WILEY-
BLACKWELL

American Finance Association

Judging Fund Managers by the Company They Keep

Author(s): Randolph B. Cohen, Joshua D. Coval, Lubo§ Pastor

Source: The Journal of Finance, Vol. 60, No. 3 (Jun., 2005), pp. 1057-1096
Published by: Blackwell Publishing for the American Finance Association
Stable URL: http://www.jstor.org/stable/3694921

Accessed: 23/11/2009 12:22

Y our use of the JSTOR archive indicates your acceptance of JSTOR's Terms and Conditions of Use, available at
http://www.jstor.org/page/info/about/policies/terms.jsp. JSTOR's Terms and Conditions of Use provides, in part, that unless
you have obtained prior permission, you may not download an entire issue of ajournal or multiple copies of articles, and you
may use content in the JSTOR archive only for your personal, non-commercial use.

Please contact the publisher regarding any further use of this work. Publisher contact information may be obtained at
http://www.jstor.org/action/showPublisher?publisherCode=black.

Each copy of any part of a JSTOR transmission must contain the same copyright notice that appears on the screen or printed
page of such transmission.

JSTOR is anot-for-profit service that helps scholars, researchers, and students discover, use, and build upon awide range of
content in atrusted digital archive. We use information technology and tools to increase productivity and facilitate new forms
of scholarship. For more information about JSTOR, please contact support@jstor.org.

Blackwel| Publishing and American Finance Association are collaborating with JSTOR to digitize, preserve
and extend access to The Journal of Finance.

http://www.jstor.org


http://www.jstor.org/stable/3694921?origin=JSTOR-pdf
http://www.jstor.org/page/info/about/policies/terms.jsp
http://www.jstor.org/action/showPublisher?publisherCode=black

THE JOURNAL OF FINANCE e VOL. LX, NO. 3 « JUNE 2005

Judging Fund Managers by the Company
They Keep

RANDOLPH B. COHEN, JOSHUA D. COVAL, and LUBOS PASTOR*

ABSTRACT

We develop a performance evaluation approach in which a fund manager’s skill is
judged by the extent to which the manager’s investment decisions resemble the deci-
sions of managers with distinguished performance records. The proposed performance
measures use historical returns and holdings of many funds to evaluate the perfor-
mance of a single fund. Simulations demonstrate that our measures are particularly
useful in ranking managers. In an application that relies on such ranking, our mea-
sures reveal strong predictability in the returns of U.S. equity funds. Our measures
provide information about future fund returns that is not contained in the standard
measures.

PEOPLE ARE OFTEN JUDGED BY THE COMPANY they keep. Various human charac-
teristics that are difficult to observe directly are commonly inferred from the
characteristics of others who behave in a similar manner. For example, a bored
air traveler eager to chat about Madonna’s life story is more likely to turn to
a fellow passenger reading The National Enquirer than to a passenger read-
ing The Wall Street Journal, because the readership of the former periodical is
generally known to be more interested in celebrity gossip.

In the same spirit, when people compete, their success is often predicted by
their techniques, and the quality of a given technique is frequently evaluated
based on the track records of the technique’s followers. For example, suppose a
group of basketball players, some of whom shoot with both hands and some with
only one hand, have been taking 10 shots each at the basket. So far, the average
score of the two-handers is 8/10, while the one-handers’ average is only 4/10.
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Two players, one one-hander and one two-hander, have completed only half of
their shots so far, and both have scored 4/5. Suppose you are to bet on which of
the two players is going to achieve a higher score out of 10. Although the track
records of both players are identical, it seems sensible to bet on the two-hander,
because the track records of the other players show that two-handed shooters
tend to score higher. The one-hander, who is employing what appears to be an
inferior technique, is more likely to have been lucky in his first five shots.

Like basketball players, active mutual fund managers rely on a variety of
techniques when trying to beat their benchmarks, and many of these techniques
are common to groups of managers. For example, managers collect information
from different sources and use different valuation methods, but there are clus-
ters of managers who use similar sources and similar methods. Managers using
similar techniques are likely to make similar decisions. The premise of this pa-
per is that managers who make similar investment decisions should be expected
to deliver similar future performance.

To further support this premise, suppose valuable private information (e.g., a
new discovery by a biotech firm) is occasionally received by some managers but
not by others. Skill is required to obtain this private information, so managers
with more skill receive such information more often. Since they act on the same
information, the skilled managers tend to make similar investment decisions
(e.g., they all buy the stock of the biotech firm), even if they use different tech-
niques to obtain the private information. As a result, we can tell whether a
manager is skilled by comparing his investment decisions with the decisions of
other skilled managers.

The premise seems reasonable even if all information is public, but this infor-
mation is interpreted well by some managers and poorly by others. Managers
with more skill are more likely to interpret public information well. In this case,
skilled managers again tend to make similar investment decisions because they
interpret information similarly. Building on our premise, we propose to judge a
fund manager’s skill by the extent to which his investment decisions resemble
those of other successful managers.

One way to assess the similarity of the managers’ investment decisions is to
compare the compositions of their portfolios. For example, consider two man-
agers with equally impressive past returns, where one manager currently keeps
a big chunk of his portfolio in the stock of Intel, while the other manager
holds mostly Microsoft. Suppose also that Intel is currently held especially
by managers with good past performance, whereas Microsoft is held mostly
by managers with undistinguished records. It seems reasonable to think that
the first manager, whose decision to hold Intel is shared by a higher-caliber
set of managers, has a superior ability to select stocks, while the second man-
ager, whose decisions coincide with those of subpar managers, has been merely
fortunate.

The performance measure proposed in the paper is defined with respect to
some simpler reference measure, for which we choose the traditional Jensen’s
alpha. We show that our measure of a manager’s skill is a weighted average
of the traditional skill measures across all managers, in which the weights are
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essentially the covariances between the manager’s current portfolio weights
and the current weights of the other managers. Put differently, if two managers
have highly similar portfolio weights at the same time, then one manager’s skill
contributes substantially to our measure of the other manager’s skill.

Another way of comparing the managers’ investment decisions is to compare
their trades. Our trade-based performance measure judges a manager’s skill by
the extent to which recent changes in his holdings match those of managers with
outstanding past performance. This measure is also a weighted average of the
traditional skill measures, but now the weights are essentially the covariances
between the concurrent changes in the manager’s portfolio weights and those
of the other managers. According to the trade-based measure, the manager
is skilled if he tends to buy stocks that are concurrently purchased by other
managers who have performed well, and if he tends to sell stocks that are
concurrently purchased by managers who have performed poorly.

Evaluating mutual fund performance is a topic of enormous relevance for the
well-being of individual investors and for market efficiency in general. The tra-
ditional approach relies solely on historical fund returns to construct measures
such as Jensen’s alpha (Jensen (1968)) or the Sharpe ratio (Sharpe (1966)).
Since the return histories of many funds are short, these traditional measures
are often imprecise. To cope with low precision, recent studies propose alterna-
tive performance measures that rely not only on fund returns but also on fund
holdings.! Those measures employ the portfolio holdings of the fund whose per-
formance is being evaluated, but they do not exploit the information contained
in the holdings and returns of other funds. Including that additional informa-
tion and documenting its benefits is the contribution of this paper.

Our performance measures offer substantially higher precision than the tra-
ditional return-based measures. Since our measures are weighted averages
of the traditional measures, precision is added by pooling information across
funds. That is, instead of using just the historical returns of a given manager
to estimate his performance, our measures use the return series of all man-
agers whose holdings (or changes in holdings) overlap with those of the given
manager. The biggest precision gains from using our measures are obtained for
short-history funds. In fact, our measures have reasonably low standard errors
even for funds with track records as short as one quarter.

Simulations are conducted to examine the extent to which our skill mea-
sures are able to capture true skill. When managers are ranked by true skill
and then separately by various performance estimators, our estimators pro-
duce higher rank correlations with true skill than standard estimators that do
not exploit similarities in holdings or trades across managers. Our measures
provide the biggest gains when the number of managers is large and when the
fund’s return history is short. Our measures exhibit some bias in estimating the

1 See, for example, Grinblatt and Titman (1993), Daniel et al. (1997), Wermers (2000), and Ferson
and Khang (2002). With no reliance on holdings data, Pastor and Stambaugh (2002) and Busse
and Irvine (2004) show that additional precision in the traditional performance measures can be
achieved by incorporating returns on seemingly unrelated passive assets.



