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Passive versus Active Fund Performance:
Do Index Funds Have Skill?

Alan D. Crane and Kevin Crotty*

Abstract
We apply methods designed to measure mutual fund skill to a cross section of funds that
is unlikely to exhibit managerial portfolio selection skill: index funds. Surprisingly, these
tests imply index fund skill exists, is persistent, and is in similar proportion as in active
funds. We use the distribution of passive fund performance to gauge the incremental ability
of active managers. Outperformance by top active funds is lower when benchmarked to
the index fund distribution and disappears when we account for residual risk. Stochastic
dominance tests suggest no risk-averse investor should choose a random active fund over a
random index fund.

I. Introduction
The performance evaluation literature continues to debate the extent of skill

in actively managed mutual funds. Recent work on disentangling skill and luck
focuses on tests using the cross-sectional distribution of active fund performance
(e.g., Fama and French (2010), Kosowski, Timmermann, Wermers, and White
(2006), and Barras, Scaillet, and Wermers (2010)). Most of this recent evidence
implies that some active mutual fund managers are, at least before fees, skilled.
However, Cremers, Petajisto, and Zitzewitz (CPZ) (2013) document that even
benchmark indices such as the Standard & Poor’s (S&P) 500 exhibit abnormal
performance under standard benchmark models. As a result, tests may iden-
tify skill in the right tail of the actively managed fund performance distribution
because of heterogeneity in the underlying benchmark choice, not as a result of
stock-picking or market-timing ability.1

*Crane, alan.d.crane@rice.edu, Crotty (corresponding author), kevin.p.crotty@rice.edu, Rice Uni-
versity Jones Graduate School of Business. We thank Kerry Back, Jonathan Berk, Hendrik Bessem-
binder (the editor), Martijn Cremers, David De Angelis, Stephen Dimmock, Hitesh Doshi, Nick
Hirschey, Nishad Kapadia, Andy Koch, Sebastien Michenaud, Dermot Murphy, Barbara Ostdiek,
Sugata Ray, Jonathan Reuter, Jules van Binsbergen, James Weston, Eric Zitzewitz (the referee), and
seminar/conference participants at Rice University, the 2014 Lone Star Finance Conference, the 2014
Conference on Financial Economics and Accounting, and the 2016 Financial Intermediation Research
Society Conference for helpful discussions and comments.

1CPZ (2013) provide a simple method for reducing the alpha of common benchmark indices by
incorporating some indices into the benchmark model. However, indices not explicitly included in
their model may still exhibit significant alphas. Some of these excluded indices serve as benchmarks
for actively managed mutual funds.
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To better understand the extent of skill in actively managed funds given per-
formance dispersion in the underlying benchmarks, we turn to an idea that is in-
tuitive and dates back at least to Malkiel (1995): the use of index funds as the
opportunity cost of active management. We exploit the massive growth in the
number of index funds over the last 2 decades to extend the intuitive comparison
of passive and active funds to distributional tests.2 We apply these tests, designed
to disentangle skill from luck in active management, to the cross section of these
competing assets that are unlikely to exhibit managerial portfolio selection skill.
Our results are surprising. They imply that index fund skill exists, is persistent,
and is found in similar proportion as in active funds. The results suggest that
measurement of active management skill can be informed by the distribution of
passive fund performance.

The first contribution of the article is the application of distributional tests of
skill versus luck to passive funds. Kosowski et al. (2006) and Fama and French
(2010) test for skill in active management by benchmarking performance to a
“zero-alpha” bootstrap distribution. Surprisingly, a large fraction of index funds
outperform this simulated distribution. Additionally, the Barras et al. (2010) false
discovery rate methodology classifies over 20% of index funds as skilled under a
Fama–French–Carhart 4-factor model. Index funds also exhibit gross performance
persistence, which has been used as a measure of skill (e.g., Carhart (1997)). On
average, the likelihood of an index fund remaining in the same performance quin-
tile is about 30% from one 5-year period to the next, more than 10% higher than
what one would expect by chance. Index funds thus display significant disper-
sion in performance, which, unlike in active funds, should not be due to the fund
manager’s portfolio-selection or market-timing ability.3

Our index fund findings inform the debate on the performance of active
management. Average index fund returns are commonly used as a passive bench-
mark for active fund performance (e.g., Del Guercio and Reuter (2014), Berk and
van Binsbergen (2015)). Outperformance is generally viewed as an active man-
ager’s investment skill, which makes sense if index funds are homogeneous assets
with no meaningful differences in performance. We document that the prolifer-
ation of both indices and the passive funds tracking them results in dispersion
in index fund performance. For instance, some of the index funds we study are
“smart-beta” funds whose underlying index criteria exploit past outperformance
associated with observable stock characteristics such as dividend yield. Previous
inference about the extent of skilled management may be overstated if a fund’s
outperformance is driven not by investment skill but by the same factors that drive
index fund dispersion.

The second contribution of the article is our investigation of the implications
of dispersion in index fund performance for the evaluation of active management.
We first test whether the best (and worst) active funds are skilled (or unskilled) by

2While the Vanguard 500 Index Fund was the only passive mutual fund for many years, the number
of index funds has grown to over 350, and index funds now manage 20% of equity mutual fund assets
(Investment Company Institute (2015)).

3An index fund manager’s primary objective is to track the underlying index rather than dynami-
cally pick stocks. However, passive managers could skillfully manage changes in index constitutions
or provide other operational efficiencies. We discuss this operational skill in Section III.E.
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comparing their before-fee performance to before-fee index fund performance us-
ing quantile regressions. The estimates of active fund performance in the far-right
tail are lower when compared with the distribution of index funds. For exam-
ple, the market model alpha of the 95th percentile active fund is 48 basis points
(bps) per month. However, the 95th percentile index fund earns 42 bps per month.
The incremental performance of the 95th percentile active fund is thus only 6
bps per month when using the index fund distribution as a benchmark. Moreover,
t-statistics, which account for residual risk, suggest that active funds perform no
better than index funds, indicating that active funds’ incremental outperformance
in alpha is risky.

We next test whether the aggregate amount of skill in active funds warrants
investing in active funds versus index funds using stochastic dominance tests. This
is, ex ante, not obvious. Although the average active fund underperforms the av-
erage index fund, some investors may find it desirable to gamble on active funds,
trading off the possibility of picking an active fund with a very high alpha against
the cost of potentially ending up with an active fund with a large negative alpha.
This is consistent with the empirical fact that investors do invest with active funds.
However, stochastic dominance tests show that the upside of the best active funds
is insufficient to warrant investment in active funds over index funds. That is, the
cross section of index fund performance second-order stochastically dominates
that of active funds. This is true for both alphas and t-statistics under a variety
of benchmark models. This deepens the active management puzzle discussed by
Gruber (1996).

How does the market perceive performance differences among passive
funds? Berk and Green (2004) argue that the observed positive relationship be-
tween past fund performance and future fund flows is due to rational learning
about the skill of fund managers. We find that the flow–performance relationship
also exists for index funds based on gross performance. For example, an increase
in Fama–French–Carhart abnormal performance of 10 bps per month is associ-
ated with increased flows of 3.8 bps of assets under management for index funds.
These results suggest that investors view past performance differences across pas-
sive funds as informative about underlying differences between these funds. The
flow–performance relationship in passive funds thus responds to actual perfor-
mance differences before fees in addition to the response to fees (Elton, Gruber,
and Busse (2004)) and the behavioral response to perceived performance differ-
ences due to the framing of performance information (Choi, Laibson, and Madrian
(2010)).

Our study is the first to use the index fund distribution to better understand
the performance ability of active managers. Prior work studying active versus
passive performance (e.g., Malkiel (1995), Elton, Gruber, and Blake (1996), and
Gruber (1996)) has generally focused on average net returns to investors, which
reflect both potential manager skill and the rent-sharing agreement between the
investors and the fund. Del Guercio and Reuter (2014) compare average active
and passive net performance to study incentives induced by the fund’s distribution
channel for active managers to exert effort. Berk and van Binsbergen (2015) use
Vanguard index funds in a benchmark model to estimate gross dollar performance
and conclude that skill is widespread in mutual fund managers. However, index
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funds exhibit significant dispersion under gross dollar returns as well, consistent
with our findings using other performance measures. Unlike the prior literature,
we focus on the entire distribution of performance rather than average effects. Our
distributional tests were previously not possible simply due to the limited number
of passive funds in the cross section. These tests are now feasible because of the
growth in the number of index funds.

Our article is most closely related to that of CPZ (2013), who document that
underlying stock indices have alpha under standard performance models such as
the Fama–French–Carhart model. They propose improvements to standard mod-
els to account for the alpha exhibited by a set of standard benchmarks. Our article
builds on their insights to make several contributions to the literature. First, we
show that investors respond to index fund performance differences due to the
benchmark heterogeneity identified by CPZ (2013). Second, we show that even
under their index-based benchmark model, there is substantial variation in the
performance of index funds. This is due to the fact that a number of index funds
track benchmark indices that are not included in the CPZ (2013) benchmark mod-
els. Distributional tests using the full distribution of index funds imply skill in
some passive funds, even under the improved benchmark models of CPZ (2013)
and Berk and van Binsbergen (2015). This changes inferences about the extent of
skill in the cross section of active management.

Third, even adjusting index fund performance for the actual benchmark’s re-
turn, where the issues identified in CPZ (2013) do not apply, we still find small
variation in performance within the index fund sample due to operational skill.
Although any abnormal performance is economically quite small when measured
in returns, so is the accompanying tracking error. As a result, we find substan-
tial cross-sectional variation in performance per unit of risk (i.e., t-statistics of
excess returns) that is unrelated to heterogeneity in underlying benchmark perfor-
mance, the subject of CPZ (2013). The distributional tests of Fama and French
(2010) and Barras et al. (2010) both identify skilled management using variation
in t-statistics. We show that variation in t-statistics arises both due to operational
skill and to nonzero alphas arising from benchmark models not perfectly pricing
passive indices.

Our analysis of the distribution of gross performance in a broad sample of
index funds complements prior work on net index fund performance. Elton et al.
(2004) find that net-of-fee performance is persistent within S&P 500 funds due
primarily to fee differences, to which investor flows respond. We show persistence
within the broader cross section of index funds, even before fees, and that flows
respond to pre-expense return differences. Hortacsu and Syverson (2004) develop
a theory to explain the variation in S&P 500 index fund fees, assuming that these
products are homogeneous. Our results show not only performance differences
across a wider set of index funds but also performance differences in terms of
tracking error among funds with the same benchmark (e.g., S&P 500), suggesting
some heterogeneity even within benchmarks.

