise comparisons of all funds

in existence to eliminate any funds whose performance is dominated by at least one other fund.

This comparative process is crucial in providing the highest certainty of capturing the most skilled

fund managers, as it eliminates funds from the choice set that are likely to reduce the composite

performance of the set.

Besides providing valuable information for investors, our approach also sheds new light on the

nature of competition in the mutual fund industry. Specifically, by singling out the set of funds

with superior performance and showing how this set evolves through time, we can analyze how

many funds are in this set, for how long they can maintain their competitive edge, and how rapid

the turnover is among funds included in the set. Moreover, by cross-checking fund performance

against quarterly holdings, we gain information into which strategies the funds pursue in order to

obtain superior performance.8

Conventional approaches in the finance literature are not well-designed to handle such compar-

isons, nor do they control for the “size” of the test, i.e., the probability of wrongly eliminating truly

superior funds.9 To deal with such issues, our analysis adopts a new approach for the selection

less on common, aggregate signals, which increases the cross-sectional heterogeneity in fund-manager beliefs and, as
a consequence, in their investment strategies and portfolio returns.

7Conversely, the analysis in Garleanu and Pedersen (2016) suggests that, due to differential search costs, funds
populated by the most sophisticated investors can be expected to outperform in equilibrium.

8Our search for funds with superior performance uses only simple and widely available data on past returns and
publicly reported holdings–both of which are available at the time a decision on whether to invest in the fund is
made.

9While the “False Discovery Rate” procedure used by Barras, Scaillet, and Wermers (2010) provides an efficient
approach to estimating the Type I error (size) associated with identifying a set of outperforming funds, it says little
about the error rate in identifying individual funds within a given set that are expected to outperform. Indeed, Barras
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of mutual funds that makes use of the Model Confidence Set (MCS) methodology of Hansen et

al. (2011), which is designed to select the most accurate prediction models from a large set of

candidate models. Hansen, et al. (2011) show that a step-wise bootstrap approach can be used

to determine critical values for the elimination of models from the MCS in a way that bounds the

probability of wrongly eliminating a truly superior model by the size of the test while eliminating

inferior models with a probability that asymptotically approaches one.

In our context, the set of “candidate models” is the list of mutual funds in existence at a

given point in time, and their performance is measured through risk-adjusted returns by a par-

ticular econometric factor equation (e.g., the four-factor model of Carhart, 1997). Like the MCS

methodology, our approach undertakes a series of pair-wise tests to sequentially eliminate funds

with inferior performance. If at least one fund with significantly inferior performance is identified,

the fund with the “worst” performance is eliminated, and the elimination process is repeated on the

reduced set of funds. The procedure continues until no further funds with inferior performance can

be identified and eliminated. We label the set of funds remaining at the end–the funds identified

to have superior performance–the “Fund Confidence Set” (FCS).

The FCS approach uses estimates of individual funds’ risk-adjusted returns as a way to rank

and compare their performance, and, thus, the results from applying this methodology will depend

on how good the underlying performance model is at extracting information about fund manager

skills. We apply the FCS approach to three different performance models which assume (i) constant

(or slowly evolving) alphas; (ii) time-varying alphas, using the latent skill approach of Mamaysky

et al. (2008); (iii) time-varying alphas with alpha estimates extracted using both fund returns and

holdings data. For each performance model, we find that the FCS approach can be used to select

funds and form portfolios of funds with considerably better performance than portfolios containing

a fixed proportion (e.g., 5% or 10%) of top ranked funds. The performance results are particularly

strong for the model that combines data on returns and holdings to obtain a sharper estimate

of fund alphas. Using this model, an equal-weighted portfolio of funds included in the top FCS

generates a four-factor alpha exceeding 50 bps/month (which is also highly statistically significant);

for comparison, the four-factor alpha estimate of a constant allocation to the top decile of funds is

only about 2 bps/month and is statistically insignificant.

Empirically, we find that the FCS approach can be used to identify a narrow set of funds

with superior performance. In fact, because the performance of most funds is estimated with

large sampling errors, the approach is found to work best if we use a relatively stringent criterion

for inclusion of funds in the FCS, resulting in a reduced probability of wrongly including funds

with inferior performance. Using this approach, the set of funds identified as superior fluctuates

considerably over time. Sometimes, only a single fund is selected for a long stretch of time; at other

et al. (2010) apply a simple approach that examines the set of funds with the best estimated alphas (or t-statistics),
with no mechanism to winnow out individual funds within this set that are unlikely to be skilled.
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times, the approach identifies a much broader set of funds as being superior. Moreover, the breadth

of the set of funds with (expected) superior performance is found to be significantly correlated with

a range of macroeconomic state variables, as the fraction of superior funds is larger in expansions,

and smaller in recessions, suggesting that funds’ ability to outperform is state-dependent.10

We also find that dispersion in fund performance is greater during times with high levels of

market volatility, leading to the best funds–as identified by our FCS approach–performing better

during periods with high market volatility, relative to calmer times. This is consistent with the

model of Kacperczyk, et al. (2016) which suggests that the rewards to skilled investors from

processing information are higher when market risk is high. Interestingly, we find no significant

following-year outperformance of top decile funds during high risk periods. This result highlights the

efficacy of our FCS approach, which carefully eliminates funds that mainly contribute idiosyncratic

risk–and not alpha–to the set of superior funds.

In a deeper analysis of the portfolio holdings data of the mutual funds, we find that the changing

set of funds that are identified as superior results in a change in industry concentration and a

significant shift in risk loadings. For example, the superior FCS funds tilt toward growth stocks

from 1994 to 2003 (a period of great return variability in the cross-section of growth stocks), as

well as from 2009 to 2011. Conversely, they overweight value stocks from 2003 to 2009 (a period

of great return variability in the cross-section of value stocks). Superior funds also overweight

small stocks from 2001 to 2003 and 2009 to 2012, but over-weight large capitalization stocks from

2005 to 2008. Superior funds have above-average exposures to the momentum factor only during

brief spells. Turning to industry concentration, funds in the top FCS overweight computer and

electronic equipment stocks after 2005, and also overweight business services and machinery stocks

during shorter spells. Conversely, they underweight retail stocks and, in particular, banking stocks

throughout most of the sample. All of these results indicate that the identification of superior funds

is both time-varying and complex; our modeling procedure uniquely provides an approach to such

identification.

The FCS methodology can also be used to successfully identify funds with inferior performance.

When applied to select inferior funds, we find that the set of “worst” funds is somewhat wider than

the equivalent set of superior funds. This reflects the greater persistence of factors giving rise to

underperformance, such as high trading costs and management fees. Again, we find that the funds

in the bottom FCS portfolio produce substantially worse performance than a portfolio consisting

of a fixed proportion of alpha-ranked funds, such as the bottom 5-10% of funds, indicating that the

FCS effectively identifies funds with poor skills rather than funds that have experienced bad luck.

Our analysis differs from previous studies in several important dimensions. Kosowski, et al.

10This result highlights the difficulty in identifying, ex-ante, superior funds in a recession setting–even though the
average performance of active funds is better during recessions–due to the short time-series nature of recessions. For
instance, there are only 34 months of NBER-identified recessions during our entire sample period.
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(2006) ask whether there exist star fund managers, i.e., if the single best manager can outperform

some benchmark, such as the four-factor model of Carhart (1997), or, alternatively, if a single

fund at a particular ranked fractile (i.e., the fund at the top 10 percentile point), can outperform.

However, their methodology cannot be used to endogenously determine the size of the set of funds

with superior performance or the identity of the individual funds. In fact, a strategy of only

investing in the fund whose alpha is deemed highest can sometimes backfire, because such a fund

might have been “lucky,” and its performance could reflect very high idiosyncratic risk taking.

Barras, et al. (2010) develop an approach that controls for funds whose high alpha estimates

are due to “luck.” However, unlike us, they do not address the identification of individual funds

deemed to have the highest (positive) alphas. This is a highly relevant question from an investor’s

perspective, because not all funds, even those with truly positive alphas, should be expected to

perform equally well.11 In addition, investors typically wish to invest in (or have access to) only

one or a few funds, and not a larger set. Thus, the identification of the set of superior funds

is of great value to such investors. Further, Barras, et al. (2010) find evidence that the set of

funds with positive alphas has been shrinking over time, making it more difficult to identify truly

superior fund managers. This result highlights the importance of identifying individual funds that

are predicted to outperform in order to form a precise set, rather than starting with a set and

conducting inference on the entire set (equal-weighted) as is done by Barras, et al. (2010).12

We show empirically that our approach, which endogenously builds the set of funds (starting

with pair-wise individual fund comparisons) expected to produce superior performance, is far better

at identifying truly skilled managers than the conventional portfolio sorting approach. Thus, our

approach has two major advantages over past methods. First, it helps to discard individual funds

that lie in the top past-performance fractile due to luck. And, second, our approach helps to adjust

the search for superior active managers in accordance with the breadth of active management skills

during a particular period of time, broadening or narrowing the set of chosen funds as market

conditions evolve. We show that these two advantages translate into superior fund alphas, as well

as better identification of inferior funds.

The outline of our paper is as follows. Section 2 introduces the fund confidence set methodology,

while Section 3 describes our data and the models used to measure the performance of individual

funds. Section 4 presents performance results for the FCS portfolios and Section 5 provides details

on which funds get selected to be among the superior or inferior funds and how this set varies

through time. Section 6 performs an attribution analysis which decomposes the performance of the

FCS funds using holdings data on industry concentrations and stock-level estimates of individual

11In fact, we show that an approach similar to that of Barras et al. (2010) can be used to screen the initial set of
candidate funds from which the fund confidence set is selected.

12Harvey and Liu (2016) estimate individual fund alphas using a random effects panel approach that pools time
series and cross-sectional information from the population of funds. This approach does not endogenously identiify
the set of funds with superior performance, however.
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funds’ exposures to common risk factors. Section 7 concludes.

2. The Fund Confidence Set

A large empirical literature in finance explores whether it is possible to, ex ante, identify funds with

superior risk-adjusted performance. The most widespread practice used in the literature is, first, to

rank individual funds based on their expected (predicted) performance, then, second, to form decile

portfolios based on such rankings and, finally, to track the subsequent risk-adjusted performance

of the portfolios of funds. While the practice of allocating individual funds into decile portfolios

is simple to perform and intuitive to interpret, it only addresses whether the average risk-adjusted

performance of the top 10% of funds (or a similar proportion) is positive. This question is very

different from the more relevant and interesting question of whether we can identify a particular

set of individual funds with superior performance, regardless of whether they reside in a particular

past-performance ranking quantile.13 For example, if the set of funds capable of producing positive

risk-adjusted performance varies over time, and is sometimes far narrower than 10%, then we

may well find, empirically, that the top 10% of funds do not generate positive performance, on

average, even though there exists a set of funds with positive (ex-ante) risk-adjusted performance.

Or, suppose that the top 10% of funds produce positive risk-adjusted returns, but that the top

5% produce much higher (and more precisely estimated) risk-adjusted returns. In such a case, an

investor would be well-served to invest only in the top 5% of funds in order to maximize her chances

of generating an economically significant level of outperformance.

This section introduces an alternative approach to fund selection that does not fix the pro-

portion of funds deemed capable of delivering superior performance but, rather, determines this

proportion endogenously, as part of the process used to estimate the performance of individual

funds. Our econometric approach reflects how a sophisticated investor with access to historical

data on individual funds’ returns and security holdings would go about identifying funds with skills

and thus mimics the search process underlying the analysis in papers such as Garleanu and Ped-

ersen (2016). We first describe the approach in broad terms and characterize its properties, then

provide details on how we implement the approach on our mutual fund data.

13An especially salient example of the failure of simple ex-post ranking approaches is the “stars” system of Morn-
ingstar. Kinnel (2010) shows that expense ratios, by themselves, are better predictors of future fund performance
than the Morningstar star rating–which includes the effect of both pre-expense past returns and current expense
ratios. Morey (2003) finds that Morningstar five-star rated funds experience a severe drop in performance over the
following three years.
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2.1. Predictive Alpha

For a fund to be attractive to investors, it must have a high expected risk-adjusted performance,

relative to the benchmark model that those investors use. This requires that the fund’s performance

is at least modestly predictable.14 Our objective is, therefore, to identify funds which, with some

confidence, we can predict will produce positive future risk-adjusted returns. Following common

practice, we compute a fund’s risk-adjusted return by adjusting the fund’s excess returns, net of

the T-bill rate, Ri,t, for its exposure to a set of risk factors, zt :

Ri,t = αi,t + β′i,tzt + εi,t. (1)

Here i refers to the fund and t refers to the time period; εi,t ∼ (0, σ2εi) is the fund’s idiosyncratic

return, βi,t measures the fund’s exposure to the common risk factors, while αi,t measures its risk-

adjusted (abnormal) performance, often referred to as the fund’s “alpha”.

The model in equation (1) is quite general as it allows both αit and βit to vary over time.

If a fund’s alpha is constant over time, the fund’s average historical performance can be used to

compute its expected future performance. Conversely, if a fund’s abnormal performance changes

over time, we need to model how such changes occur.

Given an estimate of the expected value of fund i’s alpha in period t+ 1 based on information

available at time t, α̂i,t+1|t, we need to determine if α̂i,t+1|t can predict whether the fund subse-

quently outperformed. To this end, we consider the product of Max(α̂i,t+1|t,0) and the sign of the

fund’s actual risk-adjusted performance, sign(Ri,t+1 − β̂
′
i,t+1zt+1):

Pi,t+1 = Max(α̂i,t+1|t, 0)× sign(Ri,t+1 − β̂
′
i,t+1zt+1). (2)

Here the sign function sign(•) equals +1 if the argument is positive, -1 if the argument is negative,

or 0 if the argument is zero. To motivate the objective in (2), note that Pi,t+1 will be large for

funds with large, positive predicted alphas (α̂i,t+1|t > 0) whose subsequent risk-adjusted returns

are positive (Ri,t+1 − β′i,t+1zt+1 > 0). Conversely, the objective in (2) penalizes funds with large

positive alpha estimates but negative future risk-adjusted returns. Thus, the “predictive alpha”

measure in (2) accounts for both the magnitude and sign of the predicted performance (through

Max(α̂i,t+1|t, 0)), and for the success of the forecast (through the product of the two terms). By

multiplying the predicted alpha by the sign of realized excess returns, the predictive alpha preserves

14To see the importance of this point, consider a fund that takes high idiosyncratic risks and has produced a high
average (historical) risk-adjusted performance due to a single high monthly return (“outlier”). This would not instill
much confidence in the fund’s ability to produce high future returns. Contrast this with another fund with a lower
average risk-adjusted return but consistent good performance; this fund is likely to be more attractive to investors,
particularly if the periods when it outperforms can be predicted.
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scale, i.e., it is measured in units of returns (basis points). Finally, note that funds with negative

predicted alphas (α̂i,t+1|t < 0) get excluded from consideration, since Pi,t+1 = 0 for such funds

and so (2) is intended for identifying superior performance. We explain how to identify inferior

performance in Section 4.5 below.

To select funds with the highest expected value of the predictive alpha, for each fund i we

measure the past success in predicting this fund’s performance up to time t, using the sample

estimate of the average value of (2):

P̄i,t =
1

t− ti0

t∑
τ=ti0+1

Pi,τ =
1

t− ti0

t∑
τ=ti0+1

Max(α̂i,τ |τ−1, 0)sign(Ri,τ − β̂
′
i,τzτ ). (3)

Here α̂i,τ |τ−1 is the forecast of αi,τ based on information available at time τ − 1, and β̂
′
i,τ are

least-squares estimates of β′i, using only data up to time τ . And, ti0 + 1 is the starting point of the

sample used to estimate the ith fund’s predictive alpha performance up to time t, P̄i,t.