1060 The Journal of Finance

traditional measure, alpha. Due to the weight-averaging of skill across man-
agers, our holdings-based measure is biased toward the average level of skill
in the population of managers, similar to a Bayesian shrinkage estimator. The
nature of the bias does not impair the rank-ordering of managers, however, and
our estimators dominate the usual estimators of alpha even when the objective
is to rank managers by their alphas. In sum, the simulations show that our
measures are useful especially in applications that involve ranking managers.

One such application is our empirical analysis of return predictability for U.S.
equity mutual funds. The literature is ambiguous about whether mutual fund
returns are predictable. Grinblatt and Titman (1992), Hendricks, Patel, and
Zeckhauser (1993), Goetzmann and Ibbotson (1994), Brown and Goetzmann
(1995), Elton, Gruber, and Blake (1996), and Bollen and Busse (2004), among
others, all find some persistence in fund performance, especially among the
funds lagging their benchmarks. However, much of the persistence has been
attributed to the momentum in stock returns (Carhart (1997)), and some also
to survivorship bias (Brown et al. (1992)). The mixed nature of the evidence
begs for further research.

To analyze fund return predictability, at the beginning of each quarter be-
tween April 1982 and July 2002, we sort funds into deciles according to our
measures as well as alpha estimated over the past year. We track the deciles’
returns over the subsequent quarter, and compare the performance of the decile
portfolios over the full sample. We find that fund returns exhibit significant per-
sistence, even after adjusting for momentum in stock returns. The difference
between the risk-adjusted returns of the top and bottom deciles sorted by al-
pha ranges from 3.7% to 5.2% per year across different benchmark models. Our
holdings-based measure produces bigger differences, between 5.9% and 7.4%
per year, and our trade-based measure yields results similar to alpha.

To see whether our measures contain information about future fund perfor-
mance that is not contained in alpha, we conduct double sorts, sorting first by
alpha and then by our measures. Controlling for alpha, the average difference
between the top and bottom quintiles of funds ranked by our holdings-based
measure ranges from 2.4% to 4.4% per year, with t-statistics ranging from 1.94
to 3.21. The same difference computed using our trade-based measure ranges
from 1.2% to 1.4% per year, with ¢-statistics of 2.31 to 2.73. These results in-
dicate that both of our measures contain significant information about future
fund returns that is not contained in alpha.

We also examine how much information is contained in alpha but not in our
measures, sorting first by our measures and then by alpha. Controlling for our
holdings-based measure, the average spread between the top and bottom alpha
quintiles is always less than 1% per year and is never significant. Controlling
for our trade-based measure, the average spread is 1% to 2% per year, and is
significant in half of the cases. Alpha therefore seems to contain some unique
information as well, but it seems less informative than our measures.

The highest risk-adjusted returns in our tables are obtained by strategies that
combine the information in alpha and in our measures. Consider the (5,5)-(1,1)
portfolio, which buys the funds in the top quintiles according to both alpha and
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our holdings-based measure, and sells the funds in the bottom quintiles. The
Fama—French alpha of this portfolio is 8.52% per year (¢t = 3.99), and the four-
factor alpha (after adjusting for momentum) is 5.24% (¢t = 2.47). For the trade-
based measure, the two alphas of the (5,5)-(1,1) portfolio are 6.54% (t = 3.72)
and 4.73% per year (¢t = 2.48). These alphas are higher than those obtained by
one-way quintile sorts, suggesting that combining alpha with our measures is
useful in predicting future fund performance. Similar results are obtained when
portfolios are formed with a one-quarter delay after the portfolio disclosure
dates, which allows portfolio holdings to be publicly observable.

We also explore whether investors respond to the information contained in
our measures. The investors’ response to alphas, in the form of fund flows, is
well-documented (e.g., Ippolito (1992), and Sirri and Tufano (1998)). To examine
whether investors respond to our measures, we measure net flows into portfo-
lios of funds double-sorted according to alpha and our measures. Fund flows
respond strongly to fund alphas, confirming the earlier findings, but they do
not respond significantly to our measures. Investors thus seem to be unaware
of the information contained in our measures.

The paper proceeds as follows. Section I introduces our performance mea-
sures. Section II discusses a simulation exercise that evaluates the usefulness
of these measures in capturing true skill. Section III implements the measures
empirically to investigate predictability in the returns of U.S. equity mutual
funds. Section IV concludes.

I. New Performance Measures

This section introduces two performance measures that judge a fund man-
ager’s skill by the extent to which his stock holdings (Section I1.A) or stock
trades (Section I.B) overlap with those of managers whose other investments
have been successful.

A. A Measure Based on Levels of Holdings

Assume that there are M managers, m=1,...,M, and N stocks, n =
1,...,N, each of which is held by at least one manager. Let a,, denote the
reference measure of skill for manager m (discussed in the next paragraph),
and let w,, , denote the current weight on stock n in manager m’s portfolio. For
each stock n, define its quality measure §, as

M
& = Z Um,n®m, (1
m=1

where

Um,n = D (2)

w
D W
m=1
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The quality of stock n is defined as the average skill of all managers who hold
stock n in their portfolios, weighted by how much of the stock they hold. Stocks
with high quality are those that are held mostly by highly skilled managers.
Managers who hold stocks of high quality are likely to be skilled because their
investment decisions are similar to those of other skilled managers (i.e., such
managers are in “good company”). Since a larger position in a stock of given
quality reveals more about the manager’s ability, the population version of our
performance measure is constructed as

N
8= Wmndn. (3)
n=1

This measure of a manager’s performance is the average quality of all stocks in
the manager’s portfolio, where each stock contributes according to its portfolio
weight.

Our measure &, is defined in relation to some reference measure of skill, «,,.
We choose the population value of Jensen’s alpha, defined as the intercept from
the regression of manager m’s excess returns on the returns of the appropriate
benchmark.? Note, however, that alpha is only one of many possible choices
for a,,. Other sensible choices include the measures of Grinblatt and Titman
(1993) and of Daniel et al. (1997), for example. We opt for the traditional alpha
measure solely in the interest of simplicity.

To construct our estimator of managerial skill, we replace o, in equation (1)
with &,,, the usual OLS estimator of alpha:

A~ N =
o = W nBn, 4)
n=1
where
. M
5n =Y Umnlm. (5)
m=1

Our performance measure has an interesting alternative interpretation. Let
W denote the N x M matrix whose (n, m) element is wy, ,; let V denote the
N x M matrix whose (n, m) element is vy, ,; let @ denote the M x 1 vector of
{&m}%ﬂ; let § denote the N x 1 vector of {Sn},ll":l; and let 8* denote the M x 1
vector of {§}¥_,. Since §* = W's and é = V@&, the vector of our performance
measures from equation (4) can be written as

§*=2Za, (6)
where Z = W'V, The performance of manager m is thus

2 The benchmark is assumed to capture any style effects for which the manager should not
be rewarded. This paper does not provide any new insights into the choice of the appropriate
benchmark.
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M
= sz,j&j’ (7)
j=1

where z,, j is the (m, j) element of Z, given by

N 1 ¥ 1
Zm,j = Z Wm,nVj,n = H Z wm,nwj,nh_, (8)
n=1 n=1 n

where

hn — m=1 - m=1 ’ (9)
N M M
DD W
n=1m=1

denotes the ratio of the dollar value of stock n held by all M managers to the
total dollar value of all stocks held by these managers.

Our measure of manager m’s skill, 5, in equation (7), is a weighted average
of the usual skill measures across all managers 3 The weight assigned to the
performance of manager j, zn, j, is a loose measure of covariance between the
weights of managers m and j. This is sensible—if managers m and j own many
of the same stocks, they might be using similar techniques, and we want to pay
a lot of attention to the performance of manager j when evaluating manager m.
The scaling factor 1/A, in equation (8) downweights stocks that receive large
weights on average in the portfolios of all managers. For example, if a certain
stock occupied 20% of the market capitalization, many managers would have
large weights in that stock, and the stock’s contribution to the performance
measures would be overstated in the absence of the scaling factor. Similarly,
if both managers hold a lot of a stock that few others hold, that is valuable
information, and the scaling factor emphasizes it.