More broadly, our results contribute to the literature on the skill of mutual
fund managers. Some articles conclude that active managers are skilled, whereas
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other articles conclude the opposite.4 Our results, using a new economic hurdle
to assess skill, show that although some active funds are more skilled than index
funds in terms of gross alphas, the incremental outperformance is reduced when
accounting for the distribution of passive performance. The differences disappear
when using a performance measure that adjusts for the amount of residual risk
(i.e., t-statistics). Additionally, this study is the first to document that index funds
second-order stochastically dominate active funds.

The rest of the article is organized as follows: In Section II, we describe our
sample and benchmark models. Section III shows that index funds appear skilled
using methodologies designed to identify skill in the cross section. In Section
IV, we use the distribution of index fund performance to evaluate the extent of
incremental skill in active funds. Section V concludes.

II. Data and Benchmark Models

A. Sample Construction
We use fund characteristics and monthly returns from the Center for Re-

search in Security Prices (CRSP) Survivor-Bias-Free U.S. Mutual Fund Database.
Although the Vanguard 500 Index Fund was introduced in the mid-1970s, the
number of index funds was small for the next 2 decades. Thus, we start our sam-
ple in 1995 with 29 index funds. Our sample contains 237 index funds in total.
We merge these data with S12 holdings data from Thomson Reuters using the
Wharton Research Data Services MF Links file, requiring a match to be included
in the sample. To avoid double-counting observations for multiple share classes,
we aggregate information across share classes, weighting by total net assets in
each class and summing total net assets across classes.5 We employ two screens
to avoid the incubation bias documented by Evans (2010). First, funds must be at
least 3 years old to be included in our sample. Second, we exclude funds whose
average net fund assets are below $5 million in the sample. We focus on equity
funds, requiring that on average over the sample, at least 90% and at most 105%
of the fund’s assets be invested in common stocks for a fund to be included in the
sample.

Many studies identify index funds as funds containing “index” in the fund’s
name. We use a stricter definition of index funds, utilizing the CRSP index fund
flag. This flag is only populated later in the sample, so we carry the earliest value
back. Under our definition of index funds, we identify funds with a value of “D”
as index funds. This corresponds to “Pure Index Funds” in the CRSP manual.6

4Examples of articles concluding at least some active skill include those by Grinblatt and Titman
(1989), (1992), (1993), Daniel, Grinblatt, Titman, and Wermers (1997), Chen, Jegadeesh, and Wermers
(2000), Wermers (2000), Bollen and Busse (2001), Kosowski et al. (2006), Jiang, Yao, and Yu (2007),
Kacperczyk, Sialm, and Zheng (2008), Cremers and Petajisto (2009), Fama and French (2010), Barras
et al. (2010), Glode (2011), Berk and van Binsbergen (2015), CPZ (2013), Pastor, Stambaugh, and
Taylor (2015), Jiang, Verbeek, and Wang (2014), Hunter, Kandel, Kandel, and Wermers (2014), and
Kacperczyk, van Nieuwerburgh, and Veldkamp (2014). Papers concluding no skill include those by
Jensen (1968), Elton, Gruber, Das, and Hlavka (1993), Malkiel (1995), Gruber (1996), and Carhart
(1997).

5We exclude several fund-months with obvious reporting errors in returns.
6Our conclusions are unchanged when using a broader, name-based definition of index funds.
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We hand-check each fund included in the index fund sample to verify our classi-
fication. Exchange-traded funds (ETFs) are included in the sample. For our pur-
poses, the differences between index mutual funds and ETFs are minor because
both represent traded, passive portfolios. We discuss the performance of open-
ended and exchange-traded funds separately in Section III.F.

It is worth noting that our index fund sample is composed of funds tracking
many underlying indices. Each of these underlying indices makes portfolio choice
decisions with varying degrees of activity and discretion levels. For instance, the
S&P 500 constituents are selected using both quantitative and qualitative criteria
by Standard & Poor’s. Although it is generally a low-turnover benchmark, there
is an underlying qualitative portfolio choice decision in its construction. On the
other hand, indices such as the Russell 1000 are more clearly rules-based. Our
sample includes well-known indices (e.g., Wilshire 5000) as well as lesser-known
benchmarks that, although still rules-based indices, have different selection crite-
ria than simple size or value screens (e.g., Morningstar Dividend Leaders Index or
Nasdaq Capital Strength Index). Some of these indices represent the trend toward
so-called “smart beta.”

In Section IV, we test whether active funds exhibit performance superior
to index funds. To avoid index fund performance dispersion due to concentrated
holdings, we restrict the sample to exclude sector funds as well as international
and emerging market funds (our results are robust to including these funds). To
identify these, we parse the fund names from CRSP and manually identify key-
words associated with these funds. We exclude any fund whose name contains
these keywords in any month of the sample. We also exclude sector funds based
on Lipper codes provided by CRSP.7 Finally, we manually look at all remaining
index funds to ensure that the fund is not a sector fund.

Table 1 reports summary statistics for our sample of index and active funds.
The sample includes 2,060 distinct funds, 237 of which are passive index mutual
funds or ETFs. On average, the index funds in our sample are over twice as large
as active funds, but they are also younger. This is consistent with the rapid increase
in index funds over the last 2 decades. As expected, expenses are much lower for
index funds. The average expense ratio is 46 bps for index funds and 124 bps for
active funds.

Our index fund sample consists of funds CRSP identifies as passively track-
ing an underlying benchmark index. Holdings and return data reflect the more
passive investments of the index funds. In Table 1, turnover, as reported by CRSP,
is much lower for index funds; the median index fund has a turnover of 24%
compared to 74% for active funds. Table 1 shows that the cross-sectional aver-
age and median return gap measures of Kacperczyk et al. (2008), which capture
unobserved actions of funds, are close to 0 for both active and passive funds, but
the dispersion is almost twice as large for active funds relative to passive funds,
indicating that index funds are much less active funds.

7A list of the keywords and Lipper codes is available from the authors. Some keywords appear as
part of the fund name (e.g., due to the fund family) or in ways that are clearly not related to a sector
fund. We manually checked words where this is the case and did not flag funds that are clearly not
sector funds.

https://doi.org/10.1017/S0022109017000904  Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0022109017000904


Crane and Crotty 39

TABLE 1
Summary Statistics

Table 1 presents summary statistics for our sample. The sample contains monthly fund observations from 1995 to 2013.
Risk loadings are estimated using the Fama–French–Carhart 4-factor model (see Table 2). Fund characteristics are win-
sorized at the 1/99% level and averaged over the time series of each fund. The cross-sectional mean, median, and
standard deviation of these time-series averages are reported. Tracking error and active share are for the subset of funds
benchmarked to Standard & Poor’s (S&P) and Russell indices.

Mean Median Std. Dev.

No. of distinct mutual funds 2,060
No. of active funds 1,823
No. of passive funds 237
No. of fund-month observations 262,162
No. of funds per month 1,148 1,322 346
No. of index funds per month 111 125 65

Index Funds
TNA (total net assets) (millions) 1,913 290 4,070
Age (years) 7.8 7.0 3.8
Expense ratio (in %) 0.46 0.36 0.33
Turnover ratio (in %) 42.02 24.44 61.99
Return gap (in %) −0.03 −0.01 0.08
Active share 0.14 0.02 0.25
SD (tracking error) (annualized %) 0.52 0.17 1.18
MKT loading 1.00 1.00 0.08
SMB loading 0.23 0.15 0.41
HML loading 0.05 0.03 0.26
UMD loading −0.02 −0.01 0.10

Active Funds
TNA (total net assets) (millions) 890 220 2,316
Age (years) 12.0 8.4 11.1
Expense ratio (in %) 1.24 1.22 0.39
Turnover ratio (in %) 84.95 73.59 55.81
Return gap (in %) −0.02 −0.02 0.14
Active share 0.78 0.80 0.16
SD (tracking error) (annualized %) 6.72 6.13 3.23
MKT loading 1.02 1.01 0.12
SMB loading 0.20 0.09 0.34
HML loading 0.01 0.01 0.29
UMD loading 0.01 0.00 0.11

Cremers and Petajisto (2009) develop a holdings-based measure, active
share, to study how active a manager is. If index funds deviate substantially from
benchmark weights, the active share should deviate from 0. Positions orthogonal
to the index would have an active share of 1.8 Table 1 shows large differences in
active shares across fund type. The median index fund has an active share of 0.02,
indicating that these funds hold assets in proportions very close to those of the
benchmark. On the other hand, the median active fund deviates widely from its
benchmark, as evidenced by the median active share of 0.8.

B. Benchmark Models and Performance Measures
Our primary measures of performance are alphas from benchmark models

and their t-statistics. The appropriate benchmark model is a matter of extensive
debate in the mutual fund literature. For completeness, we present results using
a number of benchmark models to account for different levels of systematic risk
taking (detailed in Table 2). We start by using the single-market capital asset pric-
ing model (CAPM) of Jensen (1968) as well as the Fama–French–Carhart (FFC)

8We obtain active share data from Antti Petajisto’s Web site (http://www.petajisto.net/data.html),
constructed using the methodology outlined by Petajisto (2013). These data are available through
2009. We consider the subsample of funds in the Petajisto (2013) data set matching our sample.
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TABLE 2
Benchmark Models

Table 2 presents the benchmark model specifications used in our analysis.

Model Specification Benchmark Returns

1. Excess of S&P 500 rit − r
SP500
t =α+εit r SP500t : S&P 500 return

2. Market model/CAPM
(Jensen (1968))

rit − r
f
t =α+βMKTt +εit MKTt : CRSP value-weighted market excess return

3. Fama–French–Carhart
(Fama and French (1993),
Carhart (1997))

rit − r
f
t =α+β1MKTt +β2SMBt

+ β3HMLt +β4UMDt +εit

SMBt : small-cap minus large-cap
HMLt : value minus growth
UMDt : past winners minus past losers (lagged returns)

4. Vanguard basis
(Berk and van Binsbergen
(2015))

rit − r
f
t =α+

11∑
j=1

βj V
j
t +εit

V
j
t : excess return on Vanguard index j , orthogonalized to V n<jt .

The Vanguard index funds are S&P 500 Index, Extended
Market Index, Small-Cap Index, European Stock Index,
Pacific Stock Index, Value Index, Balanced Index, Emerging
Markets Stock Index, Mid-Cap Index, Small-Cap Growth
Index, and Small-Cap Value Index.