2.2. Fund Confidence Set

Our data contain more than 2,000 funds whose performance needs to be pair-wise compared at each

point in time. This introduces a complicated multiple hypothesis testing problem, which we address

by applying the model confidence set (MCS) approach of Hansen, et al. (2011). That approach

is designed to choose the set of “best” forecasting models from a larger set of candidate models.

Because the approach is developed for the selection of forecasting models, we need to modify it

for our setting. Most obviously, the object of interest in our analysis is not a model, but a model

applied to a fund’s return performance, and, so, we label our approach the Fund Confidence Set

(FCS). We next describe how the approach works.

Our goal is to select a set of funds which, at a certain level of confidence, contains the best

fund–or set of funds, if multiple funds are believed to have identical performance. The approach

relies on an equivalence test and an elimination rule. Let F0
t = {F1t, ..., Fnt} be the initial set of

funds under consideration while Pit, given by equation (2), measures fund i’s performance in period

t. The difference between the performance of funds i and j at time t is then

dij,t = Pi,t − Pj,t , i, j ∈ F0
t . (4)

Defining µij = E[dij,t] as the expected difference in the performance of funds i and j, we prefer

fund i to fund j if µij > 0; both funds are judged to be equally good if µij = 0. The set of

“superior” funds at time t, F∗t , consists of those funds that are not dominated by any other funds

in F0
t , i.e., F∗t = {i ∈ F0

t : µij ≥ 0 for all j ∈ F0
t }. The FCS approach identifies F∗t by means of a
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sequence of tests, each of which eliminates the worst fund–the fund deemed to be worst relative to

another fund in the current set of surviving funds, Ft–provided that this difference is statistically

significant. Each round of this procedure tests the null hypothesis of equal performance

H0,Ft : µij = 0, for all i, j ∈ Ft ⊂ F0
t , (5)

against the alternative hypothesis that the expected performance differs for at least two funds:

HA,Ft : µij 6= 0 for some i, j ∈ Ft. (6)

Following Hansen et al. (2011), we define the Fund Confidence Set (FCS) as any subset of F0
t that

contains F∗t with a certain probability, 1− λ, where λ is the size of the test.

With these definitions in place, we next explain how the algorithm for constructing the FCS

works. The first step sets Ft = F0
t , the full list of funds under consideration at time t. The second

step uses an equivalence test to test H0,Ft : E[dij ] = 0 for all i, j ∈ F0
t at a critical level λ. If H0,Ft

is accepted, the FCS is F̂∗1−λ,t = Ft. If, instead, H0,Ft gets rejected, the elimination rule ejects one

fund from Ft, and the procedure is repeated on the reduced set of funds. The procedure continues

until the equivalence test does not reject, and, so, no additional funds need to be eliminated. The

remaining set of funds in this final step is F̂∗1−λ,t.
Elimination of individual funds is based on their relative sample performance, using measures

such as P̄i,t from (3). Specifically, from (3) and (4) we can estimate the performance of fund i

relative to fund j as d̄ij = t−1
∑t

τ=1 d̂ij,τ . To obtain a better behaved test statistic, we divide this

measure by its standard error,
√
v̂ar(d̄ij), to obtain15

tij =
d̄ij√

v̂ar(d̄ij)
, (7)

As in Hansen, et al. (2011), we base the test of H0,Ft on the range statistic

TFt = max
i,j∈Ft

|tij |, (8)

which finds the largest t−statistic chosen among the many pairwise t−tests in (7).16

Under assumptions listed in Hansen, et al. (2011), the set of pair-wise t−tests, tij , are asymp-

15Also, by scaling d̄ij by its standard error, the resulting test statistic is pivotal and can be expected to have better
sampling properties.

16Because we are maximizing performance, we need to alter the range elimination rule to arg mini∈Ft supj∈Ft
tij so

that the the fund (i) with the worst estimated performance measured relative to some other fund (j) is the candidate
for elimination.
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totically joint normally distributed with unknown covariance matrix, Ω. Because so many pairwise

test statistics are being compared and Ω is unknown, the resulting test statistic, TR,Ft , has a non-

standard asymptotic distribution whose critical values can be bootstrapped using the approach of

White (2000). From these draws, the sequential elimination rule is used to purge any fund whose

performance looks sufficiently poor relative to that of at least one other fund currently included in

the FCS.17

Because a random number of possibly dependent tests are carried out, it is far from trivial to

control the coverage probability of this step-wise procedure. Notably, if each round conducts a test

at a fixed critical level, λ, then the final FCS will have a very different coverage probability than

1− λ. A key contribution of Hansen et al. (2011) is to design a sequential procedure that can be

used to control the coverage probability, 1−λ, of the FCS. Specifically, Theorem 1 in Hansen et al.

(2011) establishes conditions under which the probability that a truly superior fund is captured in

the estimated FCS is greater than or equal to 1− λ, while the probability of wrongly including an

inferior fund in F̂∗1−λ,t asymptotically goes to zero.

2.3. Choosing λ

As with any inference problem, the FCS approach requires us to trade off type I and type II errors.

Type I errors (false positives) are incorrect rejections of a true null, i.e., wrongly eliminating funds

whose performance is as good as that of the best fund. Type II errors, conversely, are failures to

reject a false null hypothesis, i.e., failing to exclude a poor fund from the FCS. How these errors

are traded off gets regulated by the choice of the size of the equivalence test (λ) used by the FCS

approach, which, therefore, is an important parameter.

Setting λ high means reducing the probability of wrongly including inferior funds (i.e., increasing

the power of the equivalence test), but also implies that we stand a reduced chance of including

funds with truly superior performance. Conversely, setting λ low means increasing the probability of

including both truly inferior and truly superior funds as we become more cautious about eliminating

individual funds, and the algorithm becomes less selective.

If the estimated performance of many of the funds is quite noisy, tests of the equivalence

hypothesis in (5) may not be very powerful, and the algorithm will eliminate too few funds, resulting

in a bloated set that includes many inferior funds.18 This would simply reflect that the data are not

sufficiently informative to distinguish between the performance of different funds. We can easily

imagine economic states in which this would plausibly be the case, such as the economic crisis of

2008/2009, where market volatility and fund idiosyncratic volatility were quite high. Conversely,

17Specifically, if the FCS p-value for the fund identified by (8) is smaller than the λ−quantile of the bootstrapped
distribution, then this fund is deemed inferior to at least one other fund and gets eliminated.

18In other words, funds can avoid being eliminated from the FCS either because they have a high average per-
formance which is precisely estimated, or, alternatively, because their performance is imprecisely estimated, if their
alpha is surrounded by large standard errors which reduces tij in (7).
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when the data are informative and allow for sharper inference, the equivalence tests first eliminate

the poor funds before questioning the superior funds.

In trading off these effects, our goal is to create a set of funds with the highest level of future

composite risk-adjusted performance, with a constraint of reducing, to the largest extent possible,

the risk of underperformance. We believe that this goal is especially useful for retirement plan

fiduciaries, who seek to provide, with a high level of statistical confidence, a menu of the most

promising funds for their investors, as well as fiduciaries who select managers for pension funds,

endowments, sovereign wealth funds, and other trusts.

We, therefore, opt for a relatively high value of λ, choosing λ = 0.90 as our benchmark. However,

to illustrate how sensitive our results are to our particular choice of λ, in robustness tests, we also

consider two alternative values (λ = 0.50, 0.10) which result in fewer funds being eliminated. We

refer to the three sets of λ-values as tight (λ = 0.90), medium (λ = 0.50), and wide (λ = 0.10).

2.4. Choice of Candidate Set of Funds

We implement the FCS approach as follows. First, because there are more than 2,000 funds in our

sample, it is not feasible to conduct all possible pairwise performance comparisons.19 To handle

this issue, we propose a pre-screening step that first (before implementing the FCS) excludes funds

with poor or unpredictable performance—either is detrimental from an investment perspective.

This step greatly reduces the complexity of the subsequent FCS computation step. Specifically,

our baseline results restrict the initial set of funds being considered for inclusion in the FCS (F0
t ) to

the top 15% of funds as ranked by their alpha estimates, α̂i,t+1|t. Because this cutoff is somewhat

arbitrarily chosen, for robustness, we also consider cutoffs that use either 25% or 5% of the funds

ranked by alpha estimates in the initial round.20

In addition, we consider a strategy that endogenously chooses the initial set of funds (F0
t )

by identifying funds whose predictive alpha estimates are significantly higher than zero. This is

accomplished using the step-wise procedure of Romano and Wolf (2005) which aims to identify as

many funds with genuinely positive alphas as possible, while controlling the familywise error (FWE)

rate. The null and alternative hypotheses tested by the Romano-Wolf approach are H0i : αi ≤ 0

vs. H1i : αi > 0, and the FWE rate is defined as the probability of wrongly rejecting the null for at

least one fund, i.e., FWE = prob(rejecting at least one H0i for which αi > 0). The challenge is to

design an approach whose asymptotic FWE is no greater than some critical level, while accounting

for the multiple hypothesis testing problem arising from comparing so many mutual funds.21

19For example, a cross-section of 2,200 funds observed over 270 months gives rise to just over 650 million pairwise
comparisons.

20We estimate the fund confidence set using the MulCom 3.0 package for Ox; see Hansen and Lunde (2010) and
Doornik (2006).

21To implement the Romano-Wolf procedure, define a test statistic, testi, for testing H0i vs. H1i. Suppose we have
renumbered the funds i = 1, ..., n by the magnitude of their individual test statistics, testn ≤ testn−1 ≤ ... ≤ test1. A
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3. Performance Measurement Models

This section introduces the models used to estimate the risk-adjusted performance of individual

mutual funds. The performance measurement models play an important role for the results. As

we show below, a conditional alpha approach that uses both returns and holdings data can provide

sharper inference about alphas than an approach which uses only returns data. Sharper inference on

alphas translates into an improved ability to discriminate between truly skilled and truly unskilled

fund managers.

In common with much of the existing literature on mutual fund performance, we use a four-

factor model that, in addition to the market factor, adjusts for the size and value factors of Fama

and French (1992) and the momentum factor of Carhart (1997). However, we generalize this model

in two ways. First, following Mamaysky et al. (2007, 2008), we assume that managers receive

information (unobserved to the econometrician) that is correlated with future returns. As we show

below, such information gives rise to a time-varying component in fund performance. Second, we

show how to generalize this framework to combine information from past returns with holdings

data to more accurately extract an estimate of fund performance.

3.1. Benchmark Model

Our benchmark specification is a four-factor model with constant alpha and constant loadings on

the risk factors. Recall that Rit is the monthly return on fund i, measured in excess of a 1-month

T-bill rate. Similarly, let zt = (Rmt, SMBt, HMLt,MOMt)
′ denote the values of the four risk

factors, where Rmt is the return on the market portfolio in excess of a 1-month T-bill rate, SMBt

and HMLt are the small-minus-big equity market capitalization and value-minus-growth factors

of Fama and French (1992), and MOMt is the momentum factor of Carhart (1997), constructed as

the return differential on portfolios comprising winner versus loser stocks, tracked over the previous

12 months. The benchmark four-factor model takes the form

Rit = αi + β′izt + εit. (9)

Following common practice in the finance literature, we obtain estimates of θi = (αi β
′
i)
′ using a

rolling 60-month estimation window. Such estimates account for slowly-evolving shifts in mutual

critical value, c1, is then determined such that the set of n1 funds with test statistics testR1 ≥ c1 has a fixed coverage
probability. Only funds with higher test statistics (i.e., funds numbered 1, ..., n1) are set aside in this step. Next,
the procedure is repeated on the remaining n− n1 funds, resulting in a new critical value, c2, and we set aside those
funds whose test statistics exceed c2. The procedure is repeated until we can no longer reject the null of no superior
performance for any remaining funds, at which point the algorithm stops and consolidates the funds set aside in
previous steps. We use the studentized StepM method (Algorithm 4) of Romano and Wolf (2005) in the analysis.
Like the MCS approach, the Romano-Wolf method uses the White (2000) bootstrap to calculate the critical values
used for eliminating funds.
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fund performance and risk exposures.22

3.2. Time-varying Skills

Different approaches have been suggested for capturing time variation in fund alphas. In this

section, we follow the approach of Mamaysky et al. (2007, 2008) and show how it can be generalized–

and improved–to take advantage of information from mutual fund holdings data.

Individual funds’ alphas are value-weighted averages of their stock-level alphas, so our analysis

starts with the performance of individual stocks. Specifically, we decompose the excess return of

each stock, rjt, into a risk-adjusted return component, αjt, a systematic return component obtained

as the product between a set of risk exposures, βj and factor returns, zt, and an idiosyncratic return

component, εjt. We stack these return components into Nt × 1 vectors αt and εt and an Nt × 4

matrix of betas, β, where Nt is the number of stocks in existence at time t. Notice that the

individual stock alphas are allowed to vary over time, reflecting that any abnormal returns are

likely to be temporary.23 Following Mamaysky et al. (2008), we assume that stock betas are

constant, although this assumption can be relaxed.

Mutual fund returns can be computed by summing across individual stock returns, rt, weighted

by the fund’s ex-ante portfolio weights at the end of the previous period, ω′t−1. Using the decom-

position of individual stock returns described above, the excess return of an individual mutual fund

(i) net of the risk-free rate, transaction costs, fees and expenses (ki) is given by:

Rit = ω′it−1(αt + βzt + εt)− ki,

≡ αit + β′itzt + εit, (10)

where αit = ω′it−1αt − ki, βit= ω′it−1β, and εit = ω′it−1εt.
24

Mamaysky et al. (2008) represent skills through a persistent, latent process which reflects the

fund’s ability to process private information.25 Suppose that fund i receives a private signal, Fit,

which follows an autoregressive process,

Fit = νiFit−1 + ηit for νi ∈ [0; 1). (11)

where ηit is independently and identically distributed (i.i.d.) with zero mean. The innovations, εit,

22Empirically, we find that five-year rolling window estimates are slightly better at identifying and predicting fund
performance than estimates based on an expanding estimation window. The results reported below are, however,
robust to using an expanding estimation window.

23Liu and Timmermann (2013) develop a theoretical model with temporary abnormal returns (alphas) in the
context of convergence trading.

24As in Mamaysky et al. (2008) these are assumed to be proportionate to the fund’s assets under management.
25Kosowski (2011) models manager skills as a latent variable driven by a regime-switching process. As in Mamaysky

et al. (2008), this gives rise to a filtering problem, although the filter is non-linear in this case.
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in (10) and ηit in (11) are assumed to be mutually independent and normally distributed. Following

Mamaysky et al. (2008), assume that (i) fund portfolio weights are linear in the private signal,

ωit−1 = ω̄i+γiFit−1; (ii) there is a constant mapping ᾱi from fund i’s private signal into its ability

to identify abnormal performance, αit = ᾱiFit−1. These assumptions and equation (10) imply that

fund i’s beta and alpha are linear and quadratic functions of the signal, Fit−1, respectively:

αit = ω̄′iᾱiFit−1 + γ ′iᾱiF
2
it−1 − ki

≡ aiFit−1 + biF
2
it−1 − ki, (12)

βit = ω̄′iβ + γ ′iβFit−1

≡ β̄i + ciFit−1. (13)

The fund manager’s signal, Fit−1, is unobserved to the econometrician, but an estimate of it can

be obtained from the fund’s observed returns. To this end, we put the model into state space form:

Rit = aiFit−1 + biF
2
it−1 − ki + (β̄

′
i + c′iFit−1)zt + εit (14)

Fit = νiFit−1 + ηit.