Our approach adds value only if there is some commonality in the managers’
investment decisions. Suppose that manager m holds only stocks that are held
by no other manager. In that case, 87, collapses to the traditional measure &,.

Due to the symmetry of Z (z; ; = z,, ), which follows from equation (8), it is
easy to show that the averages of §*, and &, across managers are equal:

M

1 M M 1 M
i ZZzua, Z;ajz;zi,j=ﬁzga,~. (10)
Jj= i= Jj=

i=1 l=1 Jj=

3 The weights sum to 1:

M N
Zz,,,,j=ZZwm,,w” ZMh wm"Zw,n—Zwmn—l
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As a result, our skill measure provides only as much information as the usual
measure about the performance of the mutual fund industry as a whole. Nev-
ertheless, our measure can be useful in evaluating the funds’ relative perfor-
mance, as shown later.

Our skill measure can in principle be iterated. The value of §*, computed
in equation (4) can be used in place of &, in equation (5) to obtain an it-
erated estimator of §}, in equation (4). The iterated estimator performs well
in the simulations examined in the NBER version of the paper. The gains
from repeated iteration are limited, however. Iterating forever is unsatisfac-
tory because it leads to the circular definition §* = Z§*, which implies that
the 8% ’s for all managers are equal to the same arbitrary constant. Intuitively,
8r, in equation (7) is a shrinkage estimator, and repeated shrinkage makes all
8:’s equal in the limit.

The precision of our estimator can be assessed by its squared standard error,
which is displayed along the main diagonal of the M x M covariance matrix of
§*. This matrix can be computed from equation (6) as

Cov(5*,8")=ZQZ/, (11)

where Q = Cov(&, &@') is the M x M covariance matrix of &. If the return histo-
ries of all funds spanned the same time period, © could in principle be calcu-
lated from one big multivariate regression of fund excess returns on bench-
mark returns. However, funds have histories of unequal lengths spanning
different periods. Appendix A describes how Q can be calculated in such an
environment.

To assess the gains in precision provided by our measure, we write the
squared standard error of our estimator for manager m as

Var(§},) = z2nQ22,, Zsz iZm,j Wi js (12)

i=1j=

where z,, is the mt" row of Z and w;, j is the (i, j) element of Q. For simplicity, we
assume that all m elements of @ have the same standard error, so that w;; = @?
foralli=1,...,M. Then w; ; = 0?p;, j» where p; j is the correlation between &;
and @;. We also assume that all z,, ; > 0, which is likely to hold in practice for
a vast majority of pairs of funds. Then

Var(§ sz,w +Z Z ZmiZm,j 02 Pi, ) (13)

i=1j=1,j#i
M M M
< @? Zzi,i+z Z ZmiZm,j = w? sz, =w2, (14)
i=1 i=1 j=1,j#i

because we already showed that the rows of Z sum to 1. This means that so
long as the &p’s are not perfectly correlated, &%, has a lower standard error
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than é,,.* Our gains in precision relative to @ therefore come from the imper-
fect correlations between the &,,’s. These correlations tend to be low when the
cross-sectional correlation of the managers’ residual returns is low. Thus, in-
creasing the number of benchmarks that define & can improve the precision of
our estimator not only by increasing the precision of &, but also by reducing the
residual correlations among funds.

The fact that §*’s tend to have substantially lower standard errors than &’s
is confirmed empirically in the NBER version of this paper. In a large sample
of U.S. equity funds, we find §* to be four to eight times more precise than @&,
on average, and to be more precise for 93% to 98% of all funds across three
benchmark models. The biggest precision gains are obtained for short-history
funds. For example, the correlations between the length of the fund’s return
history and the ratio of the squared standard error of 5* to the squared standard
error of @ range from 0.45 to 0.56. The results for the changes estimator §**,
which is described in the next section, are similar. We do not report these results
in tables to save space and to keep our empirical analysis focused on fund return
predictability.

B. A Measure Based on Changes in Holdings

In the previous subsection, we infer that managers are making similar in-
vestment decisions if they have similar holdings, regardless of the timing of
their trades. In this subsection, we assume that managers make similar deci-
sions if their trades are similar. Since trading involves transaction costs, the
decisions to trade are likely to reflect stronger views than the decisions to
passively hold. The performance measure developed here exploits similarities
between changes in the managers’ holdings, rather than their levels.

The return on the portfolio of manager m at time ¢ can be written as

N
Ry =Y Wmnlni, (15)
n=1

where r, ; denotes the return on stock n. Define the change in the weights as

l—l—rn,t

mnt-13""75 > 16
w"t11+Rm,t (16)

dm,n = Wm,n,t —

which is the difference between the current weight and the weight obtained if
the manager neither bought nor sold any of this stock over the past period.® Let

4If all elements of & do not have the same standard error, this relation holds only on average and
there may be some m’s for which it does not hold. The calculation in equation (14) is analogous to
computing the variance of a portfolio of stocks (with no short positions), which is typically smaller
than the variance of any given stock in the portfolio.

%1In our empirical analysis, one period equals one quarter. If the manager did not trade at all
over the past quarter, so that d,,, = 0 for all n, our measure is undefined for this manager. Also
note that the time subscripts on d, w, and some related measures below are suppressed to simplify
notation.
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N} ={n:dm, > 0} denote the set of stocks purchased by manager m between
t—1land¢, andlet NV, = {n: d,,» < 0} denote the set of stocks sold by manager
m over the same time period. Analogously, let M} = {m : d,, , > 0} denote the
set of managers who made net purchases of stock n between ¢t — 1 and ¢, and let
M, ={m :dn, < 0} denote the set of managers with net sales. We normalize
the changes in the weights as

dm, dm,

+ m,n - m,n
mel - EXN:+ dm,n ’ xm,n ZN:_ dm,n ) (17)
neN; neNn,
+ dm,n - dm,n
ym,n - Z dm,n ’ ym,n - Z dm,n > (18)

meM; meM;,

so that x} , (x;, ,) captures the fraction of manager m’s purchases (sales) ac-
counted for by stock n, and y;, , (¥, ,) captures the fraction of purchases (sales)
of stock n accounted for by manager m.

For each stock n, we define its quality measure §, as

=81 -3, (19)
where
5 =Y ¥t nbm, (20)
meM;
5o = Y Ymnlim, (1)
meM,

and &, is the usual performance measure, acting as a reference measure again.
(Using «,, in place of &,, yields the population version of our trade-based skill
measure, §;*.) The quality of stock n is the difference between the average skill
of all managers who bought stock n recently (5;7) and the average skill of all
managers who sold stock n recently (5,), where the averages are weighted by
how much was bought and sold. Stocks of high quality are those that were
recently bought mostly by high-skill managers and sold mostly by low-skill
managers. Managers who recently bought high-quality stocks and sold low-
quality stocks are likely to be skilled, because their decisions are similar to
those of other skilled managers. Hence, our trade-based skill measure is

Srr =58+ —4., (22)
where
5t = x;’nsn (23)
neNy
5 = X7 8- (24)
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This is the difference between the average quality of the stocks recently bought
by manager m and the average quality of the stocks recently sold by this man-
ager. Note that §} captures the extent to which the manager has been buying
high-quality stocks, and §, captures the extent to which the manager has been
selling low-quality stocks. Our measure combines these two aspects of stock-
picking skill.