5. Cremers–Petajisto–
Zitzewitz 7-factor model
(CPZ (2013))

rit − r
f
t =α+β1S5RFt +β2RMS5t

+ β3R2RMt +β4S5VS5Gt
+ β5RMVRMGt
+ β6R2VR2Gt +β7UMDt +εit

S5RFt : S&P 500 index excess return
RMS5t : Russell Midcap minus S&P 500
R2RMt : Russell 2000 minus Russell Midcap
S5VS5Gt : S&P 500 Value minus S&P 500 Growth
RMVRMGt : Russell Midcap Value minus Russell Midcap Growth
R2VR2Gt : Russell 2000 Value minus Russell 200 Growth

6. Conditional 4-factor
model (Ferson and Schadt
(1996))

rit − r
f
t =α+β1MKTt +β2SMBt

+ β3HMLt +β4UMDt

+

K∑
j=1

Bj [zj ,t−1×MKTt ]

+ εit

zj ,t−1 : public information variable j ’s deviation from its
time-series mean

We use K =4 conditioning variables:
1. The 1-month Treasury bill yield
2. The dividend yield of New York Stock Exchange/American

Stock Exchange firms over the previous 12 months
3. The term spread (10-year Treasury minus 3-month Treasury

yield)
4. The default spread (Baa minus Aaa corporate yields)

4-factor model of Carhart (1997).9 Recently, Berk and van Binsbergen (2015) use
an orthogonal basis of 11 Vanguard index funds as benchmark funds, which we
include. We also use the 7-factor model (CPZ7) proposed by CPZ (2013). Finally,
we adjust for time-varying risk taking using the conditional 4-factor (FS) model
of Ferson and Schadt (1996).

For each benchmark model, we estimate loadings and time-series alphas for
each fund according to the following model:

(1) ri t − r f
t = αi +

n∑
j=1

β
j

i F j
t + εi t ,

where ri t is fund i’s return in month t , r f
t is the risk-free rate, and F j

t is the excess
return on benchmark return or factor j in period t . We require at least 36 months of
data for a given fund in order to estimate the models. Standard errors are adjusted
for heteroskedasticity.

We report summary statistics of the full-sample gross Fama–French–Carhart
factor loadings in Table 1. The loadings are similar across the index and actively
managed funds. Both groups have average market betas of approximately 1 and a
slight tilt toward small firms. Neither group loads heavily on value or momentum
strategies on average.

The estimated α is our first measure of performance. An advantage of this
measure is that it provides the economic magnitude of any abnormal performance,

9Factor returns are obtained from Ken French’s Web site (http://mba.tuck.dartmouth.edu/pages/
faculty/ken.french/data library.html).
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allowing us to gauge the economic value added by a fund.10 Due to different sam-
ple lengths or heterogeneous risk taking by funds, an estimated α may not have
attractive sampling properties. For these reasons, Kosowski et al. (2006) and Fama
and French (2010) analyze the distribution of t-statistics associated with estimated
alphas. Consequently, we use t(α) as our second measure of performance. Eco-
nomically, t-statistics provide information about performance per unit of residual
risk taken by a fund. This is important for comparison of funds with very different
idiosyncratic risk profiles.

We examine these measures using before-fee (gross) returns.11 Gross alphas
and t-statistics allow us to ask the question of whether or not a fund exhibits suf-
ficient skill to outperform the passive benchmark implied by the model (an alpha
greater than 0). A study of net returns, conversely, addresses a different ques-
tion: whether active managers have sufficient skill to cover the fees they charge
to investors. However, this will capture, in part, the bargaining process between
fund investors and managers (Berk and Green (2004)). Because we are interested
in the cross-sectional distribution of passive portfolio performance, we abstract
from this confounding economic mechanism by analyzing gross performance.

III. Index Funds and Distributional Tests of Skill
In this section, we assess the extent of heterogeneity in index fund perfor-

mance using tests designed to detect skill in performance evaluation. We find
evidence of dispersion in performance using several tests from the literature. We
proceed to test whether investors perceive these differences as meaningful by ex-
amining whether index fund flows respond to past performance in the same way
as active funds. Finally, we explore the source of index fund performance.

A. Bootstrapping the Cross Section of t(α)
Recent work by Fama and French (2010) and Kosowski et al. (2006) uses

bootstrap analysis to simulate distributions of skill measures under the null of no
skill. These studies both recognize that the underlying cross-sectional distribution
of fund returns is likely to be nonnormal, and therefore inferences based on stan-
dard critical values can be confounded. The idea is simply that there is a spread
in alpha estimates due to noise in estimation and the statistical properties of the
individual fund returns, even in the absence of true alpha (i.e., skill). Both studies
simulate the null distribution of fund returns by sampling from actual fund returns
net of estimated alphas. The studies differ in sample construction and bootstrap
methodology, but both conclude that a small set of active funds possesses skill (at
least before fees).

How do index funds, a set of funds generally considered unskilled, fare rel-
ative to the bootstrap distribution? To assess this, we use the approach of Fama
and French (2010). For each fund-month, we subtract a fund’s estimated gross
alpha from the fund’s monthly gross return. This leaves us with a panel of monthly

10Another measure of economic value is the dollar return described by Berk and van Binsbergen
(2015), which we analyze in the Internet Appendix (available at www.jfqa.org).

11For some funds, CRSP does not report expenses monthly. For these funds, we carry forward the
annually reported fees to subsequent monthly observations.
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zero-alpha fund returns. From these data, we draw a bootstrap sample of months
(with replacement) from the set of all months in our sample. If we draw a given
month, we use all fund returns from that month to retain any cross-sectional cor-
relation in monthly returns. For each bootstrap sample, we then calculate the
time-series alpha and t(α) for each fund. This provides us with a cross-sectional
distribution of t(α) estimated from returns that, by construction, should have a
true alpha of 0.12 We repeat this 1,000 times and average across the bootstrap
samples at each point in the distribution of estimated t(α). We perform this analy-
sis for zero-alpha distributions using each of the benchmark models described in
Section II.B.

We tabulate the percentiles of the bootstrapped and actual distributions of
gross t(α) performance for index funds in Table 3. The empirical distribution of
t(α) for index funds outperforms the bootstrap distribution above the 50th per-
centile for all models. That is, the index fund distribution exhibits higher t(α)
values at a given percentile than the bootstrap distribution. Given that this out-
performance has been interpreted as skilled investing by the fund, it is surprising
that the index funds perform better than the bootstrapped sample over a large part

TABLE 3
Percentiles of t(α) for Index and Active Fund Actual and Bootstrapped Returns

Table 3 shows t (α) values at various percentiles (‘‘Pct’’ column) for both the bootstrapped zero-alpha distribution and
the actual fund performance distribution for index (Panel A) and active funds (Panel B). The bootstrap methodology fol-
lows Fama and French (2010). The ‘‘Sim’’ columns contain the average bootstrap value of t (α) at the various percentiles
(averaged over 1,000 draws). The ‘‘Act’’ columns contain the empirical distribution. Percentiles in which the actual value
exceeds the average bootstrap value are in bold font. The ‘‘Lik’’ column reports the fraction of bootstrap runs in which
the bootstrapped percentile falls below the actual percentile. A value of 0.5 indicates the actual distribution is indistin-
guishable from the bootstrap distribution. We display the percentiles for five benchmark models.

Fama–French– Cremers–Petajisto–
CAPM Carhart Vanguard Zitzewitz Ferson–Schadt

Pct Sim Act Lik Sim Act Lik Sim Act Lik Sim Act Lik Sim Act Lik

Panel A. Index Funds

5 −1.61 −1.58 0.47 −1.61 −1.91 0.22 −1.79 −2.76 0.00 −1.75 –0.95 1.00 −1.62 −1.60 0.47
10 −1.29 –1.19 0.58 −1.28 −1.37 0.36 −1.36 −2.03 0.01 −1.35 –0.73 1.00 −1.25 –1.17 0.57
20 −0.87 –0.59 0.80 −0.86 −0.87 0.46 −0.88 −1.21 0.04 −0.87 –0.28 1.00 −0.81 –0.78 0.52
30 −0.55 –0.22 0.89 −0.54 –0.44 0.62 −0.54 −0.68 0.20 −0.53 0.15 1.00 −0.48 –0.36 0.66
40 −0.28 0.01 0.87 −0.27 0.01 0.81 −0.26 –0.22 0.59 −0.27 0.44 1.00 −0.21 –0.01 0.75
50 −0.01 0.20 0.81 −0.01 0.30 0.85 0.01 0.05 0.61 0.00 0.81 1.00 0.05 0.33 0.84
60 0.26 0.50 0.84 0.24 0.56 0.84 0.27 0.43 0.84 0.26 1.11 1.00 0.31 0.56 0.80
70 0.52 0.79 0.83 0.52 0.88 0.86 0.55 0.72 0.83 0.53 1.49 1.00 0.58 0.76 0.74
80 0.83 1.16 0.86 0.83 1.13 0.80 0.89 1.10 0.84 0.85 1.81 1.00 0.90 1.06 0.70
90 1.25 1.71 0.89 1.26 1.34 0.62 1.38 1.63 0.85 1.32 2.50 1.00 1.34 1.37 0.58
95 1.58 2.09 0.89 1.60 1.64 0.58 1.81 2.06 0.81 1.72 3.41 1.00 1.71 1.65 0.48

Panel B. Active Funds

15 −1.63 −1.75 0.31 −1.66 −1.97 0.14 −1.75 −2.25 0.01 −1.71 −2.08 0.06 −1.67 −2.01 0.11
10 −1.28 −1.24 0.50 −1.29 −1.50 0.21 −1.35 −1.74 0.02 −1.32 −1.65 0.07 −1.29 −1.54 0.17
20 −0.85 –0.68 0.71 −0.85 −0.96 0.32 −0.89 −1.11 0.09 −0.87 −1.05 0.15 −0.85 −0.98 0.28
30 −0.53 –0.31 0.82 −0.53 −0.56 0.44 −0.55 −0.74 0.10 −0.54 −0.66 0.24 −0.53 −0.63 0.33
40 −0.26 –0.03 0.84 −0.26 –0.25 0.52 −0.27 −0.41 0.13 −0.26 −0.33 0.35 −0.25 −0.31 0.40
50 −0.01 0.29 0.89 −0.01 0.09 0.65 −0.01 −0.07 0.31 −0.01 −0.03 0.46 0.00 −0.02 0.47
60 0.25 0.55 0.89 0.24 0.38 0.71 0.25 0.25 0.48 0.25 0.30 0.63 0.25 0.31 0.61
70 0.52 0.88 0.92 0.52 0.69 0.76 0.53 0.61 0.73 0.53 0.71 0.85 0.53 0.61 0.65
80 0.83 1.23 0.92 0.83 1.05 0.80 0.86 1.02 0.87 0.86 1.08 0.89 0.85 0.97 0.72
90 1.25 1.78 0.95 1.28 1.58 0.87 1.33 1.57 0.92 1.31 1.73 0.97 1.29 1.52 0.81
95 1.59 2.28 0.97 1.65 2.01 0.89 1.73 2.11 0.96 1.70 2.25 0.99 1.67 1.90 0.80

12As pointed out by Fama and French (2010), there is the potential for unbalanced samples across
funds. This will be true for index as well as active funds.
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of the distribution. As in Fama and French (2010), we also report the fraction of
bootstrap runs in which a given percentile of the simulated distribution falls below
the empirical percentile value. Fama and French (2010) discuss how this measure
can be used for informal inference concerning the likelihood of observing the dif-
ference in performance between the simulated and actual data. In particular, if the
bootstrapped and actual distributions are equal at a given percentile (i.e., no skill),
the likelihood value should be 0.5.13

Panel B of Table 3 reports the same tests for our actively managed
sample. The results look quite similar to both those in Fama and French (2010)
and those of the index funds. The actual percentiles are generally greater than the
bootstrapped percentiles above the median. Kosowski et al. (2006) and Fama and
French (2010) interpret such results as evidence of skill, although the latter em-
phasizes that any excess returns disappear when considered net-of-fees. A similar
interpretation of the index fund results implies that some index funds are skilled
as well.