We refer to this as the latent skill (LS) model. As explained by Mamaysky et al. (2008), the

parameters of this model can be estimated fund-by-fund using an extended Kalman Filter that

accounts for the presence of the squared value of the state variable, Fit−1, in equation (14).26

3.2.1. Introducing Information from Fund Holdings

Conventional approaches to measuring mutual fund performance base their inference on time-

series estimates using past returns, which can be very noisy. This limits the ability of return-based

methods–such as that of Mamaysky et al. (2008)–to identify funds with superior performance.

One way to address this issue is by augmenting the model to account for information from

portfolio holdings which, as is clear from equation (12), can be used to track how a fund’s alpha

evolves through time. Building on this idea, we next generalize the methodology in Mamaysky et

al. (2008) and show that holdings-based information can be added in the form of an additional

measurement equation in the state space representation of the model (14). Moreover, this model

can be estimated by means of an extended Kalman filter.

Data on fund holdings allow us to perform risk-adjustment at the individual stock level by

matching each stock to a portfolio of stocks with similar characteristics in terms of their sensitivity

to book-to-market, market capitalization, and price momentum factors. The difference between an

individual stock’s return and the return on its characteristics-matched portfolio can be used as a

26Normalizing one of the elements of ci, the four-factor model requires 13 parameters to be estimated.
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measure of that stock’s abnormal return. Weighting individual stock abnormal returns across all

stock positions held by a fund, we obtain the fund-level characteristic-selectivity (CS) measure of

Daniel, et al. (1997),

CSit = ω′it−1(rt − rbt). (15)

Here, rt and rbt are vectors of excess returns on stocks (rt) and benchmark portfolios (rbt), re-

spectively. Benchmark portfolios are chosen to match, as closely as possible, the characteristics

of the individual stocks and so βit = βbt. Because the characteristic-matched stocks are chosen

mechanically, the average stock can be expected to have zero alpha, αbt = 0. Using (12) and (15)

we therefore have

CSit = ω′it−1
(
αt + β′zt + εt −

(
αbt + β′bzt + εbt

))
= ω′it−1(αt −αbt) + ω′it−1(β − βb)′zt + ω′it−1(εt − εbt)

= αit + ki − ω′it−1αbt + (βit − βbt)′zt + εit − εbt
= aiFit−1 + biF

2
it−1 + εit − εbt. (16)

Since the CS measure does not depend on estimated risk factor loadings obtained over some prior

historical period, it has the potential to generate a more accurate estimate of fund performance

and, thus, to improve inference based on the return-only models.27

The generalized latent skill, holding-based (LS-Holding) model can be summarized as

(
Rit

CSit

)
=

(
aiFit−1 + biF

2
it−1 − ki

aiFit−1 + biF
2
it−1

)
+

(
β̄i + ciFit−1

0

)
zt +

(
εit

εit − εbt

)
(17)

Fit = νiFit−1 + ηit

Compared to the model of Mamaysky et al. (2008) in (14), the LS-Holding model uses the additional

information contained in CSit, which has the potential to make estimation and extraction of the

fund’s private information component, Fit, more precise. We can again estimate the parameters of

(17) using the extended Kalman filter, now using two measurement equations; Appendix A provides

further details.28

27The CS measurement equation is “idealized,” in the sense that the CS performance measure will not capture
intra-quarter trading returns. Note that the CS and return-based measures can be viewed as different estimates of
the same underlying fund performance, observed with different measurement errors.

28We note an additional important difference between our approach and that of Mamaysky, et al. (2008). Before
forming portfolios based on the conditional alpha estimates, Mamaysky, et al. (2008) trim the set of funds. By
contrast, in our approach, funds that are eligible for inclusion at a given point in time are assigned to an “active
pool”, while excluded funds are assigned to a “passive pool.” Funds can enter the passive pool at any point in time
and return to the active pool again. The funds are allocated to the pools following two steps. First, funds whose
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4. Performance Results

This section introduces our data and establishes a performance benchmark based on the popu-

lar decile sorting methodology widely used in academic studies. Next, we analyze the empirical

performance of portfolios based on funds included in the fund confidence sets.

4.1. Data

Our empirical analysis uses monthly returns on a sample of U.S. equity mutual funds over the

32-year period from 1980:06 to 2012:12. Individual fund returns are taken from the CRSP mutual

fund data base, and are net of transaction costs and fees.

To construct our estimate of the CS measure, we use quarterly holdings data from Thomson

Financial.29 We use these quarterly holdings data to construct a three-month estimate of CS. We

merge the returns and holdings data using the MFLINKS files of Wermers (2000), which have been

updated by the Wharton Research Data Services, and allows us to map the Thomson holdings data

to CRSP returns using the funds’ WFICN identifier. We require each fund to have at least six

months of contiguous returns data. In total, we have returns and holdings data on 2,480 actively

managed U.S. domiciled equity mutual funds, but we exclude 255 sector funds, and, so, end up

with 2,225 funds.30 The number of funds included in the analysis peaks at above 1,700 in 2009

before declining to around 1,500 in 2012.

For each fund, we obtain an alpha estimate using time-series data on the fund’s historical

returns. Funds with a very short return record tend to generate noisy alpha estimates. To avoid

that our analysis becomes dominated by such funds, we require funds to have a return record of at

least five years. Table 1 provides summary statistics for the cross-sectional distribution of individual

fund (ex-post) alphas, using each of the three performance models described in the previous section.

The median fund has a negative alpha, ranging from -61 bps/year to -74 bps/year across the three

models. The finding that the median fund underperforms on a risk-adjusted basis is consistent

with previous academic studies (e.g., Carhart, 1997). The bottom 5% of funds, ranked by alpha

performance, have a negative alpha estimate of about -35 bps/month, or just under -4%/year—a

number that, again, does not vary much across the three model specifications. The top 5% of funds

have alpha estimates ranging from 21 bps/month to 25 bps/month, approximately 3%/year; these

alpha forecast for the previous month had the same sign as the fund’s return in excess of the return on the market
portfolio during that month, stay in the active pool for the current period. Second, funds with alpha forecasts less
than -200 bps/month or greater than 200 bps/month, or funds whose predicted betas are less than zero or greater
than two are moved to the passive pool. Our approach does not require that we assign funds to such active or passive
pools.

29Prior to 2004, funds were only required to report holdings every six months. However, the majority of funds
disclosed holdings every three months to Thomson. See Wermers (1999) for details.

30“Sector funds” are defined as funds whose R2 is less than 70% in a four-factor regression. For such funds, the
simple four-factor risk-adjustment approach is not appropriate, and these funds are, therefore, excluded.
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estimates are again quite similar across the three models.

4.2. Performance of Decile-sorted Portfolios

To establish a reference point for our FCS results, we first follow the common practice of ranking

individual funds’ alphas and forming decile portfolios. This approach can be used to see if funds

that are expected to have the highest alphas do indeed produce better subsequent performance

than lower-ranked funds. Specifically, each month, t, we rank funds based on their expected alphas

α̂i,t+1|t. We then form ten equal-weighted decile portfolios with the first portfolio (P1) containing

the bottom 10% alpha-ranked funds, the next decile containing funds ranked in the second-lowest

10%, continuing up to the top 10% of alpha-ranked funds (P10). To obtain more detailed results

for the bottom and top funds, we also divide P1 into the bottom 5% alpha-ranked funds and funds

ranked between the bottom 5% and 10% (labeled P1A and P1B, respectively); we use a similar split

for the P10 portfolio (P10A and P10B). Finally, we record the returns on each of these portfolios

over the subsequent month. Each month, as new data arrive, we repeat this sorting routine, form

equal-weighted portfolios based on the funds’ updated alpha estimates, then, again, record their

next-month returns. We use five years of data to initiate the portfolio sorts, and another five years

to obtain an estimate of the predictive alpha and, thus, generate a time series of portfolio excess

returns, Rpt, over the 21-year period from July 1, 1990 to December 31, 2012. This approach, while

requiring 10 years of returns history for each fund under consideration, does not induce substantial

survival bias, as we do not require funds to survive beyond a single month into the future.31

To evaluate the performance of the portfolios, we follow conventional practice and estimate

four-factor alphas on the (out-of-sample) portfolio returns,

Rpt = αp + β′pzt + εpt, t = 1, . . . , T. (18)

The resulting estimates, α̂p, can be interpreted as the “average” portfolio alphas.

Table 2 presents alpha estimates for the decile portfolios. We find strong evidence of negative

and statistically significant alpha estimates for the bottom three ranked decile portfolios (P1-P3).

The underperformance of these decile portfolios ranges from -8 bps/month to -21 bps/month, and

is qualitatively similar across the three different models used to rank funds. The alpha estimates

of the top-ranked decile portfolio (P10) range between 2 and 6 bps/month, and are statistically

insignificant, indicating that the conventional portfolio sorting approach fails to identify funds with

abnormal positive performance. This conclusion carries over from the top 10% to the top 5%

portfolio of funds (P10B), which only perform marginally better than the P10 portfolio.

Despite these shortcomings, the portfolio sorting approach does succeed in differentiating be-

31See also Carhart (1997) for a discussion of survivorship bias.
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tween the best and worst performing funds as the estimated differential in alphas between the P10

and the P1 portfolios is large and positive (18-26 bps/month) and highly statistically significant.

This finding is, however, driven mostly by the identification of funds with inferior performance. As

an alternative test of the value of the ranking information in the portfolio sorts, the last line in Table

2 reports the MR test for a monotonic pattern in the alphas proposed by Patton and Timmermann

(2010). The null is that there is a flat or declining pattern in the alphas, while the alternative is

that there is a monotonically increasing pattern as we move from P1 to P10. Small p-values for

this test are evidence that a model succeeds in ranking the future risk-adjusted performance of the

funds. The test statistic generates a p-value of 0.07 when applied to the portfolios ranked by the

constant-alpha benchmark model, and is statistically significant for the LS and LS-Holdings mod-

els. Hence, these performance models contain valuable ranking information despite their failure to

identify funds with large positive alphas.

We conclude from these findings that the conventional portfolio sorting approach can be used

to identify a broad set of funds with inferior performance, but is not well suited for identifying

funds with superior future performance.

4.3. Performance of Superior FCS Funds

We next analyze the performance of our FCS approach, which forms portfolios from the set of funds

identified as top performers. Figure 1 shows how the FCS approach selects funds that stand out

even among funds with positive forecasts of alpha. The figure plots the distribution of predictive

alpha estimates obtained using the LS-holdings model at a single point in time (July 2006). The

black curve shows the distribution of predictive alphas for the full set of funds in existence at that

point, i.e., the population of funds. This curve is centered to the left of zero, and has a wide

dispersion. We also show the distribution of predictive alphas for funds with positive predicted

alphas (green), and funds whose alpha estimates are positive and statistically significant using the

Romano-Wolf approach (red). Finally, the blue line captures the distribution of predictive alphas

for funds included in the FCS. Note that the FCS curve lies to the right of the distribution curve

for the more inclusive set of funds with significantly positive predictive alphas, highlighting that

the FCS methodology is far more discriminating than an approach that simply selects funds with

(significantly) positive alphas.

Turning to the formal analysis, Table 3 presents alpha estimates for a set of portfolios formed

by equal- or value-weighting the funds selected each month by applying the FCS approach to the

available set of candidate (top fractile ranked) funds. As in Table 2, the (out-of-sample) period

goes from 1990:07 to 2012:12. We consider a range of values for the significance level of the test,

λ = {0.10, 0.50, 0.90}, corresponding to a wide, medium, and tight FCS, and present results for

the three performance models introduced in Section 3. Our baseline analysis (shown in Panel A)
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assumes a tight FCS, and uses the top 15% of funds as the initial set of candidate funds. We

consider both equal- and value-weighted portfolios of funds, but focus our discussion on the former.

Results for the alpha-ranked top decile of funds (P10) are shown for comparison and serve as a

benchmark given the widespread use of this approach.

For the constant-alpha benchmark model, moving from the top decile (P10) portfolio to the

tight FCS portfolio increases the average alpha from 6 bps/month to 30 bps/month, although the

latter estimate is not significantly different from zero. Similar, if somewhat stronger, results hold

for the LS model estimated only on returns data whose FCS alpha estimate is 25 bps/month, i.e.,

20 bps/month higher than that of the top decile (P10) portfolio.

We obtain very strong performance results for the latent skill model that combines return

and holdings data (LS-Holdings). For this model, the tight FCS portfolio produces a statistically

significant alpha estimate that averages 54 bps/month.

As we reduce λ from 0.90 to 0.50 or 0.10, and so move from the tight to the medium and wide

set of funds, fewer funds get eliminated and the performance of the FCS portfolios is markedly

reduced. This suggests that the additionally included funds tend to perform worse than the funds

identified by the more selective approach. This finding is unsurprising, because many funds have

alphas whose estimates are surrounded by large standard errors. For these funds, choosing a small

value of λ means that the equivalence test used to eliminate inferior funds has insufficient power

to reject the null that the funds’ alphas are identical; we analyze this finding in more detail below.

We obtain similar results if we use value weights rather than equal weights to form the top

FCS portfolios. For example, the alpha estimates generated by the tight FCS portfolio based on

the three performance models change to 36, 25, and 52 bps/month (previously 30, 25, and 54

bps/month using equal weights).

Recall that we restrict the initial set of funds (F0
t ) used in the FCS analysis in order to limit the

number of pair-wise comparisons conducted by our approach. The results in Panel A assume that

we apply the FCS approach to the top 15% of funds ranked on their alpha estimate. To explore

the sensitivity of our results to starting either with a narrower (5%) or wider (25%) set of funds,

panels B and C in Table 3 report results for these alternative initial ranked sets of funds. For the

LS-Holdings models we see, again, that the performance is better for the FCS portfolios than for

the simple ranked portfolios, and that the performance tends to get better as we narrow the set of

funds in the FCS, i.e., apply a higher value of λ.

Panel D in Table 3 considers the performance of the strategy that first uses the step-wise

bootstrap method of Romano and Wolf (2005) to identify funds with significantly positive alphas,

followed by the use of the FCS approach to select the set of top performers among these funds.

Again, we see that the FCS portfolios generate higher alpha estimates than the top decile (P10)

portfolio. Improvements are again particularly large for the LS-Holdings model whose FCS portfolio

alpha (48 bps/month) is similar to that in Panel A. The portfolio of funds with significantly positive
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alphas, selected by the Romano-Wolf approach, generates a four-factor alpha of 15 bps/month–far

below that obtained from applying the FCS approach to the same set of funds (48 bps/month).

This shows that there is considerable heterogeneity in performance among funds with significantly

positive alphas.

We conclude the following from these results. First, the FCS approach is capable of selecting

funds whose performance, when combined into equal- or value-weighted portfolios, is far better than

that achieved by funds included in the conventional rank-based top-decile portfolio. Second, the

performance of the FCS approach is best when we allow the approach to eliminate more funds and

become more selective. This is consistent with our finding from the analysis of the decile portfolio’s

performance that the ability to outperform is not very widespread among the funds in our sample.