To get more insight into the trade-based measure, we write it out as

Qkk __ + + A~ T &
om = Z Xm,n Z Y jn%i Z Yjn%i

neN;: JeEMS JeMy
- X, ra— TG
m,n yj,n J y},n J
neNnm JEMY JeMy
M
= Yemsi @)
j=1

where
N
_ P -
Cm,j = Z [h 2 Y T nlineni Leatss = %mnd 7 Linenty Lijems) -
n=1

— + p— —_
— X n Y FnLineni) Lemd) + Xmnd 7on Lineni) Lijents) s (26)

and 1;; denotes an indicator function equal to 1 or 0, depending on whether the
associated condition is true. The trade-based measure is a weighted average of
the usual measures across all managers, but the weights sum to 0, ZIJ”:I Cm,j =
0, as shown in Appendix B. The weight on manager j essentially reflects the
covariance of the weight changes of managers m and j. This weight, c, j, is a
sum of N terms, one for each stock, which capture the products of the managers’
weight changes in that stock. If both managers traded that stock in the same
direction (i.e., if both bought or sold it), this product is positive and increasing
in the extent of the joint action. If one manager bought and the other sold, the
product is negative. Hence the loose covariance interpretation. The higher the
covariance of the weight changes of managers m and j, the more attention we
pay to the skill of manager j when evaluating the skill of manager m.®

To summarize the trade-based measure, let C denote the M x M matrix whose
(i, j) element is ¢; j. Also, let X* and X~ denote M x N matrices whose (i, )
elements are xl+ ; and x; I respectively. Similarly, let Y* and Y~ denote M x N
matrices whose (i, j) elements are y;,L ; andy; I respectively. Zeros are substituted
for all (i,/) elements of X* and Y+ such that d; ; < 0, as well as for all (i,)

6 The average of 8:* across managers can be shown to equal zero in the special case when man-
agers trade stocks only with each other. Since managers generally trade also with other entities
such as individuals, the average &' is likely to be close to zero, but not exactly zero.
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elements of X~ and Y~ such thatd; ; > 0. With this notation, C can be expressed
as

C=X'Y" -Xt'Y)-X¥H+X (Y. (27)

Then the M x 1 vector of our performance measures in equation (22) can be
written as

5 = Ca, (28)
and the precision of the changes measure can be calculated as
Cov(§*,5*") = CQC/, (29)

where Q = Cov(&, &), as before. Henceforth, we often refer to the measure §*
as the levels measure and to the measure §** as the changes measure.

Our changes measure in equation (22) weighs stock qualities by the rela-
tive magnitudes of the weight changes across stocks. There is an interesting
alternative definition, §*4 = Zflv:l dm,n8,, which instead relies on the absolute
magnitudes of these changes. This alternative changes measure is slightly in-
ferior to 8** in our simulations, but its predictive power for fund returns in
one-way sorts is similar to that of §**. We focus on §**, mostly due to its appeal-
ing interpretation as the difference between the average qualities of the stocks
bought and sold.

C. Some Issues Related to Our Measures

We note that our performance measures are not optimal in the sense of being
solutions to an optimization problem. It seems impossible to design the rel-
evant optimization problem without putting some structure on the nature of
commonality in skill across managers. Since the true structure of this common-
ality is unknown, we do not pursue optimality. Instead, we propose measures
that capture the underlying intuition in a way that should be reasonably robust
to various forms of this commonality.

Our changes measure exploits commonality in trades across managers. The
extent to which funds buy and sell stocks at the same time is analyzed by Lakon-
ishok, Shleifer, and Vishny (1992), Grinblatt, Titman, and Wermers (1995), and
Wermers (1999), among others. However, this literature on “herding” does not
propose using the degree of similarity in the managers’ trades to evaluate their
performance. Hong, Kubik, and Stein (2002) show that fund managers from the
same city are more likely to hold, buy, or sell the same stock at the same time
than are managers from different cities. Given this evidence, managers from
the same city are likely to be assigned more similar skill according to our mea-
sures than managers from different cities. This seems appropriate. Hong et al.
attribute their finding to word-of-mouth information diffusion, and it seems
sensible to assign similar skill to managers using similar information.

Given the design of the proposed measures, it seems worthwhile to relate
this paper to the literature on “window dressing” (e.g., Haugen and Lakonishok
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(1988), Lakonishok et al. (1991), Musto (1997, 1999), and Carhart et al. (2002)).
Managers who reshuffle their portfolios around disclosure dates presumably
believe that they are judged by the quality of their disclosed portfolios. For ex-
ample, holdings of unusually risky assets or assets with poor prior performance
might lead investors to infer weak managerial ability. In this paper, managers
are essentially also judged by the quality of their portfolios, but this quality
is assessed differently—by the extent to which these portfolios resemble the
portfolios of other well-performing managers. In our approach, a fund manager
may be viewed favorably even if he holds stocks that recently performed poorly.
This approach seems valuable to rational investors, as discussed in the intro-
duction. In contrast, the literature does not provide a definitive explanation of
why window dressing per se should affect the beliefs of rational investors who
can observe the funds’ track records.

One possible reason behind window dressing is that managers think that
they are evaluated by the company they keep. Suppose that the stock of Cisco
did well recently. A manager might buy Cisco stock before the disclosure date
because she wants her disclosed portfolio to look similar to the portfolios of
the successful managers who held Cisco while its stock went up. This tactic
may not work, however, because the other managers may have sold Cisco in
the meantime. Moreover, this tactic does not confuse our changes measure,
because the purchases of Cisco are not concurrent across managers. Also note
that the window dressing literature has focused on various asset-pricing issues
(e.g., the January effect), but it has not addressed performance evaluation. In
short, while there are some similarities between this paper and the window
dressing literature, there are also important differences in motivation, focus,
and implications for rational investors.

II. Simulations

The purpose of the simulation analysis is to assess the usefulness of our esti-
mators in capturing true managerial skill, which is conveniently known in our
simulated environment. Managers receive private signals about each stock’s
expected return, and a manager’s true skill is measured by the probability that
the signals he receives are useful. When managers are ranked by their true skill
and separately by various performance estimators, useful information about es-
timator quality is provided by the resulting rank-order correlations. As shown
below, our estimators contain important information about true skill that is not
captured by standard estimators that make no use of similarities in holdings
or trades across managers. The biggest benefits from using our estimators are
obtained for funds with relatively short return histories.

A. Simulation Design

The simulations consider a simple setting in which M managers receive sig-
nals about expected excess returns of N stocks. Stock n’s excess return at time
tis
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Tnt = Mnt +€nyt, n=1,...,N;t=1,...,T, (30)

where 1, , is the stock’s expected excess return and e, is an error term. We
simulate u,, from N(O, 03) and e, from N(0,02), independently across time
and stocks.

In every period ¢, each manager m receives a signal s, ,; about each stock
n. With probability y,,, this signal is equal to the stock’s true expected ex-
cess return, and otherwise it is equal to a noise term drawn from an identical
distribution:

ith probability y,,
s — {ﬂn,t with probability D)

Un,; with probability 1 — y,,,

where u,; ~ N(0, of). Higher y,, means higher signal quality, so y,, captures
manager m’s true skill. The y,,’s are drawn independently from the standard
uniform distribution, and they are held constant across the T periods.

The managers know the signal structure in equation (31) as well as their own
skill y,, and the error volatility .. They have no information about u,; other
than the signal, and they learn about u, ; from the signal using the Bayes rule.
As shown in Appendix C, the expected excess return on stock n perceived by
manager m at time ¢ is

Em,n,t = VYmSm,n,t» (32)

while the perceived variance of stock n’s returns is

Vint = 02 + 03 + ym(s,%,,n,t - 03) - s,zn,n,t V2, (33)
and the perceived return covariance matrix is diagonal. The managers are as-
sumed to maximize the Sharpe ratios of their portfolios, so that manager m’s
weight in stock n is

Wm,n,t X V.1 Em,n,t' (34)

m,n,t

As mutual funds are typically not allowed to short stocks, we also require no
short sales. This constraint can be imposed simply by putting a zero weight
on any stock with a negative signal, thanks to our assumption of uncorrelated
stock returns.