B. The Proportion of Skilled, Zero-Alpha, and Unskilled Funds
In a similar vein to the bootstrap tests, Barras et al. (2010) use a variant

of the estimation of the false discovery rate (FDR) developed by Storey (2002)
to estimate the fractions of funds in the cross section that are skilled, unskilled,
and zero-alpha. The technique controls for false discoveries of mutual fund skill
(i.e., mutual funds exhibiting significant alphas by luck alone). If one assumes
that funds are drawn from one of three populations (skilled, unskilled, and zero-
alpha), the cross-sectional distribution of t-statistics for risk-adjusted alphas will
be a mixed distribution. The right tail of this mixed distribution will contain both
skilled funds and lucky zero-alpha funds. Using a critical value for the t-statistics
alone will falsely attribute skill to these lucky zero-alpha funds.

We estimate the proportions of unskilled, zero-alpha, and skilled funds
(π̂−, π̂ 0, π̂+) in the index fund population using the Barras et al. (2010) methodol-
ogy.14 The results using gross returns are shown in Table 4. For reference, we also
report estimates for the active fund sample. The estimated proportion of skilled
funds (π̂+) in the index fund population is statistically significant, and the point
estimate is at least as large as the estimated proportion of skilled funds in the
active fund population in all benchmark models except the market model. Under
a standard Fama–French–Carhart 4-factor model, 21% of index funds are classi-
fied as skilled, compared with 9% of active funds. Interestingly, under 3 of the 5

13Interestingly, the likelihood statistic can be biased away from 0.5 for extreme percentiles even
for distributions with no skill (i.e., alpha of 0). This bias is decreasing in the number of funds in the
cross section (not the number of bootstrap samples), so the small size of the index fund cross section
is a possible concern. The estimated likelihoods for percentiles where the actual estimate exceeds
the average bootstrap value (bold entries in Table 3) are generally well in excess of critical values
determined using Monte Carlo simulations of the likelihood statistic under the null of no skill.

14λ∗∈[0,1] denotes the threshold above which p-values are assumed to be generated from zero-
alpha funds only (i.e., funds with alpha p-values greater than λ∗ are comprised solely of zero-alpha
funds). γ ∗ denotes the significance level used for determining the critical t-value used to estimate the
fraction of lucky zero-alpha funds incorrectly identified as possessing skill (or lack of skill). We fix λ∗

at 0.5 and γ ∗ at 0.35 to put active and index funds on equal footing, but our results are qualitatively
unchanged if we follow the selection algorithms for λ∗ and γ ∗ used by Barras et al. (2010).
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TABLE 4
Proportion of Skilled, Unskilled, and Zero-Alpha Funds: Gross Alpha

Table 4 presents estimates of the proportions of unskilled, zero-alpha, and skilled funds (π̂−, π̂0, π̂+) in the population
of index funds using the false discovery rate (FDR) methodology of Barras et al. (2010). For reference, we also report
estimates for active funds. Results are presented for five benchmark models. The estimated proportions are truncated at
0 if negative. Standard errors are calculated as in Barras et al. (2010) and are shown in parentheses. λ∗ ∈[0,1] denotes
the threshold above which p-values are assumed to be generated from zero-alpha funds only (i.e., funds with alpha
p-values greater than λ∗ are comprised solely of zero-alpha funds). To ensure comparable estimates across index and
active fund distributions, the threshold λ∗ is fixed at 0.5, and the significance level (γ ) is fixed at 0.35 (see Barras et al.
(2010) for details).

Fund Type Unskilled (π̂−) Zero-Alpha (π̂0) Skilled (π̂+)

Panel A. CAPM

Index 0.000 0.979 0.021
(0.030) (0.065) (0.049)

Active 0.000 0.883 0.117
(0.011) (0.023) (0.018)

Panel B. Fama–French–Carhart

Index 0.053 0.734 0.213
(0.031) (0.063) (0.049)

Active 0.049 0.865 0.086
(0.012) (0.023) (0.017)

Panel C. Vanguard

Index 0.095 0.759 0.146
(0.033) (0.063) (0.047)

Active 0.110 0.815 0.075
(0.017) (0.023) (0.012)

Panel D. Cremers–Petajisto–Zitzewitz 7-Factor

Index 0.000 0.709 0.291
(0.019) (0.062) (0.051)

Active 0.090 0.803 0.107
(0.012) (0.023) (0.017)

Panel E. Ferson–Schadt

Index 0.000 0.852 0.148
(0.028) (0.064) (0.050)

Active 0.066 0.843 0.091
(0.012) (0.023) (0.017)

models, we estimate no unskilled index funds. This stands in contrast to the ac-
tive funds, where we see a substantial fraction of unskilled funds under all models
except the CAPM. For models with unskilled passive funds (FFC and Vanguard),
the proportion is similar to that found in the active distribution. These tests can
speak to the fraction of skilled (or unskilled) funds, but they do not address the
magnitude of that skill.15 It is possible that the skilled funds in the active space
have much larger α. We examine this explicitly in Section IV.

C. Persistence of α

Empirical studies of mutual fund performance often point to the (lack of)
persistence of risk-adjusted performance as evidence of the (lack of) skill for
managers (e.g., Carhart (1997)).16 In this section, we evaluate the persistence of

15Ferson and Chen (2015) propose a methodology to estimate both the proportions of
skilled/unskilled funds and the magnitudes of the performance. We find similar estimates of π̂+ and
π̂− for index funds using their method under the Fama–French–Carhart model (untabulated).

16Berk and Green (2004) show that if flows respond to performance and there are decreasing
returns to scale in managers’ ability, then persistence should not arise as a result of skill. However, if
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performance for index funds and compare it to that of active funds. Specifically,
we estimate Fama–French–Carhart alphas for half-decade subsamples (i.e., 2000–
2004, 2005–2009, etc.) and sort funds into quintiles based on the alphas in each
period. If relative performance persists, then the transition matrices of the alpha
quintiles should be disproportionately populated along the diagonals. We should
expect persistence in the top quintile in particular if funds are truly skilled. If
there is no persistence and performance rankings are random from one period to
the next, we should see uniform transition probabilities of 20% across the entire
matrix.

We present gross alpha transition matrices for index and active funds in
Table 5. Panels A and C show transitions from 2000–2004 to 2005–2009, and
Panels B and D show transitions from 2005–2009 to 2010–2013. For either tran-
sition, there is no evidence of persistence in skill for the top active funds. In con-
trast, for those index funds in the top quintile, about 30% remain in that quintile
for each transition period.

For index funds, there is also evidence of persistently bad funds. In the early
period, 26% of the worst funds remain in that quintile over the next 5-year period.
However, in the later period, over 30% of the worst-quintile funds remain in that
quintile in the second half of the period.

Overall, we see significant persistence along the entire diagonal for index
funds. Across the 2 periods, the average diagonal transition probability for in-
dex funds is over 30% compared with about 20% for active funds. Moreover, the
persistence in the performance of index funds is statistically significant. The co-
efficient obtained by regressing alpha on lagged alpha is positive with a p-value
of 0.08 for index funds (untabulated).

TABLE 5
Persistence of Gross α

Table 5 presents transition matrices for alpha estimates under the Fama–French–Carhart model. Funds are sorted into
quintiles based on their estimated gross alphas from each half-decade subsample. Each row shows the transition of a
fund from the lagged quintile into quintiles in the current period. Panel headers indicate the current period. The top quintile
(High) contains the top-performing funds; the worst-performing funds are in the Low quintile. No shading represents
transition probabilities close to random (15%–25%). Bold entries represent above-random persistence (>25%), and
italicized entries represent less-than-random persistence (<15%).

α̂t α̂t

α̂t−1 Low 2 3 4 High α̂t−1 Low 2 3 4 High

Panel A. Index Funds (2005–2009) Panel C. Active Funds (2005–2009)

Low 25.9 18.5 14.8 29.6 11.1 Low 22.4 11.8 16.5 19.8 29.5
2 7.7 34.6 42.3 11.5 3.8 2 14.3 21.5 21.1 21.1 21.9
3 3.7 48.2 37.0 11.1 0.0 3 19.1 26.8 24.5 17.9 11.7
4 8.3 50.0 29.2 12.5 0.0 4 18.4 23.4 24.9 17.6 15.7
High 11.5 0.0 15.4 42.3 30.8 High 16.5 18.1 19.3 26.8 19.3

Panel B. Index Funds (2010–2013) Panel D. Active Funds (2010–2013)

Low 32.5 10.0 12.5 20.0 25.0 Low 19.8 17.6 18.2 23.5 20.9
2 15.1 60.6 18.1 3.0 3.0 2 19.9 13.3 25.0 22.7 19.1
3 0.0 28.6 40.0 11.4 20.0 3 17.0 23.3 19.3 21.8 18.5
4 25.6 0.0 33.3 28.2 12.8 4 20.3 25.4 19.6 15.9 18.8
High 21.0 10.5 5.3 34.2 29.0 High 23.8 18.7 17.6 17.6 22.3

there are frictions in how quickly the scale of the fund increases, then we would still expect to observe
some persistence.
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Elton et al. (2004) show significant persistence in S&P 500 index fund net
returns. They find that much of this persistence is driven by fees. Our results
indicate a significant amount of persistence in the broader index fund space, even
for gross returns.

D. The Flow–Performance Relationship
A number of articles have documented a positive relationship between net

fund flows and lagged performance in active mutual funds (e.g., Sirri and Tufano
(1998), Chevalier and Ellison (1997)). A leading explanation for this relationship
is that investors rationally update their beliefs about manager skill based on past
performance (Berk and Green (2004)). We assess the flow–performance relation-
ship in the context of our group of index funds. If flow–performance is due to
rational learning by investors about managers’ stock-picking abilities, index fund
flows should not be responsive to flows. However, if investors learn about other
aspects of performance, there may be a relationship for index funds as well.