Third, the FCS approach works particularly well for the LS-Holdings model which allows for time-

varying fund performance and combines returns and holdings data to provide sharper inference

about alpha estimates.

4.4. Time Variation in Superior Funds’ Performance

The alpha estimates reported in Tables 2 and 3 show the average performance of a set of decile-

sorted and FCS portfolios, respectively. Such estimates do not reveal if the performance of different

funds is concentrated in certain states or occur over certain periods of time. Addressing this point

can help provide us with further insights into the nature of the performance of the selected funds.

Accordingly, we next explore this issue using a non-parametric methodology designed to capture

“local” time variation in portfolio alphas. Appendix B provides further details of this approach.

Figure 2 shows the evolution through time in the risk-adjusted performance (alpha) of the

superior funds included in the FCS portfolio (in blue), along with the performance of the traditional

top decile portfolio (P10, in purple). The red line tracks the performance of the initial set of funds,

selected using the top-15% ranked funds. Finally, the green line tracks the performance of the set

of funds with positive predictive alphas, while the black line tracks the performance of a portfolio

containing all funds in existence at a given point time.

From 1993-1995, the local alpha estimates of the FCS portfolio are either close to zero or

positive. Starting in 1996, the performance of the FCS portfolio increases dramatically, before

peaking at about 200 bps/month in 1999-2001. Over the same five-year period the performance of

the P10 decile portfolio hovers around zero. The FCS portfolio only performs poorly during brief

spells in 1990 and around 2004. After 2007, the FCS portfolio produces positive alphas of about

25-50 bps/month.
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4.5. Technology Factor

Our results up to this point use a four factor model to compute the fund-level alpha forecasts,

compare fund performances using the FCS methodology, and, finally, evaluate fund performance.

One concern that is commonly raised when assessing results based on factor models is that they

could be affected by an omitted risk factor. As we show in Section 5.1, there are times when the

FCS of superior funds is quite concentrated and loads up on technology-heavy funds, so a concern

here might be that our results are not robust to the presence of a technology factor.

To address this issue, and as a robustness check, we therefore include a fifth, technology index,

factor in the FCS fund selection step ((3)) as well as in the performance evaluation step.32 We

construct this fifth technology factor from the Fama-French 12-industry classification, using returns

on Computers, Software, and Electronic Equipment. Funds that are selected using the five factor

model in the FCS step go on to produce a four-factor alpha estimate of 34 bps (t-stat of 1.92) and

a five factor alpha estimate of 36 bps (t-stat of 1.87).

As an alternative robustness exercise, we computed the non-parametric characteristics selectiv-

ity (CS) performance measure for the FCS portfolio that uses the five factor specification in the

fund selection step. The average value of the CS measure is 33.5 bps per month with an associated

p-value of 0.0001.

These results all suggest that including a technology factor has a relatively modest effect on

our results.

4.6. Performance of Inferior FCS Funds

Next, we analyze whether the FCS approach can be used to identify funds with inferior performance.

To this end we need to redefine the objective function. We do so by maximizing a “predictive alpha”

loss function which focuses on funds in the left tail of the performance distribution:

Li,t = Min(α̂i,t|t−1, 0)sign(Ri,t − β′i,tzt). (19)

Recall that the sign function sign(•) equals -1 if its argument is negative. Hence, Li,t will be

large for funds expected to perform poorly (through Min(α̂i,t|t−1, 0)) with negative risk-adjusted

returns, i.e., sign(Ri,t − β′i,tzt) = −1. Funds with zero or positive expected alphas (α̂i,t|t−1 > 0)

get excluded from consideration since Li,t = 0 for such funds.

32We do not, however, include the technology factor in the alpha forecasting step which takes 1-2 weeks of compu-
tation time due to the use of the extended Kalman filter.
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Again, we base our analysis on a sample estimate of the mean performance for fund i,

L̄i,t =
1

t− ti0

t∑
τ=ti0+1

Min(α̂i,τ |τ−1, 0)× sign(Ri,τ − β̂
′
i,τzτ ). (20)

As a first illustration of the inferior funds selected by the FCS approach, the bottom panel of

Figure 1 shows the distribution of predictive alphas for the funds that were in existence (and had

a minimum of five years of data) on July 1st, 2006. The distribution of predictive alphas for

funds in the inferior FCS (blue line) is centered around -0.5%/year, and is much further to the

left than the distribution curve for funds with negative alpha estimates (green line), funds with

significantly negative alphas (red line), or for the population of funds as a whole (black curve). As

in the case of funds with superior performance (top panel), the FCS approach is more selective

in identifying funds with inferior performance than an approach that simply considers funds with

negative expected performance.

Table 4 reports the four-factor risk-adjusted performance of the set of inferior funds identified by

the FCS approach. The bottom decile of funds, as ranked by the constant-alpha benchmark model,

generates a negative alpha estimate of -19 bps/month. The alpha estimate for the tight (λ = 0.90)

equal-weighted FCS portfolio chosen from the top 15% alpha-ranked funds (Panel A) more than

doubles in magnitude to -43 bps/month, which is highly statistically significant. Moreover, we

find large and statistically significant (negative) alpha estimates for the worst funds across a broad

range of values for the tightness parameter (λ).

These results show that the performance estimates for the funds with inferior performance are

not as sensitive to the choice of λ as are our estimates for funds with superior performance. It is

easy to explain this finding. As we reduce λ from 0.90 to 0.50 or 0.10, we widen the set of funds

included in the FCS portfolios. Because poor performance is so widespread—Table 2 suggests that

more than 30% of funds underperform—this has little effect on the portfolio comprising the worst

funds. In contrast, good performance is less widespread, and, so, requires constructing a more

concentrated portfolio (high λ) to be successfully identified.

Turning to the fund rankings based on the latent skill model, we find equally strong evidence

that the FCS methodology succeeds in identifying funds with strongly negative performance. Specif-

ically, the average alpha goes from -21 bps/month for the bottom decile of funds to -36 bps/month

for the FCS portfolio with λ = 0.90. In both cases, the t-statistics are greater than three in abso-

lute value, and, so, the results are both economically and statistically significant. A similar finding

holds when we apply our approach to the LS-Holdings model. As shown in the last columns of

Table 4, the average alpha performance drops from -16 bps/month for the bottom decile of funds to

-32 bps/month for the tight FCS portfolio (λ = 0.90.) Again, the results are quite robust to value-

weighting, as opposed to equal-weighting, the funds in the FCS portfolio; using value weights and
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λ = 0.90, the alpha estimates for the three performance models are -41, -27, and -26 bps/month,

respectively (-43, -36, and -32 bps/month under equal weights).

The remaining panels in Table 4 show performance results when the FCS methodology is applied

to the bottom 5% or 25% of alpha-ranked funds (Panels B and C, respectively). When applied

to an even narrower (5%) initial set of funds, the FCS portfolio of inferior funds produces even

lower performance than in Panel A, whereas the performance is slightly better for the wider set of

initial funds (25%). Applying the FCS approach to an initial set of funds selected based on the

Romano-Wolf stepwise procedure (Panel D), we obtain similar results to those in Panel A.33

Note that the FCS approach works slightly better for the constant-alpha model than for the LS

or LS-Holdings models applied to the bottom-ranked funds. Bottom funds tend to underperform

because of high fees and transaction costs (Carhart, 1997) and not so much because they can

systematically select poorly performing stocks (Kosowski, et al. (2006)). Hence, for inferior funds,

there is not so much information to be learned from the holdings data.

Figure 3 plots the time-series evolution in the local alpha estimates for the inferior FCS portfolio.

For this portfolio, we see substantially worse performance during the first five years of the sample

followed by slightly better performance during 1998-2002 and, again, in 2012.

4.7. Fund Performance in High and Low Volatility States

Kacperczyk et al. (2016) analyze mutual funds’ allocation of attention in a setting with multiple

risky assets. Provided that the uncertainty about the aggregate risk factors is sufficiently large,

their analysis shows that an increase in the variance of the aggregate risk factors (i) increases the

dispersion in fund portfolio holdings; (ii) increases the dispersion in fund excess returns (Proposition

3 in Kacperczyk et al. (2016)); and (iii) increases the excess returns for skilled funds (Proposition

5). The intuition underpinning these results is that rewards from processing information are higher

during times when asset payoffs are highly volatile, leading to stronger incentives for skilled investors

to allocate extra attention to their portfolio decisions during such times. Conversely, unskilled

investors can either not increase their attention (noise traders) or face higher costs from doing

so, with the result that the differential between skilled and unskilled funds’ return performance

increases during periods of high volatility.

To test the first prediction (wider dispersion in portfolio holdings and returns), we compute

the cross-sectional dispersion in industry exposure across the funds in our sample. At any point

in time, the dispersion measure is computed relative to the average industry exposure across all

funds. We then sort the sample into three groups, according to whether the aggregate (market)

33A portfolio of funds with significantly negative alphas (selected using the Romano-Wolf approach) yields a four-
factor alpha of -15 bps/month compared to the -32 bps/month figure obtained from applying the FCS approach to
this same set of funds. Thus, there is considerable heterogeneity among funds with significantly negative performance.
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volatility is low, medium or high, assigning one-third of the total sample to each volatility bin.34

Panel A in Table 5 (left column) shows that the dispersion in industry concentration–computed

using holdings in 48 industries–across funds is twice as high during periods with high aggregate

risk compared to periods with low aggregate risk (1.023 vs. 0.464).35 Moreover, the difference in

mean industry concentration across states with high and low aggregate volatility is statistically

significant with a p-value of 0.023.

Next, consider the second prediction implied by the analysis in Kacperczyk et al. (2016), namely

that excess returns should be more disperse across funds during times of high volatility. Consistent

with the prediction, the right column of Panel A in Table 5 shows that during periods with high

aggregate risk the dispersion in the CS measure is two and a half times greater (6.09 versus 2.29)

than during periods with low aggregate risk. Once again, this difference in dispersion across the

high and low volatility states is statistically significant. Since the CS measure is constructed from

funds’ individual security holdings, this finding is consistent with the cross-sectional dispersion

increasing during times of high volatility not simply due to greater differences in funds’ industry

allocations, but due to more dispersion in individual stock holdings.

Our FCS approach is ideally suited for testing the third prediction–that excess returns should

be higher among the most skilled funds during times with high volatility–as it seeks to identify the

set of funds with superior performance and thus, as we have seen, provides a direct estimate of the

breadth of skill among mutual funds at a given point in time. Even so, it can be challenging to

identify, ex-ante, outperforming active equity funds during periods of high stock market volatility.

Although the greater separation in fund alphas implied by the theory should enhance our ability

to identify superior funds, test procedures are hindered by a larger level of noise in each point

estimate during periods with high volatility. Which of these two influences dominates depends on

how much the skilled fund managers’ performance increases during periods with higher volatility.

Panel B1 in Table 5 reports four-factor alpha estimates computed for the low, medium and high

risk samples. The FCS alphas are notably higher (103 bps per month) during periods with high

aggregate volatility (left columns) than during periods with low volatility (one bp/month), and

their difference is highly statistically significant. An even stronger result holds when we sort by

idiosyncratic volatility (right columns), where the alpha of the FCS portfolio is essentially zero dur-

ing low-risk episodes but 118 bps/month during periods with high idiosyncratic risk. Interestingly,

the portfolio of the top-10 percent of fund managers (P10) only weakly, and only when considering

idiosyncratic risk, detects this relation between volatility and performance–in large part because it

fails to account for the effect of high volatility on the breadth of performance skills.

Similar, if even stronger, results hold when we use a 36-month rolling window to determine

34Our empirical tests of the relation between fund performance and aggregate market volatility all use a “local”
measure of volatility, created using a 12-month rolling window volatility estimate and based on daily returns.

351.023 corresponds to an average deviation of an industry’s weight in a given fund of about 14%, relative to the
industry’s average portfolio weight across funds, while 0.464 corresponds to a deviation of only about 10%.
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the underlying volatility state. Using a 36-month window produces a less noisy estimate of the

underlying volatility state, although it may also fail to detect short-lived durations of unusually

high or low volatility. Using the longer 36-month window (Panel B2), we find that performance

increases monotonically from 5 bps/month in the low aggregate risk state to 111 bps/month in

the high (aggregate) volatility state or from 7 bps/month to 146 bps/month when sorting on

idiosyncratic volatility.

We conclude from this evidence that performance among superior funds is notably higher during

periods with high aggregate or idiosyncratic volatility and that this effect outweighs any increased

noise that is introduced to estimated alphas during such periods. The FCS efficiently locates the

set of outperforming active equity funds during the periods when they produce their greatest levels

of alpha. In contrast, the conventional decile-sorting approach falls notably short at identifying the

improved performance in high-volatility states.36

5. Selection of Superior and Inferior Funds

The previous section shows that the FCS approach can be used to successfully identify funds with

superior or inferior risk-adjusted performance. Moreover, the approach works particularly well for

the LS-Holdings model that combines holdings and returns data to admit a sharper inference on

fund alpha estimates. The FCS approach is fundamentally different from existing methods, such

as decile sorting which keeps the proportion of “top” funds fixed through time. In contrast, the

FCS approach endogenously determines how many funds to include. This section provides details

of both the number of funds selected by the FCS approach and their identify.

5.1. Identifying Superior Funds

We can gain important economic insights by studying how the set of superior funds evolves over

time. Specifically, the turnover in the set of funds identified to be superior is related to the skill level

and duration of individual funds’ ability to outperform and the speed with which the competition

catches up.

The top panel of Figure 4 shows the number of funds included in the FCS portfolio at each

point in time. Because this set depends on the size of the test, λ, we present results for the narrow,

medium, and wide sets, λ = {0.9, 0.5, 0.1}, but focus on the narrow set (λ = 0.90) in most of our

discussion. The number of funds included in the top FCS fluctuates considerably over time. Around

36Kacperczyk et al. (2016) compare fund performance during recession and expansion periods, noting that re-
cessions tend to be periods with higher stock market volatility. We also considered splitting the data sample using
the NBER recession indicator, but found that fund performance was imprecisely estimated, partly due to the small
number of recession months in our sample (34), which made the estimated recession alpha imprecise. Instead we find
that our volatility measure provides a better proxy for high versus low volatility periods.
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5-10 funds get selected during the two-year period from 1992-1994, followed by a narrower FCS

up to 2000. As shown in Figure 2, this period coincides with the best risk-adjusted performance

of the FCS portfolio, suggesting that, at least for this historical period, our methodology succeeds

in identifying a narrow set of funds with high subsequent performance. After 2000, the FCS

undergoes considerable change with a broad array of funds entering and leaving the FCS up to

2007. During the last 18 months of the sample, the top FCS grows in size, and includes around 40

funds. On average, the tight FCS (λ = 0.90) includes 8 funds, while the medium (λ = 0.50) and

wide (λ = 0.10) FCS include 16 and 22 funds, respectively.37

Because the number of funds in our data increases over time, it is useful to also consider the

percentage of funds identified by the FCS approach as being top performers. The bottom panel in

Figure 4 provides a time-series plot of this proportion for the three different values of λ considered

above. The percentage of top performers varies greatly over time. It fluctuates between 0.5% and

4% in the early part of the sample (assuming λ = 0.90), and is quite low up to 2000. After this

period, 2% or more of the funds regularly get selected, and the proportion of included funds peaks

at around 4% in 2011-2012. For smaller values of λ, the percentage of funds included is, of course,

a bit higher, but it rarely exceeds 6%. On average, the tight FCS includes 1.3% of the funds, while

the medium and wide FCS portfolios include 3.0 and 4.2% of the funds, respectively.