In each period ¢, we record each manager’s realized excess return, r}* = wy, ,r+,
as well as expected excess return, a,,; = Wy, 1it, where wp, ¢ is the N x 1 vector
of manager m’s portfolio weights, r; is the vector of r,, /s, and u; is the vector of
Un’s.” Then

T
> wh, (35)
t=1

|~

1 T
Oy = Tzam,t =

t=1

7 For simplicity, we use no benchmark in the simulations, so that excess returns coincide with
abnormal returns. Simulating benchmark returns is a complication that would be unlikely to make
much difference, other than to make the assumption of uncorrelated e, more realistic.
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denotes manager m’s average expected excess return, which we refer to as
the traditional measure of true performance. We calculate four performance
estimators. The traditional estimator of «, &, is simply the manager’s average
realized excess return:

1 & 1 &
&m=TZrtm=—wa;n’trt. (36)
t=1 t=1
Our performance measure based on the levels of holdings, §*, is calculated as
8 = Zna, 37

where Z,, is defined as row m of matrix Z in equation (6), and the weight matrix
W contains the managers’ weights in the last (T™) period.® Our performance
measure based on changes in holdings, §**, is calculated as

5 = Cpa, (38)

where C,, is defined as row m of matrix C in equation (6), and the weight changes
are calculated between the periods T — 1 and T'. For comparison purposes, we
also construct a simple Bayesian estimator that shrinks & toward a common
mean:

= —Qn + =4, (39)
where & is the average of @,,’s across managers. The four estimators rely only

on holdings and return information. We also compute the population versions
of §* and §**:

53 = Zmat, (40)
8§ = Cpa, 41)

where « is the N x 1 vector of the true «,,’s. These measures possess an unfair
advantage over the estimators, since they reflect information that is unknown
outside the simulated world, but they help us assess the maximum potential
gains from using our estimators.

We conduct 10,000 simulations for each set of parameter values. The number
of managers is M = 30, 100, and 300, the number of stocks is N = 30 and 100,
and the number of annualized time periodsis T' = 1, 5, 10, 20, and 30. Through-
out, 5, = 0.1 and o, = 0.5.° In each simulated sample, we calculate «, &, @B, s*,
8**, 8*, and §** for each manager. The managers are ranked according to each

8If there happens to be a stock that is not held by any manager in a given simulated sample,
the corresponding row of W is deleted in calculating §*, to prevent division by zero in equation (2).

® This value of 0, assigns 10% cross-sectional dispersion to annual expected excess stock returns.
As for o,, the median annual return volatility across all 14,149 firms with at least 60 months of
contiguous returns on CRSP between January 1926 and December 2002 is 0.4957.
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of these measures, as well as according to their true skill y for the purpose of
computing the rank-order correlations.

B. Simulation Results

Table I judges the ability of various performance measures to imitate the
ranking of managers by their true skill y. The table reports the rank-order
correlations of each estimator with y, averaged across 10,000 simulations. For
T = 1 year, both of our estimators, §* and §**, deliver higher rank correlations
with y than the traditional estimator &. For example, with 300 managers and

Table I
Simulation Evidence about Various Skill Measures Relative
to True Skill ~

Random samples of returns on N stocks and signals of M managers over T years are simulated as
described in Section II. In each sample, we calculate six different performance measures for each
manager. Three of these measures are population versions of the traditional measure « and of our
levels and changes estimators, §* and §**. The remaining three measures are sample measures:
& denotes the average realized excess return on the manager’s portfolio, 8* denotes our levels
estimator, which exploits similarities in holdings across managers, and §** denotes our changes
estimator, which exploits similarities in changes in holdings across managers. All managers are
ranked according to their performance estimated using the six measures, and rank correlations with
the ranking based on true skill y are reported. All numbers are averaged across 10,000 simulations.

Rank Correlations with True Skill (y)

S** & 5* 8** o §* S**

>
S
*
S
*
*
R
S
*

T=1

30 026 034 035 080 080 082 046 064 065 092 092 093

100 027 040 042 081 082 085 047 076 077 093 094 094

300 027 044 045 082 083 085 047 080 081 093 094 095
T=5

30 053 064 063 094 086 087 077 089 090 098 094 0095

100 054 072 074 095 085 088 078 093 095 098 095 096

300 054 076 078 095 084 088 079 094 096 098 094 096

T=10
30 066 075 0.75 096 08 088 086 093 093 099 095 0.96
100 068 081 083 097 085 089 088 094 096 099 095 0.96
300 068 082 086 097 08 088 088 094 096 099 095 0.96
T=20
30 079 082 083 098 087 089 092 094 095 099 095 0.96
100 080 084 087 098 08 089 093 095 096 099 095 0.96
300 080 084 088 099 08 089 093 095 096 100 095 0.96
T=30
30 084 084 085 098 087 089 094 094 095 099 095 0.96
100 086 084 088 099 08 089 095 095 096 100 095 0.96
300 086 084 088 099 08 089 096 095 096 1.00 095 0.96
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30 stocks, 5* and §** deliver rank correlations of 0.44 and 0.45, respectively,
whereas & delivers only 0.27. The population measures §* and §** also outper-
form o. Our measures are particularly effective when the number of managers
is large, since there is more cross-sectional information to pool, but they beat &
even for M = 30. As the number of stocks N increases, the managers’ portfolios
become better diversified and it becomes easier for all measures to detect skill.
The measure 5**, which uses holdings information not only from period T but
also T' — 1, outperforms 8*.

The length of the sample period matters in judging the estimators’ relative
success. For T € {5, 10, 20} years, 8* and §** still outperform &, despite the fact
that the population measures §* and §** are outperformed by «; this is due
to the higher precision in estimating §* and §**. For T' = 30, & beats &*, but it
still underperforms §**. For T > 30 years, @ beats both 8* and §**. This is not
surprising: As T — oo, a manager’s skill can be inferred from his average real-
ized return, since true skill is constant over time in the simulations. Therefore,
the biggest benefits from using our estimators as opposed to & are obtained
for funds with relatively short return histories. But even for funds with return
histories of up to 30 years or so, the noise in & is so large that true skill is better
captured by §* and §**.

The main goal of this section, accomplished in Table I, is to explore how
various skill measures capture true skill y. In addition, Table II evaluates
the ability of these measures to capture «, which is commonly estimated in
the literature. Panel A of Table II reports the average rank correlations of
each estimator with «. The conclusions are similar to those from Table I. For
T < 30 years or so, 8* and 5** achieve higher rank correlations with o than the
traditional estimator &, despite the fact that §* and §** are designed to capture
their own population quantities, §* and §**, rather than «. For example, with
T =10 and M = N = 30, both §* and §** deliver rank correlations of 0.77 with
«, whereas @ delivers only 0.68.1° For T' > 30, & wins, as in Table I. The measure
5 beats 8* in most cases. The population measures §* and 8** attain high rank
correlations with a (sometimes as high as 0.99), which present an upper bound
on how close we can get to o with our estimators. To sum up, our estimators §*
and 5** seem successful at imitating the rankings based not only on y, but also
ona.

Panel B of Table II reports the mean squared errors (MSEs) in estimating «
for all performance measures.!! The MSEs are calculated as averages across
managers and simulations of the squared differences between « and its esti-
mate. As expected, the MSE of the Bayesian estimator &% is lower than the
MSE of &, unless T is large. More interestingly, for N = 30 and T < 30, §* and
5** both have lower MSE than &, and §** beats even &5, despite the fact that
it is not designed to capture o but §**. As T and N increase, the lowest MSE
is ultimately achieved by &. The MSEs of §* and §** show the extent to which
our population measures depart from the true «. Our estimators have high

1 The Bayesian estimator &? delivers the same rank correlations as &, by construction.
1 Calculating the MSEs in Table I would not be sensible, as the units of y and « are different.
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precision, which makes them preferred for low 7”s, but they also exhibit some
bias with respect to «, so the overall effect on the MSE is unclear.

Figure 1 plots the bias in estimating « for four performance estimators, &,
@B, 5*, and 5**. In each simulated sample, managers are ranked in ascending
order by their «. Let «,, denote the true alpha of the m!" ranked manager, and

5, denote that manager’s estimated performance (i.e., §,, = @, &,ﬁ, 8%, or §:).