We examine the relationship between net fund flows and lagged performance
for both active and index funds. We measure new money growth as follows:

(2) FLOWi t =
TNAi t −TNAi t−1(1+ ri t )

TNAi t−1
,

where TNAi t is the total net assets under management by fund i in month t .17

Flows are winsorized at the 1% level.
Table 6 presents panel regressions of net fund flows on lagged returns and

an interaction of lagged returns with an index fund indicator variable. We use
gross excess returns and benchmark-adjusted returns, controlling for the natural
log of total net assets and a fund’s expense ratio.18 Each regression contains year
and fund fixed effects. As has been widely documented in the literature for active
funds, new money growth is positively correlated with lagged fund performance
measured using any performance measure. We show that this effect exists for a
broad set of index funds as well. The index fund interaction term estimates are
positive and statistically significant using all benchmark-adjusted returns except
the Ferson–Schadt alpha. An increase in Fama–French–Carhart abnormal perfor-
mance of 10 bps per month is associated with increased flows of 3.8 bps of assets
under management for index funds. This is significantly greater than the 1.8-bps
increase in assets for active funds, so new money growth in index funds is more
sensitive to past performance than it is in active funds.19

This result is inconsistent with investors rationally updating about fund skill
if index funds have no skill. It is puzzling that index funds would be more respon-
sive to past gross returns than active funds. Investors may be rationally updating

17Alternatively, we can scale flows by TNAi t−1(1+ri t ) so that complete liquidation results in a
flow of −1. Our results are unchanged using this formulation.

18Using preferences revealed by mutual fund flows, Berk and van Binsbergen (2016) argue that
CAPM is closest to the true model. To be consistent with our previous tests, we use abnormal returns
from each benchmark model.

19Although index mutual funds and ETFs are used for sector exposure, we note that we have
excluded sector-specific funds from our sample, so this does not drive the result. Importantly, we
also include time fixed effects, which should absorb any source of index flows due to time-varying
sentiment.
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TABLE 6
The Fund Flow–Performance Relationship

Table 6 presents estimates of net fund flows on lagged gross performance. The flow for fund i in month t is given by
FLOWit = (TNAit −TNAit−1(1+ rit ))/(TNAit−1), where rit is the fund return, and TNAit−1 is the total net asset value of the
fund. We estimate the following regression:

FLOWit = δi + δt +β1αit−1 +β2αit−1 × INDEXi + γ1 ln(TNA)it + γ2EXPENSE_RATIOit + εit ,

where αit−1 represents the lagged return of fund i , INDEXi is an indicator equal to 1 for index funds, ln(TNA)it is the natural
log of total net assets under management, and EXPENSE_RATIOit is the expense ratio for the fund. The regression in-
cludes fund and year fixed effects. Each column presents the estimates for different returns, including excess returns and
various benchmark-adjusted returns. Standard errors are clustered at the fund level, t -statistics are in square brackets,
and * and ** indicate significance at the 5% and 1% levels, respectively.

Variable 1 2 3 4 5 6

EXCESS_RETURN 0.055**
[26.18]

EXCESS_RETURN × INDEX 0.014
[1.48]

CAPM_ALPHA 0.150**
[26.07]

CAPM_ALPHA × INDEX 0.158**
[4.84]

FFC_ALPHA 0.177**
[21.77]

FFC_ALPHA × INDEX 0.201**
[4.39]

VANGUARD_ALPHA 0.180**
[19.28]

VANGUARD_ALPHA × INDEX 0.291**
[3.66]

CPZ7_ALPHA 0.177**
[18.01]

CPZ7_ALPHA × INDEX 0.375**
[5.50]

FS_ALPHA 0.099**
[15.95]

FS_ALPHA × INDEX −0.005
[−0.16]

ln(TNA) 0.003** 0.003** 0.003** 0.003** 0.003** 0.003**
[8.35] [9.12] [9.14] [9.04] [9.14] [8.96]

EXPENSE_RATIO 0.813** 0.816** 0.818** 0.823** 0.820** 0.829**
[6.72] [6.69] [6.76] [6.80] [6.71] [6.76]

Year fixed effects Yes Yes Yes Yes Yes Yes
Fund fixed effects Yes Yes Yes Yes Yes Yes

No. of obs. 256,823 256,823 256,823 256,823 256,823 256,823

about which investment strategies outperform and which funds have the best ex-
ecution in addition to responding to variation in fees (Elton et al. (2004)). On
the other hand, in experimental settings, investors chase past performance even
within S&P 500 funds if presented with differently framed information (Choi et al.
(2010)), which could explain part of our findings.

E. Why Do Some Index Funds Appear Skilled?
In this subsection, we investigate why the distributional tests identify some

index funds as skilled. One possible explanation is that some underlying indices
may have nonzero alpha (CPZ (2013)). This dispersion could result either from
benchmark model misspecification or portfolio-selection skill in the underlying
index. Dispersion in passive funds exists even under the CPZ benchmark model,
so benchmark performance heterogeneity may not fully explain the dispersion in
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passive fund performance. A second possibility is that differences in operational
skill (e.g., trading execution, management of securities lending programs, etc.)
result in dispersion of alphas and/or t-statistics.

To assess the relative importance of these two explanations, we decompose
index fund performance into i) the average return of the fund in excess of its stated
benchmark and ii) the alpha of the underlying benchmark relative to a particular
risk model. Some of the benchmark returns and holdings are proprietary, so we
cannot decompose returns for all index funds. Therefore, we begin the analysis in
this subsection by restricting the sample to 107 funds benchmarked to a standard
set of S&P and Russell benchmarks.20

In Figure 1, we plot the cross-sectional distribution of both average index
fund returns in excess of their stated benchmark (Graph A) and the CAPM alphas
of the underlying benchmark indices (Graph B). We also plot their respective
t-statistics. Dispersion in average returns in excess of the stated benchmark is due
to heterogeneity in operational skills. Graph A shows that the magnitude of any in-
dex fund skill due to fund management, but not the choice of benchmark, is quite
small. Nonetheless, there is still heterogeneity across index funds, and many funds
beat their underlying index.21 In Graph E, we plot the distribution of t-statistics
of average returns in excess of the stated benchmark, which exhibits substantial
dispersion. Most investors would gauge skill in index funds by how closely the
fund tracks its benchmark; better funds have lower tracking error. The t-statistic
distribution shows that the tracking error is small enough for many funds to statis-
tically outperform their benchmarks. In other words, even though the magnitude
of index fund operational skill is small in terms of returns, some earn these posi-
tive returns in excess of the stated benchmark consistently. Such funds have large
measures of skill on a t-statistic basis.

In order to gauge the extent to which the risk model alpha of the underlying
index explains index fund performance dispersion, we report the CAPM alphas of
the underlying benchmarks, estimated over the full sample and weighted by the
number of funds tracking each benchmark (Graph B of Figure 1). If the bench-
mark indices are unskilled, these alphas should all be 0. However, as documented
by CPZ (2013), there is some dispersion in benchmark alphas, indicating that the
CAPM does not perfectly price all indices. There is also substantial estimation
error when estimating the model alphas of the underlying indices. As a result, the
dispersion in the t(α) distribution of the CAPM alphas of the underlying index
(Graph F) is substantially narrower than the t(α) distribution of the average fund
returns in excess of their benchmark (Graph E).

20The 17 indices we consider are the S&P 500, S&P 500 Growth, S&P 500 Value, S&P 400, S&P
600, Russell 1000, Russell 1000 Growth, Russell 1000 Value, Russell 2000, Russell 2000 Growth,
Russell 2000 Value, Russell 3000, Russell 3000 Growth, Russell 3000 Value, Russell Midcap, Russell
Midcap Growth, and Russell Midcap Value. As for all index funds in our sample, we hand-check the
benchmarks for these index funds. We obtain benchmark returns from Bloomberg.

21One potential explanation for outperformance is securities lending programs. Blocher and Wha-
ley (2016) document that passive funds can earn substantial revenue from these programs. Managing
costs is another potential explanation; for example, Keim (1999) documents the performance implica-
tions of transaction cost management by Dimensional Fund Advisors.
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FIGURE 1
Decomposition of Index Fund Performance: CAPM Benchmark Model

Figure 1 plots the histograms of average excess returns and associated t -statistics for index funds benchmarked to 17
Standard & Poor’s (S&P) and Russell benchmarks listed in footnote 20 (Graphs A–C and E–G) and all index funds in
the sample (Graphs D and H). Graphs A and E plot average return in excess of the stated benchmark and associated
t -statistic for each fund. Graphs B and F plot the capital asset pricing model (CAPM) alpha and t (α) for the underlying
index. For each underlying index, we estimate the model over the full sample and weight the estimate by the number of
funds tracking the index. Graphs C and G plot the CAPM alpha and t (α) for each index fund benchmarked to the 17 S&P
and Russell benchmarks. Graphs D and H use all index funds in the sample and plot the CAPM alpha and t (α) for each
index fund.
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Graphs C and G of Figure 1 report the cross-sectional distributions of the
model alphas and t(α) under CAPM for each fund.22 As to the question of what
drives dispersion in index fund performance, the answer depends on which mea-
sure of performance one uses: model alphas or t(α). In the first three rows of each
column of Figure 1, we see that benchmark model misspecification or underly-
ing benchmark skill accounts for dispersion in alpha for the sample of standard
S&P and Russell indices; there is little dispersion in average returns in excess
of the stated benchmark. On the other hand, differences in operational skill (i.e.,
tracking error) are the predominant factor in explaining dispersion in index fund
performance as measured by t(α). If we include funds benchmarked to indices
outside of the S&P and Russell subsample (final row of Figure 1), the distribu-
tions are wider, particularly for CAPM alpha.

It is interesting to assess the performance of benchmark models that im-
prove pricing of indices in particular. For instance, the benchmark models of CPZ
(2013) are designed to eliminate alphas for benchmark indices like the S&P 500.
In Figure 2, we report estimates of funds’ average returns in excess of the stated
benchmark and CPZ7 model alphas for the underlying indices. Graph B shows
that the CPZ7 model substantially reduces the dispersion in alphas for the under-
lying S&P and Russell benchmarks. Indeed, only two benchmarks, the S&P 400
and the S&P 600, now have alpha estimates that deviate much from 0. As a result,
the distribution of index fund alpha estimates in Graph C is much tighter under
CPZ7 than under the CAPM. However, the t-statistic distribution of the fund-
specific alphas in Graph G is actually wider under CPZ7 than under CAPM due
to operational skill (which is invariant to the benchmark risk model) and smaller
idiosyncratic risk for underlying indices relative to the CPZ7 model. The reduc-
tion in idiosyncratic risk moving from the CAPM to the CPZ7 model is precisely
due to the fact that the CPZ7 is constructed to eliminate the alphas in the under-
lying benchmarks. Thus, slight operational performance differences in terms of
tracking error can result in large t-statistic dispersion.

It is also important to note that although the CPZ7 model corrects for much
of the alpha dispersion in the subset of S&P and Russell index funds, it does
not correct for this dispersion in the full sample. This is evident in the final row
of Figure 2, which plots the performance distributions for all index funds in our
sample (no longer restricting to the set of S&P and Russell benchmarks). Even
under the CPZ7 model, there is substantial dispersion in the index fund alphas
when the index fund sample includes funds benchmarked to indices not included
in the CPZ7 model. Therefore, although part of the performance dispersion in
index funds is driven by the benchmark-alpha issue identified by CPZ (2013),
their solution does not eliminate all variation in the benchmark index alpha.