Figure 5 presents more detail on the individual funds identified as superior by the FCS approach.

Specifically, for each fund that gets selected at least once during the sample, the figure shows

when this particular fund is chosen. (The labeling on the y-axis is arbitrary, but maps one-

to-one to the fund ID.) A single fund–Fidelity Select Technology–gets selected for most of the

five-year period from 1995-2000. Between 2008 and 2011, a single fund–T Rowe Price Media and

Telecommunications–is again selected. For most of the remaining periods a broader array of funds

is selected, consistent with Figure 4.38

To interpret these findings, note that the number of funds identified as being superior at a given

point in time depends on the ability of the underlying performance model to accurately estimate

individual funds’ risk-adjusted returns and, thus, discriminate between funds. For example, during

periods where individual fund alphas are estimated with large sampling errors, we would not expect

t-tests such as equation (7) to be able to eliminate many funds from the FCS which, thus, might

include many funds. In contrast, during times where individual funds’ track records are more

informative and alpha estimates are sharper, we would expect the FCS approach to be more

discriminating, resulting in a narrower set of funds being included.

37Recall that the λ parameter should be chosen to reflect the trade-off between an investor’s utility from correctly
including a genuinely superior fund versus her disutility from wrongly including an inferior fund.

38The ability of the FCS to identify funds with superior performance can also be explored by studying the average
value of the t-test used to eliminate inferior funds through time. This value hovers between -2 and -6 through most
of our sample. Periods when the t-test is less negative (closer to zero) are times when a broader set of funds have
more similar levels of expected performance; periods with more negative t-tests coincide with a narrow set of funds
that are expected to outperform (and, thus, other funds are easy to eliminate through the sequence of t-tests).
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Figure 6 illustrates this point by showing the predictive alpha of the fund(s) included in the

FCS (marked in red) at three points in time (January 1997, 2002, and 2010) along with the alphas

of those funds excluded (marked in blue). In the top and bottom plots a single fund gets selected

by the FCS due to its markedly superior performance. In contrast, no single fund stands out in

the middle panel, giving rise to a wider fund confidence set.

We conclude the following from our analysis. First, our ability to identify superior funds

fluctuates significantly over time—sometimes this set is quite broad, containing up to 5% of the

funds, at other times, the set is very narrow and contains less than a handful of funds–or even

just a single fund. Second, the set of superior funds is almost always much smaller than the 10%

figure assumed in decile ranking studies, and has been decreasing over time. This means that a

procedure that forms portfolios based on a fixed fraction of the total number of funds—such as the

conventional decile sorting approach—is likely to grossly underestimate the possibility of identifying

funds with superior performance.

5.2. Identifying Inferior Funds

Figures 7 and 8 present plots similar to those presented in figures 4 and 5, but now applied to

the set of funds identified to have inferior performance. Figure 7 shows that the set of funds with

inferior performance fluctuates considerably through time, peaking at close to 5% for the narrow

FCS portfolio (λ = 0.90), but often containing 1% or fewer of the funds. On average, the narrow

FCS (λ = 0.90) includes 11 funds, while the medium (λ = 0.50) and wide FCS (λ = 0.10) portfolios

on average include 25 and 38 funds, respectively. These figures correspond to 1.7%, 4.5% and 6.7%

of the total number of funds, respectively. Thus, across all values of λ, the set of inferior funds is

broader and includes more funds than the equivalent FCS for superior funds.

Figure 8 shows the inclusion plot for individual funds with inferior performance. We continue

to see periods during which only a single inferior fund is selected by the tight FCS approach. For

example, between 1993 and 1995, only the Centurion Growth Fund gets included in the tight FCS,

while, between 2001 and 2004, the tight FCS of inferior funds predominantly consists of the Phoenix

Oakhurst Strategy F fund.

Interestingly, passive index funds, such as the Vanguard S&P500, are never included in either

the superior or inferior FCS portfolios, suggesting that, at each point in time, there always exist

funds with genuinely better or genuinely worse ex-ante expected performance than a passive low-

cost strategy.

An alternative way to address how difficult it is for mutual funds to generate abnormal perfor-

mance and how this varies through time is by studying how many funds have significantly positive

or negative alpha estimates. The top panel in Figure 9 plots smoothed kernel estimates of the

proportion of funds with a statistically significant alpha estimate, identified using the methodology
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of Romano and Wolf (2005), which is ideally suited to address this question. The number starts at

12% in 1990 (approximately 25 funds), drops to less than 5% in 1998 (approximately 15-20 funds),

and ranges between 5% and 8% for the remainder of the sample, corresponding to between 40 and

75 funds. This shows that there is significant time variation in the scope for individual funds to

outperform. The downward trend from 1990 through 1997 and, again, from 2002 until the end of

the sample (2012) is consistent with competition intensifying through time (Pastor, et al. (2015)).

The bottom panel of Figure 9 plots the proportion of funds with significantly negative alpha

estimates. On average, about 20-25% of funds have significantly negative alpha estimates, however,

the scope for underperformance varies substantially through time. Fewer than 15% of funds had

significantly negative alphas in 1994 and from 2010-2011, whereas more than 25% of funds had

significantly negative alpha estimates during much of the decade from 1999-2009. At the end of

the sample, three times as many funds had significantly negative alphas as funds with significantly

positive alphas.

5.3. Turnover and Durations of Portfolios

As a way to illustrate how often individual funds enter and exit the FCS, we next compute the

turnover in the set of funds included in the tight FCS portfolio, and compare this to the turnover

among funds in the top and bottom decile portfolios. Specifically, we compute

Turnover =
1

2

Nt∑
i=1

|∆wit|, (21)

where wit is the portfolio weight on fund i at time t, and ∆wit = wit − wit−1 measures the change

in the portfolio weight on fund i from month t− 1 to month t.

The average monthly turnover for the top FCS portfolio is 0.19, while the corresponding figure

for the bottom FCS portfolio is 0.26. For comparison, the monthly turnover of the top and bottom

decile portfolios are 0.12 and 0.11, respectively. Thus, the turnover is somewhat higher for the FCS

portfolios, which is what we would expect, given that these portfolios typically contain fewer funds

than the more broadly diversified decile portfolios.

To help explain what generates the higher turnover in the FCS portfolios, Figure 10 provides

details on the average duration of funds in the FCS (left column) and decile portfolios (right

column) with top performers in the upper panels and bottom performers in the lower panels.

Focusing on top-ranked funds, the figure shows that the main reason for the high turnover in the

top FCS portfolios is that approximately 40% of all funds remain in the FCS portfolio for only one

or two months, while another 20% of the funds get selected for three or four consecutive months.

In comparison, about 45% of funds remain in the top decile portfolio for four months or less.

There are also fewer funds with very long durations in the top FCS portfolio, compared to the top
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decile portfolio. Similar conclusions hold for the portfolios of bottom-ranked funds shown in the

lower panels of Figure 10. These short durations are in part a result of estimation errors affecting

individual funds’ alpha estimates but may also be indicative of strong competition which makes it

more difficult for individual funds to be repeatedly included in the set of superior funds.

5.4. Business Cycle Variation in the Set of Superior and Inferior Funds

Our empirical analysis up to this point shows that the width of the set of funds identified to

have superior performance varies a great deal over time. To see whether the proportion of funds

identified to have either superior or inferior performance depends on the state of the economy, we

next perform a simple analysis that regresses the percentage of funds in either the top or the bottom

FCS on a range of state variables commonly used to capture the state of the economy. Specifically,

we use the 1-month T-bill rate, the term spread, the default spread (i.e., the difference between

the yield on portfolios of (Moody’s) Baa- and Aaa-rated bonds) and the dividend yield as our state

variables. These variables feature prominently in the literature on return predictability for the

broad stock market (Welch and Goyal, 2008), and have also been used to model state-dependence

in mutual fund performance (Ferson and Schadt, 1996; Avramov and Wermers, 2006; and Banegas,

et al., 2013).

Table 6 reports the outcome of this analysis. We find that many of the state variables are

significantly correlated with the width of the top FCS portfolio. Notably, the proportion of funds

included in the top FCS tends to be higher in environments with a high short interest rate, a steep

yield curve (high term spread), and a small default yield.39

Turning to the funds in the bottom FCS, we find somewhat different results: the proportion

of funds whose performance is judged to be inferior tends to be higher in economic states with

high interest rates, a high default spread, and a high dividend yield. A higher default spread is

often associated with economic recessions, and, so, this suggests a very different pattern than that

uncovered for the FCS comprising funds with superior performance.

We conclude, from this evidence, that economic states with higher expected future growth

(higher term spread) and lower risk premia (smaller default yield) are associated with a broader set

of funds being identified as superior. Such states are more likely to occur in economic expansions,

and, so, our finding is consistent with that of Kacperczyk et al. (2014) that some funds can pick

stocks during economic upturns. Conversely, inferior performance tends to become more widespread

during recessions.

39A similar set of results apply if we focus on the number of funds (rather than the proportion of funds), although,
now, the T-bill rate is insignificant.

29



6. Style and Industry Exposures

To gain insights into the investment strategies underlying the abnormal returns generated by the

FCS portfolios, we next analyze the evolution in the FCS-chosen funds’ style exposures. To this

end, we exploit that we have access to quarterly holdings for all funds included in our analysis.

The holdings data include information on funds’ exposure to size, book-to-market, and momentum

risk factors, along with their industry concentrations. For each FCS portfolio, we use these data to

construct equal-weighted cross sectional averages of the characteristics and industry concentrations

for the underlying funds. Because the time series of holdings data can be quite volatile, we consider

rolling one-year averages of the portfolio characteristics.

6.1. Style Exposures

Table 7 presents attributes of the funds in the top and bottom FCS portfolios and, for comparison

purposes, the average computed across all funds. The average attributes are calculated by first

taking cross-sectional averages of the relevant set of funds at a given point in time, then averaging

this cross-sectional mean over time. The attributes include the characteristic selectivity measure

computed over the past one-month (CS-1m) and three-month (CS-3m) horizons, total net assets

measured in millions of dollars (TNA), portfolio-holdings-based style attributes for size (Size),

book-to-market (BTM), and momentum (MOM) style factors, the gap between actual returns and

the hypothetical return based on reported portfolio holdings (return gap), fund flows, net cash

inflows, expense ratio, and turnover.

We observe substantial differences in the attributes of superior and inferior funds, and between

either of these types of funds and the average fund. Specifically, superior funds have substantially

higher CS measures than average funds, which, in turn, have higher CS measures than inferior

funds. This is to be expected, since the CS measure is used to estimate fund performance and,

thus, determines which funds get allocated to the superior and inferior portfolios.

Interestingly, the portfolio of superior funds consists of funds whose average size ($3.3bn) is con-

siderably larger than that of both the average fund ($1.7bn) and inferior funds ($0.5bn), indicating

that the average superior fund performs well enough to more than offset any diseconomies-of-scale.

Turning to the style factors, the portfolio of superior funds holds firms with largely similar size,

book-to-market ratios, and momentum, compared to the average fund, while the portfolio of in-

ferior funds exhibits some differentiation on the size dimension. Both superior and inferior funds

tend to exhibit a similar return gap, which indicates that the return gap is not a useful proxy for

the skills captured by the FCS technique.

Further, inflows are much larger for superior funds, as expected (due to their higher past

returns). Superior funds also have a much lower expense ratio and somewhat lower turnover than
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inferior funds. This is consistent with the findings of Carhart (1997) that higher expense ratios

and higher turnover tend to reduce net return performance.

The above-mentioned style exposure results, which were averaged over time, mask important

differences during particular time periods. Accordingly, Figure 11 plots the time-series of style

exposures for funds in the top (left column) and bottom FCS (right column), along with style

exposures for the average fund. Comparing the plots for the top FCS portfolio to that of the average

fund, superior funds are more volatile in all three style dimensions. This result indicates that the

FCS rotates among funds residing in different styles, depending on macroeconomic conditions.

Funds in the superior FCS portfolio tend to have a heavier allocation to small- and mid-cap

stocks than the average fund–the most notable exception occurring during the global financial

crisis (2008-2009) where the superior funds overweighted large-cap stocks. The top FCS portfolio

tilts towards growth stocks from 1994 to 2001 (consistent with growth stocks having the most

uncertainty in valuations during this period), but overweights value stocks from 2001-2007. As

shown in the bottom panel of Figure 11, the top FCS funds have a notably higher exposure to the

momentum factor than the average fund only for brief spells during 1998, 2009 and 2012, suggesting

that this portfolio is not predominantly capturing rewards for momentum risk.

A very different picture emerges for the inferior FCS funds. These funds overweight large cap

stocks between 1993 and 1997, and again after 2009, overweighting small stocks during the interim

period from 1997-2008. The inferior FCS funds overweight value stocks for most of the sample,

while their exposure to the momentum risk factor only deviates substantially from that of the

average fund during 1994-1997.

Figure 12 shows histograms depicting the performance of the top FCS funds (top row) for differ-

ent realizations of the size, book-to-market, and momentum risk factors sorted into quintiles. For

example, the left-most blocks (within each style/FCS segment, e.g., “Size Superior FCS”) show the

average risk-adjusted performance of the FCS funds during months with the lowest quintile of real-

ized returns of the different risk factors, while the right-most blocks show the average performance

during months in which the realized value of the factors were in the top quintile.

The top left panel reveals a systematic and monotonically increasing relation between the per-

formance of the superior FCS funds and the size factor: the better large-cap stocks perform relative

to small stocks, the better funds in the superior FCS perform during a particular month. The rela-

tion between the book-to-market factor and the performance of the superior FCS funds shows that

superior funds perform far better (with an alpha close to 100 bps/month) during months where this

factor was at its lowest, i.e., during months where growth stocks outperform value stocks. Finally,

as shown in the right panel, superior FCS funds tend to perform better when the momentum risk

factor is very low.

The bottom row of panels in Figure 12 presents a similar set of plots for the inferior FCS

funds. There is evidence that the inferior FCS funds perform worse in periods where large stocks
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outperform (left panel), when value stocks outperform growth stocks by a large margin (middle

panel), and during times with a low realized value of the momentum factor (bottom panel).

Overall, these results indicate that the alphas of superior and inferior funds have a common com-

ponent that varies with the performance of the market capitalization and value/growth dimensions

in the marketplace and, to a lesser extent, with the outcome of the momentum risk factor.

6.2. Industry Concentration

Table 8 reports time-series average industry concentrations for the top FCS funds, bottom FCS

funds, and for all funds (equal-weighted averages) based on an industry classification that uses

48 industries (obtained from Ken French’s data site). Industry concentrations are also reported

separately for high-volatility and low-volatility states. A result that stands out is that funds

in the top FCS have much greater average concentrations in communications, business services,

computers, and electronic equipment, than funds in the bottom FCS, indicating the importance

of manager skill in choosing among technology firms during the 1985 to 2012 period. Moreover,

these differences are particularly high in the high-volatility state for the communications, business

services, and electronic equipment industries.