For each rank m (m =1, ..., M), the bias is computed by averaging §,, — am,
across 10,000 simulated samples. The figure plots the bias against the rank
m, with four panels based on different values of M and 7'. All panels show
that the traditional estimator & is unbiased, but both the Bayesian estimator

Table II

Simulation Evidence about Various Skill Measures Relative to
Traditional Skill o

Random samples of returns on N stocks and signals of M managers over T years are simulated as
described in Section II. In each sample, we calculate six different performance measures for each
manager. Two of these measures are population versions of our levels and changes estimators, §*
and &**. The remaining four measures are sample measures: & denotes the average realized excess
return on the manager’s portfolio, B denotes the Bayesian estimator that shrinks & halfway toward
the average of & across managers, 8* denotes our levels estimator, which exploits similarities in
holdings across managers, and 5** denotes our changes estimator, which exploits similarities in
changes in holdings across managers. All managers are ranked according to their performance
estimated using the six measures, and rank correlations with the ranking based on the traditional
skill measure « are reported in Panel A. Panel B reports averages across managers of the squared
differences between the estimator and the true « (times 100). All numbers are averaged across
10,000 simulations.

Panel A: Rank Correlations with Traditional Skill (a)
N =30 N =100

&B 5* §xx §* §** & &B 5* S** §* §**

=
{=3

T=1
30 032 032 041 040 096 095 049 049 067 068 098 098
100 033 033 048 047 098 097 050 050 080 080 0.99 0.98
300 033 033 052 051 099 097 050 050 084 084 099 0.99
T=5
30 055 055 066 065 089 091 078 0.78 090 091 096 0.96
100 056 056 075 076 088 091 0.79 0.79 094 095 096 0.97
300 057 057 078 080 087 091 080 080 095 096 095 0.97
T=10
30 068 068 077 077 088 090 087 087 093 094 095 0.96
100 069 069 082 084 087 09 088 08 095 096 095 0.96
300 070 070 0.83 087 086 090 089 089 095 096 095 0.96
T =30
30 08 08 085 08 08 09 095 095 095 095 095 0.96
100 086 086 085 088 086 089 095 095 095 096 095 0.96
300 087 087 08 089 08 089 096 096 095 096 095 0.96

(continued)
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Table II—Continued

Panel B: Mean Squared Errors

M & &B S* 8** §* §** & &B &* Kl §* S*x

T=1
30 265 171 148 075 011 011 078 053 049 023 0.09 0.12
100 261 165 140 052 012 010 078 052 049 019 0.10 0.13
300 262 165 140 047 012 010 078 052 049 0.19 010 0.13
T=5
30 053 036 036 023 009 009 016 013 0.17 011 0.08 0.08
100 053 036 035 017 0.09 009 016 013 0.17 010 0.09 0.08
300 052 035 035 015 010 0.09 016 013 0.17 0.10 0.10 0.08
T=10
30 026 020 022 016 008 010 0.08 008 012 010 0.08 0.08
100 026 019 022 013 009 009 0.08 008 013 0.09 0.09 0.08
300 026 019 022 012 009 009 0.08 0.08 013 0.09 0.09 0.08
T=30
30 009 009 013 012 008 010 0.03 005 0.10 0.09 0.08 0.08
100 0.09 008 013 0.10 009 009 0.03 005 010 0.09 0.09 0.09
300 0.09 009 013 010 009 0.09 0.03 005 011 0.09 0.09 0.09

B and our levels estimator §* are biased. For the managers with above-
(below-)average skill, both estimators are biased downward (upward), which
is entirely expected as a result of the shrinkage of the individual &,,’s toward
their common mean. This shrinkage is explicit in &2 and implicit in §*, which
is a weighted average of the &,,’s across all managers (equation 7). The bias of
8* is slightly bigger than that of @2. The changes estimator 5** is also biased,
but unlike §*, it is biased even on average. This follows by design—while both
8* and §* are weighted averages of the @,,’s, the weights used in 8* sum to 1,
but those in §** sum to zero, as shown earlier.

The bias with respect to « suggests the need for caution when using our
estimators to estimate «. It seems reasonable to use 8* for such a task, with
similar costs and benefits as when using the Bayesian estimator, but §** is
not designed to capture «, even on average. More important, the bias does
not compromise the success of our estimators in ranking managers by their
a or y, as we saw in Tables I and II. Our performance measures should thus
be particularly useful in applications that involve such ranking, and one such
application is presented in the following section.

The simulation results are robust to numerous modifications. First, the re-
sults are robust to reasonable changes in ¢, and .. When the simulations are
rerun with o, = 0.05 instead of 0.1, the results become even stronger, as both
of our estimators outperform &, even for T'= 30. With o, = 0.3 instead of the
data-implied value of 0.5, the conclusions are again unaffected except that &
outperforms §* and §** for T' > 10 years. Less volatile returns improve the rel-
ative performance of &, and more volatile returns hurt &.
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Panel A. M=30, T=1 Panel B. M=30, T=10
0.08 0.08
— - usual estimator — - usual estimator
0.06 Bayesian estimator 0.06 - Bayesian estimator
—— our levels estimator —— our levels estimator
0.04 — - _our changes estimator 0.04 — - our changes estimator
o 002 0.02
oy
i)
0 0
-0.02 -0.02
-0.04 -0.04
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—— our levels estimator — our levels estimator
0.04 — - _our changes estimator 0.04 — - _our changes estimator
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e
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Managers ranked by true performance Managers ranked by true performance

Figure 1. Bias of alternative performance estimators with respect to the traditional
performance measure. The figure plots the biases of four performance estimators with respect
to the traditional performance measure o, when managers are ranked by the true value of «. In each
simulated sample with M (30 or 300) managers, N = 100 stocks, and T (1 or 10) years of simulated
data, managers are ranked in ascending order by their «. Denote the true performance of the mt
ranked manager by a,,. For each estimator § and each rank m (m = 1, ..., M), the bias is computed
by averaging 3,, — am across 10,000 simulated samples. Four estimators are considered: the usual
estimator &, the Bayesian estimator @5, our levels estimator 3*, and our changes estimator §**,

Allowing stock returns to be correlated leads to the same conclusions as well.
To simulate realistic covariance matrices, we first compute return correlations
across all pairs of firms with at least 60 months of overlapping contiguous re-
turns on CRSP between January 1926 and December 2002. We sort the result-
ing 44,418,986 correlations, and record every fifth percentile (i.e., the 5%, 10t",
15t .., 95% percentiles).!? In each simulation, we sample the correlations

12 The 5th percentile is —0.0839, the 50th percentile is 0.1366, and the 95th percentile is 0.3757.
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randomly from the set of 19 percentile correlations, and combine them with o,
to construct the N x N return covariance matrix. To rule out short sales with a
nondiagonal covariance matrix, we solve the portfolio problem numerically, us-
ing techniques of constrained quadratic optimization. To ensure computational
feasibility, we limit N to 20, M to 100, and the number of simulations to 5,000.
The results, which are not reported to save space, are quite similar to those in
Tables I and II. The measure §* delivers a higher-rank correlation with true
skill than & for T up to about 20 years. The measure §** dominates & for T' = 10
years, but it loses to & for T' = 20. For T' > 20 years, & prevails over both of our
measures. As argued before, our measures are especially useful for funds with
relatively short return histories. A vast majority of real-world mutual funds
have return histories shorter than 20 years.

We also let each manager rank stocks by their signals and invest equally in
the top 25% of all stocks, instead of using a mean—variance criterion. The results
are quite similar to those reported; all rank correlations are slightly lower
because managers using this suboptimal strategy do not take full advantage
of their skill, but the comparative results are in fact stronger, as §* and §**
outperform & throughout, even for T' = 30.

Our measures have one other useful property that is easy to verify by simu-
lation. Imagine a world with a large number of managers, all of whom exhibit
no skill (y =0, o = 0) and whose holdings overlap sufficiently. The fact that
there is no skill in this world would be difficult to detect by &, because the
managers’ &@’s would be dispersed around zero due to return noise. However, §*
and §** should be zero for all managers, because the manager-specific noise is
diversified away by averaging across many &’s.

III. Empirical Analysis

The simulation results suggest that our skill measures, §* and §**, can capture
true skill better than the standard measure &. Therefore, 8* and §** should be at
least as successful as @ in predicting fund returns. In this section, the relative
predictive ability of all three measures is analyzed empirically in a large sample
of equity mutual funds.