F. Which Index Funds Appear Skilled?
Table 7 presents a league table of the top- and bottom-performing index

funds based on the fund’s CPZ7 alpha or t(α). The table also reports a fund’s

22These estimates are for the period each fund is in the sample, so the underlying benchmark
alpha estimate may differ across two funds with the same underlying benchmark but differing sample
periods.
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FIGURE 2
Decomposition of Index Fund Performance: CPZ7 Benchmark Model

Figure 2 plots the histograms of average excess returns and associated t -statistics for index funds benchmarked to 17
Standard & Poor’s (S&P) and Russell benchmarks listed in footnote 20 (Graphs A–C and E–G) and all index funds in
the sample (Graphs D and H). Graphs A and E plot average return in excess of the stated benchmark and associated
t -statistic for each fund. Graphs B and F plot the CPZ7 alpha and t (α) for the underlying index. For each underlying
index, we estimate the model over the full sample and weight the estimate by the number of funds tracking the index.
Graphs C and G plot the CPZ7 alpha and t (α) for each index fund benchmarked to the 17 S&P and Russell benchmarks.
Graphs D and H use all index funds in the sample and plot the CPZ7 alpha and t (α) for each index fund.
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TABLE 7
League Table: Cremers–Petajisto–Zitzewitz 7-Factor Benchmark

Table 7 reports the top and bottom 10 index funds based on alpha and t (α) as well as the average rank of each measure
across 6 benchmarks: excess of Standard & Poor’s (S&P) 500, capital asset pricing model (CAPM), Fama–French–
Carhart, Vanguard Basis, Cremers–Petajisto–Zitzewitz 7-factor, and Ferson–Schadt. The ranks are out of the 237 funds.
A rank of 1 corresponds to the largest (smallest) alpha or t -statistic in Panels A and C (Panels B and D).

Average Rank

Rank Fund α t (α)

Panel A. Top 10 Alpha (CPZ7)

1 Claymore ETF Trust: Claymore/Beacon Spin-Off ETF 2 8
2 First Trust ETF: First Trust Morningstar Dividend Leaders Index Fund 19 53
3 Rydex Series Funds: NASDAQ-100 Fund 24 51
4 PowerShares ETF Trust: Buyback Achievers Portfolio 10 14
5 WisdomTree Trust: WisdomTree SmallCap Dividend Fund 15 31

6 First Trust ETF: First Trust US IPO Index Fund 6 11
7 Rydex ETF Trust: Rydex S&P 500 Pure Value ETF 5 19
8 Morgan Stanley Nasdaq-100 Index Fund 66 101
9 Rydex Series Funds: S&P MidCap 400 Pure Growth Fund 10 26

10 Rydex ETF Trust: Rydex S&P SmallCap 600 Pure Growth ETF 19 56

Panel B. Bottom 10 Alpha (CPZ7)

1 First Trust ETF: First Trust Value Line 100 ETF 2 12
2 First Trust ETF: First Trust Value Line Equity Allocation Index Fund 6 21
3 PowerShares ETF Trust: PowerShares Zacks Micro Cap Portfolio 4 10
4 PowerShares ETF Trust: PowerShares Dynamic OTC Portfolio 4 11
5 Schwab Capital Trust: Schwab Institutional Select Small-Cap Value Index Fund 105 87

6 WisdomTree Trust: WisdomTree LargeCap Value Fund 21 32
7 PowerShares ETF Trust: PowerShares Fundamental Pure Mid Growth 11 30
8 Claymore ETF Trust: Guggenheim Insider Sentiment ETF 39 58
9 First Trust ETF: First Trust Capital Strength ETF 42 57

10 First Trust ETF: Large Cap Growth AlphaDEX Fund 21 39

Panel C. Top 10 t (α) (CPZ7)

1 Vanguard Index Funds: Vanguard 500 Index Fund 126 60
2 iShares Trust: iShares Russell 2000 Index Fund 141 140
3 Vanguard Institutional Index Fund: Vanguard Institutional Index Fund 128 69
4 iShares Trust: iShares Russell 2000 Growth Index Fund 136 130
5 iShares Trust: iShares Russell Midcap Index Fund 74 37

6 T Rowe Price Index Trust; T Rowe Price Equity Index 500 Fund 123 47
7 Schwab Capital Trust: S&P 500 Index Fund 139 78
8 iShares Trust: iShares S&P 500 Index Fund 170 156
9 WisdomTree Trust: WisdomTree SmallCap Dividend Fund 15 31

10 Schwab Capital Trust: Schwab Total Stock Market Index Fund 102 9

Panel D. Bottom 10 t (α) (CPZ7)

1 First Trust ETF: First Trust Value Line 100 ETF 2 12
2 PowerShares ETF Trust: PowerShares Zacks Micro Cap Portfolio 4 10
3 First Trust ETF: First Trust Value Line Equity Allocation Index Fund 6 21
4 Federated Index Trust: Federated Mini-Cap Index Fund 44 28
5 PowerShares ETF Trust: PowerShares Dynamic OTC Portfolio 4 11

6 WisdomTree Trust: WisdomTree LargeCap Value Fund 21 32
7 PowerShares ETF Trust: PowerShares Fundamental Pure Mid Growth 11 30
8 TIAA-CREF Funds: Mid-Cap Growth Index Fund 141 102
9 Schwab Capital Trust: Schwab Institutional Select Small-Cap Value Index Fund 105 87

10 iShares Trust: iShares Morningstar Large-Cap Growth ETF 72 76

average alpha and t-statistic ranks across benchmark models.23 The ranking of
funds depends on the performance measure used. Consistent with the discussion
of Figure 2, the best and worst funds based on CPZ7 alpha are those that bench-
mark to indices not included in the CPZ7 model, whereas the best and worst CPZ7

23We thank the referee for suggesting the analysis in this section. We report league tables for the
other benchmark models in the Internet Appendix.
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t(α) funds contain funds benchmarked to common indices like the S&P 500 or
Russell 2000.

The league table in Table 7 shows that both exchange-traded and open-ended
funds end up as the top-performing funds. ETFs comprise just over half of our in-
dex fund sample. The cross section of alpha for exchange-traded index funds ex-
hibits more variance than does the cross section of open-ended index fund alpha,
and ETFs occupy a disproportionate share of the top 10 alpha funds. However, the
distribution of t(α) is similar across exchange-traded and open-ended index funds,
so there is greater representation by open-ended index funds in the top-performing
index funds based on t-statistics.

We also assess the average characteristics of top- and bottom-performing
index funds by sorting on alpha or t-statistics (untabulated). The average ex-
pense ratio is higher for the top and bottom alpha quintiles. The high- and low-
alpha quintiles also track higher turnover benchmarks and tend to be smaller and
younger funds. This is consistent with some of the less well-known indices seen
in the league tables. These patterns are not evident when funds are sorted by t(α).
There is no clear pattern related to t-statistic performance relative to expenses or
turnover. Although not monotonic, there is some evidence that larger and older
funds have higher t(α). These results are consistent with the league tables, which
show that many large, well-established index funds following standard bench-
marks appear skilled based on t(α).

Finally, we conduct an analysis of whether some fund management firms
systematically perform better than others (before fees). We average the across-
benchmark-model average ranks of alphas and t-statistics across all funds for
each management firm (untabulated). There is variation in this average rank, and
the same management firms do well/poorly regardless of alpha or t-statistic sort-
ing. On average, index funds managed by WisdomTree, Guggenheim, State Street
(SPDR), and Vanguard perform best among firms with at least 10 index funds in
our sample.

IV. Implications for Active Fund Performance Evaluation
The result that portions of the passive index fund distribution can appear

skilled obviously raises questions concerning its implication for performance
evaluation of active managers because factors that drive dispersion in index fund
performance could also contribute to the variation in performance within the ac-
tive funds. In this section, we reassess the extent of actively managed skill by
using the cross section of traded passive portfolios (index funds) as a baseline
performance distribution. These tests are similar in spirit to the bootstrap tests of
Kosowski et al. (2006) and Fama and French (2010), but we use the index fund
distribution rather than the bootstrapped distribution from active fund returns as
our counterfactual distribution. We first assess differences between active and pas-
sive fund performance at various points of the distribution using quantile regres-
sions. We then use (second-order) stochastic dominance tests to assess whether
the extent of any active fund skill in aggregate is sufficient to induce a risk-averse
investor to choose an active fund rather than an index fund, even before fees.
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A. Cumulative Distribution Functions
In Figure 3, we plot the cumulative distribution functions (CDFs) of gross

alphas for index and active funds under the various benchmark models. We also
display the returns in excess of the S&P 500 because this is a common benchmark
used for equity fund performance in practice. If index funds have less dispersion
in performance than active funds, then their CDF should be to the right (left) of
the active funds’ CDF below (above) the median.

Graph A of Figure 3 shows the surprising result that the CDF of fund re-
turns in excess of the S&P 500 is remarkably similar for above-median funds.
The largest differences in the distributions are in the left half, where index funds

FIGURE 3
Cumulative Distribution Functions of Gross α

Figure 3 plots the cumulative distribution function of the model-adjusted return, α, for index and active funds for the
indicated benchmark models.

Graph A. Excess of S&P 500
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exhibit alphas much closer to 0 than those of the worst-performing active funds.
When adjusted for systematic risk using benchmark models (Graphs B–F), the
poorer performance of below-median active funds remains. There is substantial
above-median dispersion for index funds, resulting in a smaller estimate of out-
performance for the top-performing active funds relative to a comparison with the
median active fund or an alpha of 0. The magnitudes are hard to address in figures;
we explicitly test the statistical and economic significance of these differences in
Section IV.B.

Figure 4 plots the CDFs of alpha t-statistics for index and active funds. There
are some differences across benchmark models, but we see little evidence of out-
performance by active funds even in the right tail. After adjusting for differences
in the precision of alpha estimates due to residual variance differences, the top-
performing funds appear quite similar in the portion of the distribution where one
would expect to find the most skilled funds. The outperformance of index funds
below the median is weaker under the t-statistic measure, but the results suggest
they perform at least as well as the active funds. For the t(α) distribution under
the S&P 500 or the CPZ7 model, the index fund distribution even lies to the right
of the active fund distribution (first-order stochastic dominance).

B. Quantile Regressions
We test for differences between index and active fund performance at vari-

ous points of their respective distributions using quantile regressions (Angrist and
Pischke (2008)). We analyze the 1st, 5th, 25th, 50th, 75th, 95th, and 99th per-
centiles of the benchmark-adjusted return distribution.24 Statistical significance is
determined by calculating bootstrapped standard errors.