One way to summarize the extent to which the superior and inferior FCS portfolios take industry

bets is by calculating “active share” (Cremers and Petajisto, 2009) at the industry level, i.e., one-

half times the absolute deviation of each industry weight, measured relative to the average mutual

fund’s industry weighting, summed across industries, then averaged across time. For superior

FCS funds, this industry active share measure is 27.7 overall versus an active share of 10.8 for

inferior FCS funds. Industry active share is twice as high in recessions (45.1 and 21.7 for superior

and inferior funds, respectively) compared to expansions (25.7 and 10.1), suggesting that both

superior and inferior funds deviate substantially more from the average fund’s industry weights

during recessions. Moreover, for the superior FCS funds, industry active share is notably higher in

high-volatility states (32.5) than in low-volatility states (25.9), whereas it varies less across these

states for the inferior FCS funds.

To get a sense of the dynamic industry tilting strategies implied by the portfolios of superior

and inferior funds, Figure 13 plots one-year rolling averages of industry concentrations for the

top FCS funds and the average fund. We show results for the eight industries with the largest

(absolute) differences in industry concentration (relative to the average). The top funds greatly

overweight computer and electronic equipment stocks after 2005, and also overweight business

services and machinery during shorter spells. Conversely, the top funds underweight retail stocks

and, in particular, banking stocks throughout most of the sample.

Very different industry concentrations emerge for the inferior FCS funds (Figure 14). These

funds overweight apparel, medical equipment, computers, and wholesale industries during the early
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1990s, while conversely banking, business services and pharmaceutical products are underweighted

during this period. Towards the end of the sample, banking, computers, and communication shares

get overweighted by the inferior FCS funds.

Overall, this analysis shows that FCS-identified superior funds, while tilting more toward

technology-intensive companies, are focused on different sectors of the market during different

years. This indicates that the turnover of funds in the top FCS portfolio, over time, that was

documented earlier in this paper is at least partially due to the time-varying skills of managers

who invest in a particular sector of the market. Moreover, it also suggests that it is difficult for a

manager to maintain his performance over long periods of time.

7. Conclusion

This paper presents a new approach to selecting funds with superior performance. Our approach

goes well beyond earlier studies, in that we predict the set of funds most likely to outperform in the

future. This goal is very different from predicting whether an individual fund might outperform

in the future. By conducting a large set of pair-wise performance comparisons across a large set

of mutual funds, the approach iteratively eliminates funds with inferior performance. In line with

the finding in recent studies that only a relatively narrow–and declining–set of funds is capable of

outperforming on a risk-adjusted basis, our results suggest that it is important to choose a stringent

procedure that is capable of eliminating funds with inferior performance.

Several insights emerge from our analysis. First, we find that the set of funds identified ex-

ante to have superior performance subsequently goes on to generate risk-adjusted returns that are

substantially higher than the returns obtained by alpha-ranked funds in the top 5-10%, or by funds

with significantly positive alphas. Clearly there is substantial heterogeneity in performance even

among the funds with the highest alpha estimates.

Second, because of the considerable sampling error surrounding estimates of individual funds’

alphas, our results show that it is important to combine funds’ return records with information ob-

tained from their holdings to obtain sufficiently accurate performance estimates making it possible

to discriminate superior from inferior funds.

Third, the proportion of funds–as well as the identify of the individual funds–deemed to be

superior varies considerably over time and generally is far smaller than the 5-10% of funds in ex-

istence often assumed in studies that use portfolio decile sorts to gauge top funds’ performance.

Consistent with predictions from the theoretical analysis in Kacperczyk et al. (2016), we find that

the cross-sectional dispersion in fund performance increases in states with high market volatility

and that the performance of funds identified as being superior also rises when aggregate (or id-

iosyncratic) volatility is high. This suggests that the payoffs to mutual funds from allocating more

attention to the stock market is higher during such periods.
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Fourth, superior funds achieved their high returns by substantially deviating from the average

fund’s industry concentration and loadings on systematic risk factors. For example, the superior

funds overweighted value stocks from 2003 to 2009, switched between over- and underweighting

small cap stocks, but generally took only small bets on momentum risk. These funds also undertook

sizeable bets on individual sectors, overweighting computer and electronic equipment stocks but

underweighted retail and banking stocks.
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Internet Appendix A: Estimation and prediction of fund perfor-
mance

This appendix explains how we estimate the unknown parameters of the latent state models

and generate predictions of the conditional alpha.

For each fund, i, we observe a sample of excess returns, Rit. We cast the return model into

state space form as follows:

Rit = aiFit−1 + biF
2
it−1 − ki + (β̄

′
i + c′iFit−1)zt + εit

= Git(Fit−1) + εit,

Fit = νiFit−1 + ηit.

We focus on models where Rit is a linear function of the signal. Define F̂it|t−1 and Pit|t−1 as

the conditional mean and variance of the ith fund’s signal, given information at time t − 1. The

extended Kalman filter relies on a linear approximation of Git(Fit−1) around F̂it−1|t−2,

Git(Fit−1) ≈ Git(F̂it−1|t−2) +GF,it(Fit−1 − F̂it−1|t−2),

where

GF,it =
∂Git(Fit−1)

∂Fit−1

∣∣∣∣∣
Fit−1=F̂it−1|t−2

.

Given starting values for F̂i1|0 and Pi1|0, the following recursions constitute the extended Kalman

filter:

vit = Rit −Git(F̂it−1|t−2),

F̂i,t−1|t−1 = F̂it−1|t−2 + Pit−1|t−2G
′
F,it−1K

−1
it−1vit−1,

F̂it|t−1 = νiF̂i,t−1|t−1,

Kit = GF,itPit−1|t−2G
′
F,it + ε2it,

Pi,t−1|t−1 = Pit−1|t−2 − Pit−1|t−2G′F,it−1K−1it−1GF,it−1Pit−1|t−2,

Pit|t−1 = ν2i Pi,t−1|t−1 + η2it−1.

Using information up to time t− 1, we can estimate the parameters of the latent state models

presented in Section 3. Let θ̂i,t−1 denote the parameter estimates based on time t− 1 information.

We use the Kalman filter to forecast the signal one step ahead:

F̂i,t|t−1 = F̂i,t|t−1(θ̂i,t−1).
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For each fund, i = 1, ..., Nt, we also predict the alpha one step ahead

α̂i,t|t−1 = α̂i,t|t−1(F̂i,t|t−1).

The forecast of alpha at time t, given information at time t − 1, is therefore a function of the

forecast of the signal and the parameter estimates available at time t− 1.

Internet Appendix B: Local estimates of fund performance
This appendix shows how we generate non-parametric estimates of local (in time) return per-

formance.

To track variation in the performance of portfolios over time, we use a flexible, nonparametric

approach that allows for time-varying alpha performance, as well as time-varying factor exposures

through the following smooth time-varying parameter model:

Rpt = αp(t/T ) + β′p(t/T )zt + εpt, t = 1, . . . , T. (22)

Here αp(·) and βp(·) are unknown smooth functions that are allowed to depend on the sample

“fraction”, t/T , and, thus, can vary over time.40 To see how we can nonparametrically estimate

the parameters, define the vector of regressors Xt = (1 zt) and parameters θp(t/T ) = (αp(t/T )

β′p(t/T ))′, and rewrite equation (22) as

Rpt = X′tθp(t/T ) + εpt. (23)

The parameters θp(t/T ) can be estimated by means of a two-step procedure that first considers

the OLS estimator γ̂p = (γ̂p0, γ̂p1)
′ of the transformed model

k
1/2
st Rps = k

1/2
st X′sγp0 + k

1/2
st

(
s− t
T

)
X′sγp1 + εps, s = 1, . . . , T, (24)

where kst = k( s−tTh ) is a kernel function, and h is the bandwidth.41 In the second step, we construct

an estimator of αpt = αp(t/T ) as

α̂pt = (e⊗ I)γ̂p, (25)

where e = (1,0), I is an identity matrix, and ⊗ denotes the Kronecker product; see Cai (2007)

and Chen and Hong (2012) for further discussion of this approach, and its ability to capture time

variation in parameter estimates.

40Technically, the αp(·) and βp(·) functions allow for a finite number of discontinuities.
41Following Chen and Hong (2012), we set h = T−1/5/

√
12.
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The estimate α̂p,t from (25) portrays the evolution in the performance of the different portfolios

in a way that does not “average out” potentially interesting time-variation in αp. This can be

contrasted with the conventional full-sample approach or even a rolling-window procedure which

does not take into account how much the performance varies over time.
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Table 1: Cross-section of alpha estimates

Benchmark Latent Skill Latent Skill
Holdings

Mean -0.057 -0.057 -0.066
Min -1.114 -1.168 -1.610
Max 0.942 0.813 1.713
5% -0.361 -0.370 -0.376
10% -0.272 -0.279 -0.273
25% -0.166 -0.162 -0.157
50% -0.058 -0.051 -0.062
75% 0.053 0.056 0.034
90% 0.169 0.167 0.136
95% 0.255 0.244 0.211

This table shows the cross-sectional distribution of four-factor alpha estimates (in percent per month) ob-
tained from monthly returns data on U.S. equity mutual funds over the period 1980:06-2012:12. Mutual fund
returns are net of transaction costs and fees and are calculated in excess of a one-month T-bill rate. The
four risk factors are excess returns on a market portfolio, small-minus-big market cap and high-minus-low
book-to-market value Fama-French factors and a momentum risk factor. The three columns report results
for different performance models. The benchmark model assumes that alpha is constant and estimated by
OLS using a 60-month rolling window. The latent skill (LS) model allows for a time-varying alpha and uses
returns data to compute the expected value of each fund’s alpha. The latent skill-holdings (LSH) model also
allows for a time-varying alpha but combines returns and holdings data to estimate each fund’s alpha. The
extended Kalman filter is used to extract the latent signal underlying the models with time-varying alphas.
The reported estimates of the cross-sectional distribution is based on the individual funds’ average alpha
estimates.



Table 2: Risk-adjusted performance for alpha-ranked decile portfolios

Portfolio Benchmark Latent Skill Latent Skill Holdings

P1A -0.22 (-2.66) -0.25 (-3.65) -0.18 (-2.51)

P1B -0.16 (-2.53) -0.17 (-2.66) -0.14 (-2.24)

P1 -0.19 (-2.74) -0.21 (-3.32) -0.16 (-2.51)

P2 -0.14 (-2.46) -0.15 (-2.57) -0.14 (-2.51)

P3 -0.08 (-1.60) -0.10 (-2.06) -0.10 (-2.15)

P4 -0.09 (-1.76) -0.08 (-1.75) -0.09 (-1.86)

P5 -0.07 (-1.44) -0.08 (-1.74) -0.09 (-2.25)

P6 -0.07 (-1.45) -0.08 (-1.76) -0.06 (-1.43)

P7 -0.03 (-0.65) -0.05 (-1.15) -0.05 (-1.23)

P8 -0.05 (-1.08) -0.03 (-0.61) -0.02 (-0.45)

P9 -0.02 (-0.42) 0.04 (0.75) 0.00 (0.04)

P10 0.06 (0.83) 0.05 (0.70) 0.02 (0.31)

P10A 0.00 (0.07) 0.05 (0.75) -0.00 (-0.04)

P10B 0.11 (1.26) 0.05 (0.57) 0.05 (0.59)

P10-P1 0.25 (3.46) 0.26 (4.94) 0.18 (4.00)

MR p-val 0.07 0.00 0.00

This table reports four-factor alphas (in percent per month) for a set of alpha-ranked decile portfolios, with
t-statistics in brackets. Each month we rank the set of mutual funds in existence according to their expected
alphas and allocate them to equal-weighted decile portfolios listed in increasing order from funds with the
lowest alphas (P1) to funds with the highest alphas (P10). The alpha ranking is repeated each month during
the sample 1985:07-2012:12 and so produces a time series of portfolio returns from which the reported alpha
estimates are computed. The columns report results for three different performance models. The benchmark
model assumes that alpha is constant and estimated by OLS using a 60-month rolling window. The latent
skill model allows for a time-varying alpha and uses returns data to compute the expected value of next
month’s alpha. The latent skill-holdings model also allows for a time-varying alpha but combines returns
and holdings data to estimate each fund’s alpha. P1A and P1B are constructed by splitting the funds
in the bottom decile portfolio into two new portfolios of equal size. P10A and P10B are constructed in
the same way. P10 − P1 is a portfolio constructed from the difference between the top and bottom decile
portfolios. The table reports alpha estimates in percentage terms followed by t-statistics in brackets. If a
particular performance model provides an accurate ranking of the funds we would expect the alpha estimates
to increase monotonically from P1 to P10. We test for this monotonically increasing pattern against a flat or
a decreasing relation using the monotonic relation (MR) test proposed by Patton and Timmermann (2010).
Low p-values are evidence against a flat or decreating pattern and so are suggestive of a precise ranking of
alphas.



Table 3: Risk-adjusted performance for FCS portfolios of superior funds

Panel A: Top 15 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight 0.30 (1.24) 0.36 (1.41) 0.25 (1.94) 0.25 (1.81) 0.54 (2.13) 0.52 (2.08)

FCS-medium 0.27 (1.59) 0.23 (1.33) 0.15 (1.53) 0.14 (1.24) 0.18 (1.35) 0.18 (1.24)

FCS-wide 0.20 (1.51) 0.19 (1.38) 0.10 (1.05) 0.02 (0.16) 0.06 (0.51) -0.02 (-0.14)

P10 0.06 (0.83) 0.07 (0.89) 0.05 (0.70) 0.04 (0.61) 0.02 (0.31) 0.07 (1.06)

Panel B: Top 5 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight 0.36 (1.34) 0.39 (1.41) 0.10 (0.57) 0.10 (0.50) 0.48 (1.77) 0.47 (1.74)

FCS-medium 0.45 (2.28) 0.41 (2.02) 0.14 (1.06) 0.18 (0.99) 0.36 (1.92) 0.43 (2.04)

FCS-wide 0.36 (2.03) 0.28 (1.56) 0.08 (0.63) 0.06 (0.40) 0.24 (1.61) 0.21 (1.40)

P10 0.06 (0.83) 0.07 (0.89) 0.05 (0.70) 0.04 (0.61) 0.02 (0.31) 0.07 (1.06)

Panel C: Top 25 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight 0.30 (1.33) 0.35 (1.50) 0.17 (1.60) 0.16 (1.44) 0.38 (1.94) 0.38 (1.91)

FCS-medium 0.19 (1.24) 0.20 (1.30) 0.12 (1.48) 0.11 (1.20) 0.16 (1.18) 0.17 (1.20)

FCS-wide 0.14 (1.20) 0.14 (1.16) 0.08 (1.07) 0.04 (0.51) 0.05 (0.48) -0.00 (-0.04)

P10 0.06 (0.83) 0.07 (0.89) 0.05 (0.70) 0.04 (0.61) 0.02 (0.31) 0.07 (1.06)

Panel D: Romano and Wolf

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight 0.20 (0.95) 0.28 (1.30) 0.08 (1.05) 0.11 (1.19) 0.48 (2.02) 0.53 (2.19)

FCS-medium 0.14 (1.04) 0.18 (1.30) 0.10 (1.51) 0.10 (1.36) 0.14 (1.01) 0.13 (0.85)

FCS-wide 0.08 (0.61) 0.07 (0.59) 0.06 (0.94) 0.09 (1.29) 0.13 (1.02) 0.11 (0.85)

P10 0.06 (0.83) 0.07 (0.89) 0.05 (0.70) 0.04 (0.61) 0.02 (0.31) 0.07 (1.06)

This table reports four-factor alphas for a set of portfolios formed by equal- or value-weighting stocks identified
as being superior by the fund confidence set (FCS) approach. Alpha estimates are in percent per month with t-
statistics shown in brackets. Each month we apply the FCS approach to all funds in existence so as to identify
the set of superior funds. We then form a portfolio of these funds and record its return during the following
month. This procedure is repeated each month during the sample 1985:07-2012:12 and so produces a time
series of portfolio returns from which the reported four-factor alpha estimates are computed. In each panel
the top three rows report results for three different values of the tightness parameter (λ) used to determine
how strict to be when eliminating funds from the FCS. The top row uses a tight choice (λ = 0.90), resulting
in a narrower set of funds being included, while the second and third rows give rise to medium (λ = 0.50)
and wide (λ = 0.10) fund confidence sets. For comparison we also show results for the alpha-ranked top
decile portfolio (P10). The FCS approach requires us to choose an initial set of candidate funds from which
the superior funds are identified. Panel A uses the funds in the top 15 percent of the distribution of alpha
estimates, while Panels B and C use the top 5 and top 25 percent of funds ranked by their expected alphas.
Panel D uses the set of funds with significantly positive alpha, identified using the approach of Romano and
Wolf (2005). The columns report results for three different performance models. The benchmark model
assumes that alpha is constant and estimated by OLS using a 60-month rolling window. The latent skill (LS)
model allows for a time-varying alpha and uses returns data to compute the expected value of next month’s
alpha. The latent skill-holdings (LSH) model also allows for a time-varying alpha but combines returns and
holdings data to estimate each fund’s alpha.