A. Data

Mutual fund returns are obtained from CRSP.!? These returns are net of
fees. Since we are interested in true before-cost managerial ability, we add fees
back to obtain gross fund returns. That is, we add the annual expense ratio and

13 In the NBER version of this paper, fund returns were computed from the returns on the stocks
held by the fund at the most recent quarter-end, assuming that the fund follows a buy-and-hold
strategy between the quarter-ends, and that the quarterly rebalancing into the reported holdings
is costless. Such hypothetical fund returns (Grinblatt and Titman (1989)) ignore any intraquarter
trading by the fund, as well as any ability of the fund to time the market by adjusting its cash
holdings. Using the hypothetical fund returns, we found weaker return predictability than reported
here.
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12(b)1 fees given by CRSP, divide this sum by 12, and add the resulting number
to each monthly return in a given year.

Mutual funds are required to file holdings reports with the SEC twice a year,
but most funds publicly disclose their portfolio holdings on a quarterly basis.
Thomson Financial collects and sells these data. We access the data through
WRDS, which currently makes the holdings data available for the period from
the end of 1980Q1 through the end of 2002Q2. The data are commonly known
as the Spectrum data, since they used to be collected by CDA/Spectrum prior to
their purchase by Thomson.!* The Spectrum mutual fund holdings file contains
four columns: date, stock identifier CUSIP, fund identifier, and the number of
shares of the given stock held by the given fund on the given date. All dates
are quarter-ends (3/31, 6/30, 9/30, or 12/31). Firms with no Spectrum data are
recorded as having zero mutual fund ownership. We match each CUSIP to a
CRSP PERMNO, the permanent number that CRSP assigns to that security.
Holdings associated with CUSIPs for which we found no associated PERMNO
are ignored; these account for a very small fraction of holdings.

We merge the Spectrum holdings data with the CRSP mutual fund data
via a hand-matching of the funds by name. We often find that separate CRSP
listings are merely different share classes of a single fund. In such cases, we
select the share class with the greatest number of months of valid data in a
given year; if there is no difference by this measure, we use the fund with the
lower ICDI identifier. To produce a reliable matching, we also compare total
net assets invested in equities as reported in CRSP to the market value of the
stock holdings reported in Spectrum, and we exclude funds with substantial
discrepancies. The matching procedure yields a sample with 502 funds per
quarter, on average. For example, there are 235 funds at the end of 1980 and
1,526 funds in 2002Q2.

One limitation of our data is that holdings are only observed quarterly. If
Fund 2 mimics the trades of Fund 1 with a short delay, we are unable to discern
such a pattern unless it appears in the funds’ quarterly holdings. Both funds
may be assigned similar performance by our measures, which seems appropri-
ate only if Fund 1 is unable to profit on its trades before they are mimicked
by Fund 2. Useful evidence about the importance of this issue is provided by
Chen, Jegadeesh, and Wermers (2000), who find that stocks that experience net
purchases by mutual funds have higher subsequent returns than stocks that
experience net sales. The authors find that the abnormal performance follow-
ing the funds’ aggregate trades lasts for about a year. Most of the profits from
fund trades are therefore not short-lived enough to confuse our performance
measures.

Another complication is that the quarter-end dates reported by Thomson
Financial do not always correspond to the actual dates when the portfolio snap-
shots are taken. This leads to a time mismatch for funds with fiscal quarters
that differ from calendar quarters. Nonetheless, Wermers (1999, 2000) reports

14 See Wermers (1999) for detailed information regarding the construction of the database. These
data are free of survival bias, as noted by Daniel et al. (1997).
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that a vast majority of mutual funds use fiscal years with quarters that coin-
cide with calendar quarters. Like Wermers, we use the approximation that all
holdings reported within a given calendar quarter are valid for the end of that
calendar quarter. Another problem is that the disclosed portfolios may differ
from undisclosed portfolios due to window dressing (Musto (1999)). Since all
of these complications add noise to our measures, they should make it more
difficult for our measures to predict fund returns. Also note that we do not sep-
arate the identity of fund managers from the funds they manage. Baks (2002)
constructs a database of fund manager returns and characteristics by tracking
the managers’ career moves from one fund to another, and uses it to examine
fund manager performance. He concludes that the fund typically has a bigger
effect on performance than the manager, which helps motivate our focus on
funds rather than on managers in the empirical work.

B. Predicting Mutual Fund Returns

At the beginning of each quarter, we compute the traditional measure alpha
(@) for each fund with at least 12 monthly returns by regressing fund returns in
excess of the risk-free rate on benchmark returns. If some returns are missing,
we run the regression across the months in which returns are available. Using
& as a reference measure, we then calculate the estimators of our measures, §*
and §**, from equations (4) and (22).

Nine versions of each measure are computed, using three benchmark models
and three lookback periods over which the measures are calculated. The CAPM
alpha is calculated with respect to the market benchmark, the Fama-French
alpha with respect to the market, size, and value benchmarks of Fama and
French (1993), and the four-factor alpha with respect to the market, size, value,
and momentum benchmarks, following Carhart (1997).1° The lookback periods
are 12 months, 24 months, and the entire life of the fund. In the interest of
space, we only report the results for the Fama—French and four-factor models
and only for the 12-month and entire-life lookback periods, but the results for
the CAPM alphas and for the 24-month lookback period are similar.

At the beginning of each quarter, funds are sorted into decile portfolios accord-
ing to each performance measure. The returns on the decile portfolios are calcu-
lated over the three months following the portfolio formation, equal-weighting
the funds within each decile. The three-month return series are linked across
quarters to form a monthly series of returns on each decile portfolio, covering
the period from April 1982 through September 2002. (The holdings data begin
at the end of 1980Q1, and we require two years of data to obtain the initial esti-
mates.) Table III reports the post-ranking alphas of the decile portfolios as well
as of the 10-1 portfolio, constructed by going long the top decile of the best past
performers and short the bottom decile. Alpha is defined with respect to the
same benchmarks as the reference measure. For example, the table reports the

15 All benchmark returns, together with the risk-free rate, are obtained from Kenneth French’s
website.
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Table IIT
Return Predictability for Funds Sorted by Various Measures
of Past Performance

At the end of each quarter, funds are sorted into decile portfolios by various measures of past per-
formance: @, the OLS estimate of the fund’s alpha, §*, our levels estimator, and **, our changes
estimator. The returns on the decile portfolios are calculated over the three months after portfolio
formation, equal-weighting the funds within each decile. The three-month return series are linked
across quarters to form a monthly series of returns on each decile portfolio. All performance mea-
sures are calculated using the data over the past 12 months (Panel A) and all available past data
(Panel B). The table reports the OLS estimates of the deciles’ full-period alphas (in percentage per
year), as well as their ¢-statistics (in parentheses). These alphas are defined in the same way as
the reference measures &. The Fama-French alpha is defined with respect to the market, size, and
value benchmarks, following Fama and French (1993), and the four-factor alpha with respect to the
Fama-French and momentum benchmarks, following Carhart (1997). The sample period is April
1982 through September 2002.