1. Gross Alphas

Table 8 reports results from the quantile regressions of model-adjusted re-
turns, before fees, on an index fund indicator variable. Each panel of the table
presents the active fund performance (the constant) and the difference in alpha dis-
tributions between index funds and active funds (the coefficient on INDEX) under
each of the different benchmark models. Each column represents a different quan-
tile of the distribution in ascending order. For example, the middle column, Q50,
represents the median active fund’s benchmark-adjusted return (CONSTANT co-
efficient) and the difference in medians across the two distributions (INDEX coef-
ficient). The results are consistent with the visual evidence provided by the CDFs.

For purposes of discussion, we focus mainly on the results from the distri-
bution of 4-factor (Fama–French–Carhart) alphas. These results are presented in
the third panel of Table 8. Median risk-adjusted performance for actively man-
aged funds is approximately 1 bp per month. At the median, there is no economic
or statistical difference between index funds and active funds. Even before fees,
median risk-adjusted performance is similar across the two groups.

24Unlike ordinary least squares, quantile regressions can be biased when there is measurement
error in the dependent variable (e.g., Hausman, Luo, and Palmer (2014)). Specifically, coefficients can
be biased toward the median regression estimate. In untabulated simulations, we find that bias due
to measurement error is unlikely to significantly bias the tests reported here. Simulation results are
available from the authors.
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FIGURE 4
Cumulative Distribution Functions of Gross t(α)

Figure 4 plots the cumulative distribution function of t -statistics associated with the model-adjusted return, α, for index
and active funds for the indicated benchmark models.
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The left tail of the distribution is where we observe the largest differences.
Under the 4-factor model, we estimate that for the very worst funds (Q01), index
funds outperform active funds. The estimated performance of active funds in this
quantile is−73 bps per month, whereas the index funds lose only half that amount.
This estimate is large economically and is statistically significant at the 1% level.
The poor unconditional active fund performance in this region may represent mu-
tual funds that produce countercyclical returns (Glode (2011)). We believe this is
less likely to be true for index funds, so it is interesting that the worst index funds
perform as poorly as they do. As we move along the distribution, the performance
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TABLE 8
Quantile Regression Estimates: Gross Alphas

Table 8 presents quantile regression estimates from the cross section of model-adjusted mutual fund returns. Model-
adjusted returns, αi , are calculated using one of six benchmark models. Conditional quantile estimates are found by
solving the following:

Qτ (αi |Xi ) = argmin
q(X )

E[ρτ (αi −q(Xi ))],

where ρτ (µ)= (τ−1(µ≤0))µ for quantile τ . To test the difference in quantiles between index funds and active funds,
q(Xi ) is estimated as q(Xi )=β0+β1× INDEXi , where INDEXi takes a value of 1 if fund i is an index fund. The first column
presents estimates for the 1st percentile of the distribution, with each subsequent column presenting estimates for the
5th, 25th, 50th, 75th, 95th, and 99th percentiles, respectively. Standard errors are bootstrapped, t -statistics are in square
brackets, and * and ** indicate significance at the 5% and 1% levels, respectively.

Variable Q01 Q05 Q25 Q50 Q75 Q95 Q99

Panel A. Excess of S&P 500

INDEX 0.0050** 0.0022** 0.0003** −0.0001 0.0004 0.0003 0.0021
[5.18] [6.30] [5.89] [−0.19] [1.60] [0.46] [0.81]

CONSTANT −0.0068** −0.0030** −0.0003** 0.0011** 0.0028** 0.0057** 0.0083**
[−8.33] [−11.00] [−5.43] [12.61] [24.85] [37.29] [23.52]

Panel B. CAPM

INDEX 0.0035** 0.0023** 0.0004** −0.0003** −0.0004** −0.0006 −0.0009
[5.09] [5.53] [4.27] [−2.24] [−2.39] [−1.02] [−0.70]

CONSTANT −0.0068** −0.0036** −0.0008** 0.0005** 0.0019** 0.0048** 0.0076**
[−15.28] [−13.14] [−11.10] [6.64] [29.72] [32.03] [14.92]

Panel C. Fama–French–Carhart

INDEX 0.0036** 0.0020** 0.0007** 0.0001 −0.0001 −0.0000 0.0010
[3.36] [4.61] [6.70] [1.53] [−0.61] [−0.06] [0.88]

CONSTANT −0.0073** −0.0039** −0.0011** 0.0001 0.0011** 0.0030** 0.0043**
[−10.37] [−19.42] [−17.64] [1.54] [19.77] [30.12] [21.60]

Panel D. Vanguard

INDEX 0.0024** 0.0019** 0.0012** 0.0001** −0.0004** 0.0002 0.0020
[2.46] [4.13] [14.24] [2.20] [−2.99] [0.29] [1.21]

CONSTANT −0.0072** −0.0039** −0.0013** −0.0001** 0.0010** 0.0028** 0.0048**
[−12.37] [−21.59] [−20.78] [−2.39] [18.70] [29.08] [11.72]

Panel E. Cremers–Petajisto–Zitzewitz 7-Factor

INDEX 0.0028** 0.0027** 0.0011** 0.0001** −0.0003** −0.0001 0.0000
[2.98] [7.19] [16.72] [3.30] [−2.80] [−0.18] [0.05]

CONSTANT −0.0061** −0.0037** −0.0011** −0.0000 0.0010** 0.0030** 0.0045**
[−9.12] [−18.25] [−18.02] [−0.80] [21.85] [27.36] [22.88]

Panel F. Ferson–Schadt

INDEX 0.0015 0.0016** 0.0008** 0.0002** −0.0003** −0.0008* 0.0007
[1.47] [3.64] [7.23] [2.74] [−2.40] [−1.68] [0.55]

CONSTANT −0.0067** −0.0038** −0.0012** −0.0000 0.0011** 0.0032** 0.0053**
[−15.16] [−18.07] [−17.57] [−0.52] [18.79] [24.91] [12.26]

No. of obs. 2,060 2,060 2,060 2,060 2,060 2,060 2,060

difference in favor of index funds gets smaller economically, but it is still large
relative to the active fund performance at that point in the distribution. At the 25th
percentile, active funds lose 11 bps per month, whereas index funds lose 4 bps.

Perhaps these differences in the left tail are not surprising. If index funds
track passive portfolios whose benchmark performance falls in the center of the
distribution, then we might expect active managers, either due to poor talent or bad
luck, to do worse on the downside just by virtue of the fact that they are picking
stocks. This would suggest that the active managers should then outperform by
similar amounts in the right tail of the distribution. However, this is not the case.
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Any performance differential (the INDEX coefficient) on the right-hand side is
smaller than that on the left-hand side of the distributions.

For attractive funds, the largest performance advantages for active funds are
found at the 95th and 75th percentiles. At the 75th percentile, with the exception
of returns in excess of the S&P 500, there is consistent evidence across models in
favor of the active funds with differences of up to 4 bps per month. The advantage
is less than half the size of the underperformance of the active funds at the 25th
percentile under most models. Overall, this suggests that the outperformance of
active managers in the right shoulder of the distribution is more than offset by their
poor performance in the left side of the distribution. We test this explicitly using
stochastic dominance tests in Section IV.C. Moreover, the incremental outperfor-
mance by active funds relative to index funds substantially lowers the economic
magnitude of an active fund’s performance. For example, the 4-factor alpha of the
95th percentile active fund is 30 bps per month. The 95th percentile index fund
also earns 30 bps per month, so any outperformance of the 95th percentile active
fund is small when using the index fund distribution as a benchmark. Only un-
der the Ferson–Schadt model is this incremental outperformance by active funds
statistically significant.

2. Gross t(α)

Index funds and active funds have different objective functions with respect
to performance. In particular, index funds are evaluated in part on their ability to
tightly track their benchmark, that is, low volatility of tracking error. This likely
results in low residual risk under a model-based benchmark adjustment as well.
Active funds, however, try to beat their stated benchmark or passive factor portfo-
lios, with less regard paid to residual risk. t-statistics incorporate both objectives
simultaneously, allowing comparison along both dimensions of performance.

In Table 9, we report quantile regressions for the distribution of t-statistics.
Incorporating residual risk into performance evaluation results in different con-
clusions relative to using alphas. Specifically, as discussed in Section III.E, some
passive funds earn economically small positive (negative) alphas, but they do so
with such precision that they have very large positive (negative) t-statistics. This
leads to differences in the relative performance of active and passive funds. In
particular, there is no significant outperformance by active funds, consistent with
the graphical evidence in Figure 4. In the right half of the distribution, the mag-
nitudes of any differences in t(α) are small, and the magnitude and signs of the
estimates differ depending on the benchmark model choice. Overall, it would be
difficult to conclude that the actively managed funds perform substantially better
in the right tail of the distribution when considering performance per unit residual
risk. On the other hand, the worst index funds also no longer strongly outperform
the worst active funds, as they do when using alphas. This is primarily due to
the fact that the poor performance of the worst index funds, although smaller in
magnitude, is very precisely estimated. Therefore, adjusting for residual risk, the
index funds’ advantage in the left tail is reduced.
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TABLE 9
Quantile Regression Estimates: Gross t-Statistics

Table 9 presents quantile regression estimates from the cross section of t -statistics of model-adjustedmutual fund returns.
Model-adjusted returns, αi , are calculated using one of six benchmark models. Conditional quantile estimates are found
by solving the following:

Qτ (t (αi )|Xi ) = argmin
q(X )

E[ρτ (t (αi )−q(Xi ))],

where ρτ (µ)= (τ−1(µ≤0))µ for quantile τ . To test the difference in quantiles between index funds and active funds,
q(Xi ) is estimated as q(Xi )=β0+β1× INDEXi , where INDEXi takes a value of 1 if fund i is an index fund. The first column
presents estimates for the 1st percentile of the distribution, with each subsequent column presenting estimates for the
5th, 25th, 50th, 75th, 95th, and 99th percentiles, respectively. Standard errors are bootstrapped, t -statistics are in square
brackets, and * and ** indicate significance at the 5% and 1% levels, respectively.