Table 4: Risk-adjusted performance for FCS portfolios of inferior funds

Panel A: Bottom 15 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight -0.43 (-3.04) -0.41 (-2.78) -0.36 (-3.23) -0.27 (-2.49) -0.32 (-2.48) -0.26 (-1.74)

FCS-medium -0.31 (-2.58) -0.19 (-1.55) -0.27 (-3.45) 0.01 (0.11) -0.22 (-2.99) -0.19 (-1.75)

FCS-wide -0.21 (-3.09) -0.14 (-1.78) -0.25 (-3.32) -0.01 (-0.12) -0.19 (-2.99) -0.15 (-1.54)

P1 -0.19 (-2.73) -0.18 (-2.09) -0.21 (-3.32) -0.12 (-1.66) -0.16 (-2.51) -0.16 (-1.87)

Panel B: Bottom 5 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight -0.57 (-3.85) -0.57 (-3.92) -0.56 (-3.41) -0.44 (-2.50) -0.45 (-2.99) -0.49 (-2.75)

FCS-medium -0.49 (-3.82) -0.45 (-3.47) -0.41 (-4.14) -0.14 (-1.23) -0.37 (-3.97) -0.30 (-2.28)

FCS-wide -0.40 (-4.04) -0.39 (-4.37) -0.36 (-3.78) -0.00 (-0.04) -0.29 (-3.92) -0.29 (-2.56)

P1 -0.19 (-2.73) -0.18 (-2.09) -0.21 (-3.32) -0.12 (-1.66) -0.16 (-2.51) -0.16 (-1.87)

Panel C: Bottom 25 percent of funds

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight -0.40 (-2.82) -0.35 (-2.31) -0.21 (-2.12) -0.17 (-1.58) -0.26 (-2.68) -0.16 (-1.44)

FCS-medium -0.35 (-3.39) -0.23 (-2.14) -0.24 (-3.37) -0.06 (-0.75) -0.21 (-3.07) -0.19 (-1.99)

FCS-wide -0.18 (-2.46) -0.10 (-1.33) -0.23 (-3.44) -0.04 (-0.59) -0.19 (-3.08) -0.13 (-1.60)

P1 -0.19 (-2.73) -0.18 (-2.09) -0.21 (-3.32) -0.12 (-1.66) -0.16 (-2.51) -0.16 (-1.87)

Panel D: Romano and Wolf

Benchmark Latent Skill Latent Skill Holdings

Equal Value Equal Value Equal Value

FCS-tight -0.45 (-3.36) -0.40 (-2.81) -0.20 (-2.77) -0.11 (-1.26) -0.23 (-2.31) -0.17 (-1.55)

FCS-medium -0.25 (-3.35) -0.11 (-1.35) -0.20 (-3.01) -0.11 (-1.54) -0.15 (-2.20) -0.13 (-1.52)

FCS-wide -0.14 (-2.28) -0.02 (-0.34) -0.17 (-3.22) -0.05 (-0.97) -0.20 (-3.59) -0.16 (-2.04)

P1 -0.19 (-2.73) -0.18 (-2.09) -0.21 (-3.32) -0.12 (-1.66) -0.16 (-2.51) -0.16 (-1.87)

This table reports four-factor alphas for a set of portfolios formed by equal- or value-weighting stocks identified
as being inferior by the fund confidence set (FCS) approach. Alpha estimates are reported in percent per
month, with t-statistics reported in brackets. Each month we apply the FCS approach to all funds in existence
so as to identify the set of inferior funds. We then form a portfolio of these funds and record its return during
the following month. This procedure is repeated each month during the sample 1985:07-2012:12 and so
produces a time series of portfolio returns from which the reported four-factor alpha estimates are computed.
In each panel the top three rows report results for three different values of the tightness parameter (λ)
used to determine how strict to be when eliminating funds from the FCS. The top row uses a tight choice
(λ = 0.90), resulting in a narrower set of funds being included, while the second and third rows give rise
to medium (λ = 0.50) and wide (λ = 0.10) fund confidence sets. For comparison we also show results for
the alpha-ranked bottom decile portfolio (P1). The FCS approach requires us to choose an initial set of
candidate funds from which the inferior funds are identified. Panel A uses the funds in the top 15 percent of
the distribution of alpha estimates, while Panels B and C use the top 5 and top 25 percent of funds ranked
by their expected alphas. Panel D uses the set of funds with significantly positive alpha, identified using the
approach of Romano and Wolf (2005). The columns report results for three different performance models.
The benchmark model assumes that alpha is constant and estimated by OLS using a 60-month rolling window.
The latent skill (LS) model allows for a time-varying alpha and uses returns data to compute the expected
value of next month’s alpha. The latent skill-holdings (LSH) model also allows for a time-varying alpha but
combines returns and holdings data to estimate each fund’s alpha.



Table 5: Dispersion and risk-adjusted performance sorted by volatility

Panel A: Dispersion in Industry Concentration and CS Measure

Industry concentration CS measure

Aggregate risk Aggregate risk

All funds All funds

Low risk 0.464 [0.000] 2.291 [0.000]

Med. risk 0.680 [0.000] 3.399 [0.000]

High risk 1.023 [0.000] 6.093 [0.000]

High-Low 0.559 [0.023] 3.802 [0.000]

Panel B1: Dispersion of performance for superior funds (12 months)

Aggregate risk Idiosyncratic risk

FCS P10 FCS P10

Low risk 0.010 [0.893] 0.005 [0.834] -0.048 [0.526] -0.064 [0.013]

Med. risk 0.154 [0.223] -0.094 [0.004] 0.064 [0.460] -0.060 [0.041]

High risk 1.034 [0.000] -0.016 [0.700] 1.183 [0.000] 0.019 [0.671]

High-Low 1.024 [0.000] -0.021 [0.661] 1.232 [0.000] 0.083 [0.104]

Panel B2: Dispersion of performance for superior funds (36 months)

Aggregate risk Idiosyncratic risk

FCS P10 FCS P10

Low risk 0.045 [0.218] -0.017 [0.169] 0.072 [0.036] 0.010 [0.381]

Med. risk 0.473 [0.000] -0.017 [0.394] 0.095 [0.078] -0.107 [0.000]

High risk 1.115 [0.000] 0.061 [0.006] 1.466 [0.000] 0.124 [0.000]

High-Low 1.070 [0.000] 0.078 [0.002] 1.394 [0.000] 0.114 [0.000]

Panel A of this table reports dispersion in industry concentrations and CS measure across all funds sorted
into groups according to volatility. We define the aggregate risk in period t as |βtσmt|, where βt is the
average market beta across funds and σmt is the realized volatility of the market based on daily returns. The
idiosyncratic risk is calculated in a similar fashion. The risk measures are based on a rolling window with a
length of 12 monthly observations. Dispersion in industry concentration is calculated as

∑48
c=1(wc

i,t−wc
avg,t)

2,
where wc

i,t is fund i’s weight in industry c at time t, and wc
avg,t is the weight of the average fund in industry c

at time t. The dispersion in the CS measure is calculated as the average squared deviation from a fund’s CS
measure to the average CS measure across funds. Panel B1 reports average alpha performance of portfolios
of superior funds identified by the fund confidence set (FCS) and the decile approach (P10) sorted according
to the rolling 12-month volatility estimate. Average alpha estimates are reported in percent per month. Each
month we apply the FCS approach to all funds in existence to identify the set of superior or inferior funds.
We then form a portfolio of these funds and record its return during the following month. This procedure
is repeated each month during the sample 1985:07-2012:12 and so produces a time series of portfolio returns
from which four-factor alpha estimates are computed based on the same 12-month rolling window used to
calculate the volatility measures. Panel B2 repeats this analysis for a 36-month rolling window. The FCS
portfolios are equally weighted, selected from the top 15 percent of alpha-ranked funds and for λ = 0.90.



Table 6: Width of fund confidence set and macroeconomic state variables

State variable Superior Funds Inferior Funds

Constant -0.00 (-0.28) 0.12 (2.23)

tbl 0.45 (2.65) 0.76 (2.70)

tms 1.23 (4.05) 0.30 (0.87)

dfy -0.88 (-2.38) 1.33 (1.65)

dy 0.00 (0.67) 0.04 (2.53)

This table presents least squares estimates (with t-statistics in parentheses) from regressing the percentage of
funds identified by the tight FCS approach as being superior (left panel) or inferior (right panel). The FCS
uses as the initial set of candidate funds those funds identified to have significantly positive alpha estimates
by the Romano-Wolf (2005) approach and assumes that λ = 0.90. We use the latent skill-holdings model
with a time-varying alpha to compute each fund’s alpha estimate and thus use both returns and holdings
data. The macroeconomic state variables are the one-month T-bill rate (tbl), the term spread (tms), the
default yield spread (dfy), and the dividend yield (dy).

Table 7: Attributes of funds included in the Fund Confidence Set

Overall High vol. Low vol.

Superior Inferior Average Superior Inferior Average Superior Inferior Average

CS-1m(×100) 0.36 -0.03 0.03 0.54 0.02 0.02 0.27 0.09 0.08

CS-3m(×100) 0.42 -0.15 0.04 0.70 -0.14 0.04 0.27 -0.04 0.05

TNA 3381.16 508.36 1765.90 2540.63 762.60 1997.49 3680.65 277.20 1514.06

Size 4.20 3.88 4.14 4.38 4.01 4.20 4.06 3.66 4.07

BTM 2.84 2.97 2.89 2.70 2.89 2.86 2.92 3.03 2.91

MOM 3.17 3.19 3.14 3.02 3.20 3.10 3.25 3.12 3.13

RetGap12(×100) -0.06 -0.05 -0.04 -0.10 0.05 0.04 -0.02 -0.19 -0.08

Flow(×100) 2.72 -0.85 1.40 1.92 -2.65 -0.45 3.11 0.32 2.57

ExpRatio(×100) 1.13 1.65 1.22 1.09 1.49 1.20 1.21 1.78 1.25

Turnover 1.06 1.39 0.83 1.51 1.38 0.86 0.74 1.21 0.80

This table reports several attributes of the funds selected by the FCS approach. The table reports attributes
for the FCS portfolio of superior funds, the FCS portfolio of inferior funds and the average across funds.
The FCS portfolios are based on a tight parameterization (λ = 0.9) and the top 15% of alpha-ranked funds,
using the latent skill holdings model to estimate time-varying alphas. Attributes are calculated by first
taking cross-sectional averages of attributes of the funds in the portfolio at a given point in time, then
taking time series averages. The attributes include the portfolio-weighted characteristic selectivity measure,
one month (CS-1m) and three months (CS-3m) in percent, total net assets of funds in millions of dollars
(TNA), portfolio holdings-based style attributes in the size (Size), book-to-market (BTM), and momentum
(MOM) dimensions, lagged net return, compounded over the 12 months prior to each portfolio formation
date (RetGap12), monthly percentage net cash inflows (Flow), computed as TNA minus one-quarter-lagged
TNA, divided by three, fund expense ratio (ExpRatio), and percent monthly turnover (Turnover). These
attributes are presented for all periods, for periods with high aggregate volatility only and for periods with
low aggregate volatility only. Aggregate volatility is calculated as in Table 5.



Table 8: Industry concentrations of funds included in the fund confidence set

Overall High vol. Low vol.

Superior Inferior Average Superior Inferior Average Superior Inferior Average

Agriculture 0.09 0.20 0.21 0.05 0.30 0.26 0.10 0.08 0.18

Food Products 0.84 1.36 1.56 0.37 1.25 1.38 0.87 1.22 1.63

Candy & Soda 0.16 0.27 0.11 0.25 0.27 0.13 0.12 0.20 0.09

Beer & Liquor 0.82 1.12 0.95 0.43 0.87 0.96 1.37 1.45 0.96

Tobacco Products 0.25 0.22 0.34 0.24 0.21 0.38 0.23 0.21 0.31

Recreation 0.24 0.33 0.34 0.19 0.25 0.25 0.39 0.40 0.41

Entertainment 1.56 0.88 0.99 1.82 0.72 0.72 1.78 1.12 1.21

Printing & Publishing 1.67 0.74 1.00 1.22 0.65 0.79 1.61 0.87 1.14

Consumer Goods 1.17 2.76 1.98 1.01 2.46 1.87 1.56 2.91 2.07

Apparel 0.61 1.88 0.85 0.28 0.98 0.81 0.96 3.38 0.91

Healthcare 0.90 1.26 1.31 0.66 1.11 1.10 1.02 1.51 1.45

Medical Equipment 1.19 3.12 2.13 0.70 1.96 2.14 1.11 3.58 2.10

Pharmaceutical Products 3.96 6.46 7.01 2.30 7.07 7.63 5.00 5.58 6.24

Chemicals 1.18 1.82 2.36 0.59 1.33 1.91 1.61 2.29 2.73

Rubber and Plastic Products 0.21 0.32 0.33 0.07 0.28 0.27 0.14 0.32 0.37

Textiles 0.09 0.23 0.25 0.04 0.13 0.14 0.15 0.31 0.36

Construction Materials 0.63 1.20 0.97 0.64 0.87 0.83 0.53 1.52 1.10

Construction 0.22 0.99 0.74 0.15 0.90 0.69 0.28 1.24 0.83

Steel Works Etc 0.58 1.67 1.15 0.29 1.02 0.90 0.73 2.05 1.30

Fabricated Products 0.03 0.10 0.10 0.03 0.11 0.07 0.03 0.12 0.13

Machinery 3.53 3.44 2.89 2.32 2.91 2.92 1.74 3.97 2.94

Electrical Equipment 0.87 1.28 1.50 0.34 1.58 1.42 1.59 1.26 1.52

Automobiles and Trucks 0.97 1.39 1.32 0.99 1.11 1.04 1.09 1.73 1.58

Aircraft 0.44 1.23 1.13 0.28 1.09 1.17 0.57 1.52 1.11

Shipbuilding and Railroad Equipment 0.03 0.10 0.17 0.02 0.12 0.21 0.05 0.08 0.16

Defense 0.12 0.26 0.28 0.06 0.34 0.28 0.20 0.28 0.29

Precious Metals 0.25 0.06 1.15 0.08 0.08 0.82 0.36 0.05 1.41

Non-Metallic and Industrial Metal Mining 0.26 0.30 0.65 0.19 0.28 0.64 0.34 0.37 0.71