Variable Q01 Q05 Q25 Q50 Q75 Q95 Q99

Panel A. Excess of S&P 500

INDEX 1.21** 0.70** 0.62** 0.52** 0.51** 0.20 2.12
[3.66] [3.44] [6.68] [5.78] [5.14] [1.28] [1.17]

CONSTANT −2.59** −1.45** −0.17** 0.61** 1.33** 2.40** 3.26**
[−23.29] [−29.43] [−3.72] [18.75] [31.04] [46.67] [23.51]

Panel B. CAPM

INDEX 0.94** 0.17 0.08 −0.09 −0.10 −0.19 −0.58
[4.25] [0.99] [0.69] [−1.04] [−0.78] [−1.29] [−1.46]

CONSTANT −2.84** −1.75** −0.46** 0.29** 1.06** 2.28** 3.17**
[−13.71] [−24.07] [−11.51] [8.49] [31.02] [30.04] [27.45]

Panel C. Fama–French–Carhart

INDEX 0.31 0.28 0.16 0.33** 0.28** 0.27 −0.06
[0.80] [1.44] [1.19] [2.92] [3.66] [1.95] [−0.23]

CONSTANT −3.05** −1.96** −0.76** 0.05 0.85** 1.92** 2.83**
[−23.58] [−24.70] [−18.62] [1.18] [22.04] [31.12] [31.24]

Panel D. Vanguard

INDEX −0.62* −0.51 0.02 0.12 0.16 −0.05 −0.07
[−2.16] [−1.84] [0.15] [0.94] [1.43] [−0.29] [−0.19]

CONSTANT −3.10** −2.25** −0.92** −0.07* 0.79** 2.11** 2.88**
[−23.66] [−32.28] [−24.90] [−2.10] [15.59] [30.39] [19.52]

Panel E. Cremers–Petajisto–Zitzewitz 7-Factor

INDEX 0.94* 1.13** 0.82** 0.84** 0.73** 1.16** 4.05**
[2.40] [8.00] [5.52] [8.55] [7.24] [2.72] [3.57]

CONSTANT −3.11** −2.08** −0.85** −0.03 0.87** 2.25** 3.18**
[−25.96] [−32.77] [−17.01] [−0.77] [22.48] [34.13] [19.81]

Panel F. Ferson–Schadt

INDEX 0.24 0.41* 0.27* 0.35** 0.14 −0.25 −0.04
[0.65] [2.15] [2.12] [3.76] [1.56] [−1.63] [−0.10]

CONSTANT −2.84** −2.01** −0.83** −0.02 0.79** 1.90** 2.83**
[−27.49] [−28.83] [−21.76] [−0.57] [24.52] [29.32] [25.97]

No. of obs. 2,060 2,060 2,060 2,060 2,060 2,060 2,060

3. Benchmark-Adjusted Returns

We also examine the distributions of performance for the subsets of active
and index funds for which we have the returns of the stated benchmark (S&P
and Russell benchmarked funds listed in footnote 20). In Table 10, we present
the distribution of returns in excess of the stated benchmark and the t-statistics of
those excess returns. Active funds may take more risk than their stated benchmark
and may even game their benchmark choice (Sensoy (2009)), so it is not surprising
to see that the distribution of active performance relative to the stated benchmark
is much wider than that of the index funds.
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TABLE 10
Quantile Regression Estimates: S&P and Russell Funds

Table 10 presents quantile regression estimates from the cross section of gross average returns in excess of the stated
benchmark and t -statistics of these excess returns for funds benchmarked to 17 Standard & Poor’s (S&P) and Russell
indices (listed in footnote 20). Conditional quantile estimates are found by solving the following:

Qτ (yi |Xi ) = argmin
q(X )

E[ρτ (yi −q(Xi ))],

where ρτ (µ)= (τ−1(µ≤0))µ for quantile τ of performance measure yi . To test the difference in quantiles between index
funds and active funds, q(Xi ) is estimated as q(Xi )=β0+β1× INDEXi , where INDEXi takes a value of 1 if fund i is an index
fund. The first column presents estimates for the 1st percentile of the distribution, with each subsequent column present-
ing estimates for the 5th, 25th, 50th, 75th, 95th, and 99th percentiles, respectively. Standard errors are bootstrapped,
t -statistics are in square brackets, and * and ** indicate significance at the 5% and 1% levels, respectively.

Variable Q01 Q05 Q25 Q50 Q75 Q95 Q99

Panel A. Gross Average Return in Excess of Stated S&P or Russell Benchmark

INDEX 0.0061** 0.0031** 0.0007** −0.0004** −0.0014** −0.0035** −0.0050**
[8.18] [13.49] [7.81] [−7.51] [−18.05] [−19.59] [−9.17]

CONSTANT −0.0065** −0.0033** −0.0006** 0.0004** 0.0015** 0.0037** 0.0057**
[−9.21] [−16.18] [−7.73] [8.25] [19.37] [27.73] [11.94]

Panel B. Gross t -Statistic of Return in Excess of Stated S&P or Russell Benchmark

INDEX 0.69 0.28 0.51** 0.73** 0.88** 1.97 4.28*
[1.73] [1.15] [3.01] [4.96] [6.51] [1.30] [2.42]

CONSTANT −2.75** −1.68** −0.43** 0.31** 1.00** 2.03** 2.75**
[−15.03] [−26.45] [−10.24] [10.08] [23.16] [39.53] [25.76]

No. of obs. 1,479 1,479 1,479 1,479 1,479 1,479 1,479

For performance measured in excess of the stated benchmark, an appropri-
ate comparison requires scaling the excess return by the residual risk. The bottom
panel of Table 10 shows that the t-statistics for the index fund distribution are at
least as large as those of the active fund distribution at each quantile tested. More
importantly, the most extreme positive t-statistics are significantly greater for in-
dex funds. On a per-unit-of-risk basis, even under a simple benchmark adjustment,
active funds underperform index funds.

C. Stochastic Dominance Tests
Our quantile regression results are useful in assessing how percentiles of the

index and active fund distributions compare, but assessing the aggregate amount
of incremental skill in the active space is challenging due to multiple comparison
issues. To overcome these issues, we ask whether there exists enough incremental
performance in the active fund space to warrant a risk-averse investor choosing
an active fund over an index fund. We answer this question by testing the null that
active funds stochastically dominate index funds and vice versa. We can easily re-
ject the nulls that either distribution dominates the other in a first-order sense (i.e.,
the distributions cross), so we focus our discussion on second-order stochastic
dominance.25

It is not obvious that gross index fund performance should second-order
stochastically dominate that of active funds. Consider the alpha distribution. The
index fund distribution has less variance than the active distribution while exhibit-
ing a higher average alpha. However, neither distribution is symmetric. Although
mean-variance investors would obviously prefer the index fund distribution with

25Recall that distribution G stochastically dominates distribution F in a second-order sense if the
area under the CDF G is less than the area under the CDF F for all values of the outcome space.
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its higher mean and lower variance, some investors may prefer possible skewness
in the active fund distribution. Indeed, documented preferences for skewness for
individual investors could make active funds attractive if they exhibit sufficient
upside potential. Thus, understanding whether the upside of the active funds is
economically sufficient to outweigh their underperformance on the downside is
important.

Our tests of stochastic dominance follow the bootstrap-based test of Bar-
rett and Donald (2003), which is based on Kolmogorov–Smirnov tests comparing
the distributions at all points.26 The intuition of the test of the null that distribu-
tion G second-order stochastically dominates distribution F is that a number of
bootstrapped draws from F will generate a distribution of CDFs that can be com-
pared with the empirical distribution G. The deviations between F and G (across
all points) can be compared with those found between F and the bootstrapped
CDFs to determine the likelihood of observing the deviations between F and G
by chance.

Table 11 displays p-values associated with tests of stochastic dominance for
the distributions of alpha and t(α). For alphas, we cannot reject the null that in-
dex funds dominate active funds, but we can strongly reject the null that active
funds dominate index funds for all benchmark models. When using t(α), we again
cannot reject the null that index funds dominate active funds for any benchmark
model. For 4 of the 6 benchmarks, we can again reject the null that active funds
dominate index funds.

Economically, the results indicate that the magnitude of any active fund
outperformance relative to index funds is insufficient to outweigh the active
funds’ underperformance relative to the worst index funds. A risk-averse investor

TABLE 11
Stochastic Dominance Tests

Table 11 presents tests of second-order stochastic dominance (SD2) of index funds versus active funds. p-values are
tabulated from bootstrap tests of the null hypothesis that the index fund gross performance distribution dominates the
active fund gross performance distribution and vice versa. The bootstrap tests follow Barrett and Donald (2003), and
each contains 1,000 draws.

Null Tested

Model Index SD2 Active Active SD2 Index

Panel A. Alphas

Excess of S&P 500 0.868 0.000
CAPM 0.894 0.000
Fama–French–Carhart 0.819 0.000
Vanguard 0.807 0.000
CPZ 7-Factor 0.832 0.000
Ferson–Schadt 0.831 0.000

Panel B. t (α)

Excess of S&P 500 0.904 0.000
CAPM 0.659 0.262
Fama–French–Carhart 0.890 0.003
Vanguard 0.228 0.750
CPZ 7-Factor 0.896 0.000
Ferson–Schadt 0.880 0.001

26Specifically, we report the KSB1 p-values.
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facing a random draw from the distribution of active funds versus the distribution
of index funds should prefer the index fund lottery based on benchmark-adjusted
performance, even before fees. In the Internet Appendix, we report additional
stochastic dominance tests comparing index funds to more active funds based
on active share (Cremers and Petajisto (2009)) or return gap (Kacperczyk et al.
(2008)). Consistent with prior work, these active funds perform better, but the
stochastic dominance tests lead to similar conclusions.

V. Conclusion
The number of index funds and underlying indices has grown tremendously

over the last 20 years. We exploit this growth to extend the intuitive comparison
of passive and active fund performance to distributional tests. These tests imply
that index fund skill exists, is persistent, and is found in proportions similar to
those found in active funds. Additionally, investors seem to recognize differences
in performance; index funds with larger past gross returns receive greater capital
flows. We also document the underlying sources of dispersion in index fund per-
formance. Heterogeneity in underlying benchmarks drives dispersion in alphas,
whereas heterogeneity in tracking error contributes to dispersion in t(α).

Dispersed performance of passive funds has important implications for the
evaluation of active managers. We use the index fund performance distribution
as a set of counterfactual funds to assess incremental performance in the active
fund distribution. When performance is measured using before-fee model alphas
and compared across the cross-sectional distribution, any active fund performance
advantage is substantially less than one would conclude from benchmarking to
average index fund performance. Moreover, any advantage of the top active man-
agers over the top index funds is much less than the advantage of the worst index
funds over the worst active funds. When performance accounts for residual risk,
active funds no longer outperform index funds. Stochastic dominance tests show
that index funds dominate active funds in a second-order sense for either alphas
or t(α), indicating that no risk-averse investor should prefer a random draw from
the active fund distribution to one from the index fund distribution.

Our results highlight the importance and challenges of choosing an appro-
priate benchmark for managed funds. Should performance evaluation give asset
managers credit for selecting a benchmark index that outperforms the market? If
one uses alphas from benchmark models, then the implicit answer is yes, and pas-
sive funds appear attractive relative to active funds. If one answers no, then any
outperformance by index funds relative to their underlying indices is economi-
cally small, but investors and researchers are left with the challenge of taking a
stand on the unobservable true benchmark return for an active fund. Although
more work is required to fully address this challenge, future work on benchmark-
ing performance of managers should consider the implications of dispersion in
passive fund performance.
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