Coal 0.17 0.13 0.15 0.06 0.13 0.20 0.39 0.21 0.16

Petroleum and Natural Gas 3.56 4.71 5.81 3.80 4.67 6.04 4.06 4.76 5.64

Utilities 1.04 2.68 4.12 1.06 2.25 3.98 1.10 2.88 4.13

Communication 10.93 4.49 4.79 16.58 4.29 5.08 9.79 4.29 4.40

Personal Services 0.62 0.80 0.65 0.32 1.06 0.66 1.05 0.54 0.64

Business Services 13.66 7.88 8.34 18.97 10.07 9.79 11.39 6.36 7.42

Computers 13.12 7.45 4.82 10.66 6.83 5.11 14.58 7.45 4.43

Electronic Equipment 11.11 6.61 5.35 12.69 6.99 5.91 8.09 6.35 5.01

Measuring and Control Equipment 1.45 1.30 1.30 0.97 1.38 1.41 0.99 1.19 1.24

Business Supplies 0.99 1.35 1.61 0.66 1.12 1.33 1.15 1.46 1.73

Shipping Containers 0.13 0.30 0.27 0.13 0.34 0.28 0.13 0.33 0.26

Transportation 1.79 1.65 2.20 2.03 1.76 1.97 1.81 1.73 2.52

Wholesale 1.19 2.94 1.91 0.74 2.65 2.00 1.72 3.61 1.85

Retail 5.67 6.12 6.47 6.78 7.09 6.52 6.05 5.61 6.46

Restaurants and Hotels and Motels 1.17 1.70 1.22 1.54 1.06 1.27 1.08 2.57 1.25

Banking 4.23 7.33 8.47 2.86 9.47 8.29 4.24 4.68 8.60

Insurance 4.14 4.04 5.43 2.65 4.48 5.03 4.72 3.72 5.73

Real Estate 0.16 0.09 0.25 0.29 0.14 0.28 0.07 0.10 0.23

Trading 1.17 2.60 2.37 0.62 3.42 2.46 1.64 1.53 2.41

Almost Nothing 0.82 0.82 0.72 0.97 0.55 0.67 0.40 1.02 0.64

This table reports industry concentrations in percent for the FCS portfolio of superior funds, the FCS portfolio
of inferior funds, and the average across funds. The FCS portfolios are based on a tight parameterization
(λ = 0.9) and the top 15% of alpha-ranked funds, using the latent skill holdings model to estimate time-
varying alphas. Average industry concentrations are calculated by first taking cross-sectional averages of the
industry concentrations of the funds in the portfolio at a given point in time, then taking time series averages.
These industry concentrations are presented for all periods, for periods with high aggregate volatility and for
periods with low aggregate volatility only. Aggregate volatility is calculated as in Table 5.
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Figure 1: Time variation in alpha estimates for top-ranked funds. The figure presents distributions of
predictive alphas for funds included in various portfolios at a single month in our sample (July 2006). The
top panel presents distributions of predictive alphas for the top-ranked funds, while the bottom panel shows
results for the bottom-ranked funds. In both cases the black line represents a portfolio consisting of all
funds in existence in July 2006. The green line shows the distribution for funds with positive (top panel) or
negative (bottom panel) predictive alphas. The red line shows the distribution for funds with significantly
positive (top panel) or negative (bottom panel) predictive alphas, identified using the Romano Wolf (2005)
approach. The blue line shows the distribution of funds included in the superior (top) or inferior (bottom)
FCS, in both cases assuming a narrow set (λ = 0.90) and using the time-varying latent skill and holdings
performance model.
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Figure 2: Time variation in alpha estimates for superior funds. This figure shows nonparametric estimates of
local time-variation in four-factor alpha estimates (in percent per month) for a variety of portfolios consisting
of top-ranked funds. The blue line tracks the performance of the tight FCS portfolio (λ = 0.90) of superior
funds based on the latent skill holdings model. The green line tracks the performance of a portfolio consisting
of all funds with positive predictive alphas while the red line tracks the performance of a portfolio consisting
of the top 15% of funds with positive alpha estimates. The purple line tracks the performance of a portfolio
consisting of the top decile of alpha-ranked funds (P10). For comparison the black line tracks the variation
in the alpha of the average fund.
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Figure 3: Time variation in alpha estimates for inferior funds. This figure shows nonparametric estimates of
local time-variation in four-factor alpha estimates (in percent per month) for a variety of portfolios consisting
of bottom-ranked funds. The blue line tracks the performance of the tight FCS portfolio (λ = 0.90) of
inferior funds based on the latent skill holdings model. The green line tracks the performance of a portfolio
consisting of all funds with negative predictive alphas while the red line tracks the performance of a portfolio
consisting of the botom 15% of funds with negative alpha estimates. The purple line tracks the performance
of a portfolio consisting of the bottom decile of alpha-ranked funds (P1). For comparison the black line
tracks the variation in the alpha of the average fund.
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Figure 4: Evolution in the set of funds identified as being superior by the FCS approach. The top panel
shows the evolution in the number of funds included in the tight, medium and wide fund confidence sets of
superior funds. The bottom panel shows the corresponding evolution in the percentage of funds identified
as being superior by the FCS approach. Funds are selected from the top 15 percent of alpha-ranked funds
using the latent skill-holdings model with a time-varying alpha to compute each fund’s alpha estimate. Dark
blue areas correspond to λ = 0.90 (tight set), while lighter areas correspond to λ = 0.50 (medium set) and
λ = 0.10 (wide set).
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Figure 5: Identification of individual funds with superior skill by the FCS approach. The plot illustrates
the evolution in the composition of individual funds with superior skills as identified by the FCS approach.
Each fund that is included in the FCS at least once during the sample is assigned a unique number on the
y-axis and a cross shows when this fund is included. The FCS is based on the latent skill holdings model
with time-varying alpha, considers the top 15 percent of alpha-ranked funds as candidate funds and assumes
λ = 0.90.
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Figure 6: Histograms of the average predictive alpha measure for three different periods in the sample. Red
bars indicate funds (chosen from the top 15% of alpha-ranked funds in existence) which are not included in
the FCS assuming that λ = 0.90. Blue bars indicate funds which are included in the FCS.
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Figure 7: Evolution in the set of funds identified as being inferior by the FCS approach. The top panel
shows the evolution in the number of funds included in the tight, medium and wide fund confidence sets of
inferior funds. The bottom panel shows the corresponding evolution in the percentage of funds identified as
being inferior by the FCS approach. Funds are selected from the bottom 15 percent of alpha-ranked funds
using the latent skill-holdings model with a time-varying alpha to compute each fund’s alpha estimate. Dark
blue areas correspond to λ = 0.90 (tight set), while lighter areas correspond to λ = 0.50 (medium set) and
λ = 0.10 (wide set).



xxxxxxxxxxxx x xxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx x xx xxxxxxxxxxxxx x x x x xxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxx xx xxx x xx xx xxxxxxxxxxxxxxxx xxx xxx xxxxxxxx xxx xxxxxxxxxxxxxxxxxxxx xxxxxxxx x xx xx x xxxxxxxxxxxxxxx xxx xxxxxxxxxxxxxx x x xxxx x x xxxxxxxxxxxx xx xxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxx xxxxxxxxxxxxxxxxx xx xxxxxxxxxx x xxxxxxxxxxxxx xxx xxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxx xx x xxx xxxxxxxxxxxxxxxx x xx xxx xx xxx x xx x x xxxxxxxxxxxxxx x xxx xxxxxx xxxx x x xxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxxx xxxxxxxx x xxxxxxxxxxxx xxx xxx xxx xxxx xx x xxxxxxxxxxxx xxxxxxxxxxxx xx x xxxxxxxxxxxxx xxxxxxxxxx x xx x x x xxxxxxxxxxxxxxxx xxxxxx xxx x xx xxxx xxxxx x xxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxx xxx xx xx xxx xxxxxxx xxxxx xxx xxxxxxxxxxxxxxxx x x xxxxxxx x xxxxxxxxxxxxx x x xxxxx xxxxx xx x x x xxxxxxxxx xx x xx xxx xx xx x xxxxxxxxxxxxxx xxxx x x xxx xxxxxxxxxxxxxxxxxxx x xx xxxxxxxxxx xxxx xx xx xxxxxxxxxxxxxxxxxxxx xxx x xx xxxx xx xxxxxxxxxxxxxxxxxxxxxxxxxx x x xxxx xx x x xx x xxxxxx xxxx xxxxxxx x xx xx xx xxxx x x xxxxxxxxxx x xx x x xxx xx xxxxxx xxx xxxxxxxxxxxxxxxx xx x xxx xxxxxxxxxxxxxx xxxxxxx xxxxxx x xx xxxxxx xxxxxxxx xxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxx x x xxxxxxxxxxxx xxxx xxxx xx xxxx xxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxx xxxxx xx xx xxx xxxxxx xx xxxxxxxxx xxxxxxx xxxx xxxxxxxxxx xxx xxxxxxx xxxxxxxxxxxxxxx xxx xxxxx xxxxx xxxxxxxxxxxxxxxx xx x xx xxxxxxxxxxxxxxxxxxxxxxxxxx x xx xxx xxxxxx x xxxxx xxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxx xxxxxxx xxxx xxxxxxxxxx xxxxxxxxxx xxxx xxxxxxxxxxxxxxxxxxxxxx xxxxxxxx x xx x xx x xxxxx x x x xxxxxxxxxxxxxxxxx x xxxxxxxx xxxxxx xxxxxxxx x xx xxx xxx x xxx xx xx xxxxxxxxxx xxxx x xxxxxxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxxxxxxx xxx x xx xx xxxxxxxxxxxxxxxxx xxxx xxx x xxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxx xxxxxxxx xxxxx xxxx x x xxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxxx xxxxxxxx xxxxxxxxxxxxxxxxx xxx xxxxxxxxxxxxxxxxxxxx xx xxxxxxxxxxxxxxxxxxx xxxx x xxxxxxxxxx xxxxxxx xxx xxxxxx x xx x xx x xxxxxxxxxxxxxxxxxx x xx xxx xxxxx xxxxxxxxxxxxxxxxxxx xx x x xxxxxx x x x xxx xx xxxxxx xxx xxxxxxxxxx x xxxxx xxxxxx x x x xx xx xxxxxxxxxxx xxxx xx xxxxxx xxxxxxxx x xx x xxxxxxxxxx xxx xxxxxxxxxxxxxxxxxxx xxx xxx xxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxx xxxxxxxxxxxxxxxx xxx xxxxxxxxxxxxxxxxxxxx x xxxxx xxxxxxxxx xxxxxxxx xxxxxxxxxxx xxx x xxxxxx xxxxxxx xxx xxxxxx xxxxxxxx xx xxxxxx x xxxxxxxxxxxx x xxxxxxxxxx xxx xxxxxxx xxxxxxxxxxxxxxxx xxx xxxxxxxxxxxxxxxxxxxxxxxxxxx xx xxxxxxxxxxxx x x x xxxxxxxxxxx xxxxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxx x xx xxx xxx xxx xxxxxxxxxx xxx x xxxxxxx xxxxxx xxxxx xxxxxx xxxx xxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxx xxxxxxxxxxx xxxxxxxxx xxxxx xxxxx xxxxxxxx xxxxxx xxxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxx xx xxxxxxx xxxx xxxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxxxxxxxxxxxxxxxxxx xx xxxxxxxxxxxxxxxxxxxxx xx x xxxxxxxxx xx xxxx xxx xxxxxxx xxxxxxxx xxx xxxxxxxxxxxxxxxxxxxxxx xxxxxxx xx xxxxxxxxxxxxxxxxxxx xxx xxxx xxxxxxxxxxxxxxxxxxxxx xxx xxxxx xxxxxxx xxxxxxxxxxxxxx xx xxxxxxxxxxxxxxxxxxxxxxxxxx xxxxxxx xxxxxxxx xx xx xxxxxxxxxx x xxxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxxxxxxxxxx x xx xxxxxxxx xxx xxxxxxxxxxx x xx xxxx x xxxxxxxxxxxxxxxxxxxxxxx x xxxxxxxxxx

0

50

100

150

1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012

Figure 8: Identification of individual funds with inferior skill by the FCS approach. The plot illustrates the
evolution in the composition of individual funds with inferior skills as identified by the FCS approach. Each
fund that is included in the FCS at least once during the sample is assigned a unique number on the y-axis
and a cross shows when this fund is included. The FCS is based on the latent skill holdings model with
time-varying alpha, considers the bottom 15 percent of alpha-ranked funds as candidate funds and assumes
λ = 0.90.
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Figure 9: Kernel estimate of the evolution in the proportion of funds with significantly positive (top panel)
or negative (bottom panel) alpha estimates, using the Romano-Wolf (2005) methodology. Each month we
determine the set of funds with significantly positive (or negative) alphas by applying the Romano-Wolf (2005)
step-wise bootstrap procedure to the alpha estimates obtained from the latent skill model that combines data
on fund returns and quarterly holdings.
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Figure 10: Average duration for funds getting included in different portfolios. The histograms show the
distribution of the number of consecutive months where individual funds get included in four different port-
folios, namely the FCS portfolio of superior (top left corner) and inferior funds (bottom left), the top (top
right) and bottom decile (bottom right) portfolios. Only funds that get included in the portfolio at least
once are represented in the plot.
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Figure 11: Evolution in loadings on risk factors. Blue lines show equal-weighted loadings for funds in the
FCS portfolios. Red lines show loadings for the average fund for comparison. The left column shows one-year
rolling averages of exposures to the size, book-to-market and momentum risk factors for the FCS portfolio
consisting of superior funds. The right column shows one-year rolling averages of exposures to the same risk
factors for the FCS portfolio consisting of inferior funds. The plots assume λ = 0.90 and are based on the
time-varying alpha model that combines data on fund returns and holdings to estimate alphas.
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Figure 12: Performance of the superior and inferior FCS portfolios for different realizations of the risk
factors. The top row shows histograms of the four-factor alphas for the FCS portfolio of superior funds for
different values of the size factor (left panel), book-to-market factor (middle panel) and momentum factor
(right panel). The bottom row presents four-factor alpha estimates for the FCS portfolio of inferior funds.
The plots assume λ = 0.90 and are based on the time-varying alpha model that combines data on fund
returns and holdings to estimate alphas.
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Figure 13: Industry concentrations for the FCS portfolio of superior funds. The figure presents one-
year rolling averages of industry concentrations for the FCS portfolio composed of funds identified to have
superior performance (blue line). We have chosen the eight industries with the highest maximum industry
concentration. For comparison the red lines show the average concentration in the same industries computed
across all funds in our sample. The plots assume λ = 0.90 and are based on the time-varying alpha model
that combines data on fund returns and holdings to estimate alphas.
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Figure 14: Industry concentrations for the FCS portfolio of inferior funds. The figure presents one-year
rolling averages of industry concentrations for the FCS portfolio composed of funds identified to have inferior
performance (blue line). We have chosen the 8 industries with the highest maximum industry concentration.
For comparison the red lines show the average concentration in the same industries computed across all funds
in our sample. The plots assume λ = 0.90 and are based on the time-varying alpha model that combines
data on fund returns and holdings to estimate alphas.
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