Decile

1 2 3 4 5 6 7 8 9 10 10-1

Panel A: Sorting Funds by Past 12 Months of Performance

Fama-French Alphas
& -162 -0.39 0.00 0.15 0.43 0.75 094 119 162 357 5.19
(-1.62) (-0.57) (0.00) (0.30) (0.87) (1.44) (1.84) (2.13) (2.31) (3.57) (3.67)
o* -187 -091 -075 -024 -0.01 -001 0.18 200 272 548 7.36
(-1.30) (~-0.87) (-1.03) (-0.42) (-0.02) (-0.01) (0.33) (2.81) (2.86) (4.11) (3.23)
= -113 -027 -0.12 0.37 0.53 0.07 097 0.75 151 332 445
(-1.23) (-0.45) (-0.21) (0.67) (1.08) (0.17) (1.77) (1.34) (2.23) (3.63) (4.53)

Four-Factor Alphas
& -121 -0.63 0.19 1.13 0.89 029 065 105 181 248 3.69
(-1.20) (-0.80) (0.31) (2.13) (1.81) (0.54) (1.29) (1.68) (2.63) (2.60) (2.64)
&* -158 -089 -029 -0.11 0.51 0.72 067 197 133 430 5.88
(-1.14) (-0.81) (-0.38) (-0.17) (0.91) (1.32) (1.25) (2.56) (1.37) (3.46) (2.73)
o** —-0.60 -0.20 0.30 0.38 0.54 0.76 0.18 086 115 292 3.52
(-0.62) (-0.31) (0.47) (0.81) (1.10) (1.56) (0.32) (1.55) (1.66) (3.11) (3.25)

Panel B: Sorting Funds by Entire Past Record

Fama-French Alphas
@ -126 -0.05 -046 -0.18 0.17 024 087 111 177 438 564
(—-1.42) (-0.08) (-0.68) (—0.35) (0.39) (0.48) (1.82) (2.04) (2.79) (4.41) (4.49)
8* -1.82 -136 -0.54 -0.55 0.27 021 1.08 151 247 532 17.15
(=1.67) (-1.70) (-0.90) (-1.12) (0.52) (0.40) (1.95) (2.34) (2.66) (4.12) (3.84)
5  —-1.08 —0.09 031 -0.27 0.53 052 1.12 026 134 331 439
(-1.35) (-0.14) (0.59) (-0.49) (1.05) (1.05) (2.05) (0.46) (2.05) (3.61) (4.67)

Four-Factor Alphas
& -0.74 -0.14 0.36 0.24 0.88 066 036 1.02 147 2.51 3.25
(-1.03) (-0.24) (0.69) (0.43) (1.79) (1.22) (0.74) (1.62) (2.37) (2.95) (3.89)
o -162 -069 -027 -0.26 0.40 1.32 1.01 154 211 3.08 4.70
(-1.561) (-0.88) (-0.43) (-0.48) (0.77) (2.49) (1.83) (2.31) (2.27) (2.68) (2.78)
5 —~0.93 0.32 0.15 0.61 0.66 047 052 089 039 314 4.06
(-1.14) (0.52) (0.28) (1.07) (1.23) (0.98) (0.95) (1.40) (0.56) (3.43) (4.90)
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post-ranking Fama—French alphas of the portfolios sorted on the past Fama—
French &’s as well as on our measures that use the Fama-French alpha as a
reference measure.

All three measures seem capable of predicting fund returns. Consider Panel
A of Table III, in which the lookback period is 12 months. The Fama-French
alpha of the 10-1 portfolio produced by & is 5.2% per year, which is compara-
ble to the 4.5% alpha produced by §**, but is substantially smaller than the
7.4% alpha produced by §*. Not surprisingly, the persistence in performance
weakens when the momentum benchmark is included.'® Nonetheless, the four-
factor alphas remain statistically significant for all three measures. As before,
the highest alpha is produced by 8* (5.9%), while §** and & deliver alphas of
3.5% and 3.7%, respectively. Similar results are shown in Panel B, in which
the lookback period is the entire life of the fund. Note that the observed persis-
tence is not restricted to poorly performing funds. In fact, the positive alphas of
the top deciles are roughly two to three times larger in absolute value than the
negative alphas of the bottom deciles. To summarize, all three measures seem
capable of predicting fund returns, and the most predictive power is achieved
by 3*‘17

Since our performance measures are correlated with &, it seems interesting
to ask whether our measures contain information not contained in & that is
useful in forecasting fund returns. To address this question, we perform a series
of conditional sorts. Each quarter, we first sort funds into quintiles based on
their &, and then within each & quintile, we sort funds into quintiles based on
5* .18 Panels A of Tables IV and V report the benchmark-adjusted returns for the
resulting 25 portfolios, as well as for five 5-1 portfolios that buy funds with high
8* and short funds with low §* within a given & quintile. Our cleanest measure
of whether §* provides information beyond & is provided by the portfolio denoted
“Avg”, which invests equally in the five 5-1 portfolios.

These results suggest that 8* contains significant information about future
fund returns above and beyond &. Controlling for &, the average difference
between the top and bottom quintiles of funds ranked by §* ranges from 2.4%
to 4.4% per year, across both benchmark models and lookback periods. These

16 Carhart (1997) argues that some apparent persistence in fund performance is due simply to
momentum in stock returns. The argument is that, due to momentum, managers who happen to
hold mostly stocks that performed well (poorly) over the past year are likely to do well (poorly) also
over the following year, even in the absence of any rebalancing on their part. It seems hard to argue
that sitting on one’s laurels and doing nothing is a managerial skill that should be given credit.
Note that Carhart’s tables show significant persistence in & even after adjusting for momentum.

17 Berk and Green (2002) argue that net fund returns should be unpredictable if investors com-
pete for returns and if managerial ability exhibits decreasing returns to scale.

18 We conduct conditional rather than independent sorts because some cells in independent sorts
contain few or no funds, due to the correlation between & and §*. In conditional sorts, this correlation
leads to the potential concern that the second-step improvement we report may simply be obtained
from a finer sort on & (i.e., sorting each & quintile again by & into five subquintiles). However, the
spreads in the returns seem too large to be attributed to within-quintile spreads in &. Moreover,
this concern is dismissed in the reverse sorts reported below.
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quantities are significant not only economically but also statistically, with ¢-
statistics ranging from 1.94 to 3.21.

We also examine how much information about future fund returns is con-
tained in & but not in §*. To do that, we sort funds into quintiles in reverse,
first by 8* and then by @&, and report the results in Panels B of Tables IV and V.
Controlling for §*, the average 5-1 spread produced by & is always less than 1%
per year, and is never significant. This suggests that most of the information
contained in @ is already in §*.

Tables VI and VII report the results for §**. These results are only slightly
weaker than those for §*. Controlling for @, the average difference between the
top and bottom quintiles of funds ranked by §** ranges from 1.2% to 1.4% per
year, with ¢-statistics ranging from 2.31 to 2.73. This means that §** adds in-
cremental information about future fund returns over and above &. Controlling
for §**, the average 5-1 spread produced by & ranges from 1.3% to 2.1% per
year, which is significant in half of the cases. Thus, & seems to contain some
incremental information beyond §**.

Since both our measures and & seem to contain some incremental information
relative to each other, it appears that mutual fund portfolio strategies would
benefit from combining the information in these measures. Indeed, the highest
risk-adjusted returns in our tables are typically offered by the (5,5)-(1,1) port-
folio, which buys the funds in the top quintiles according to both & and one of
our measures, and sells the funds in the bottom quintiles. For example, such
a portfolio for §* in Panel B of Table IV has a Fama—French alpha of 8.52%
per year (t = 3.99), and a four-factor alpha of 5.24% (t = 2.47). For §**, the two
alphas of the (5,5)-(1,1) portfolio in Panel B of Table VI are 6.54% (¢t = 3.72) and
4.73% per year (t = 2.48). All these alphas are higher than those obtained by
using one-way quintile sorts, which suggests that mutual fund investors would
benefit from combining the information in our measures with the information
in &.

To assess the benefits of our measures to investors, we must examine only
portfolio strategies that are feasible. The holdings data used to compute §* and
8** become publicly available with a lag, since mutual funds can report their
holdings to the SEC with a lag of up to two months (e.g., Myers et al. (2001)). To
design realistic investment strategies, we assume that fund portfolios that rely
on holdings data are formed with a one-quarter delay after the portfolio disclo-
sure date. Specifically, when relying on §* or §**, we use returns and holdings
through month ¢ to predict returns in months ¢ + 4 through ¢ + 6 (as opposed
to ¢t + 1 through ¢ + 3). The sample period over which returns are calculated
is shifted accordingly by one quarter to July 1982 through December 2002.
Because the returns data are available with no lag, sorts that rely on & are
conducted with no delay (i.e., returns through month ¢ + 3 are used to predict
returns in months ¢ + 4 through ¢ + 6). We conduct double sorts as in Tables IV
through VII, dropping the reverse sorts to save space, and report the results in
Tables VIII and IX.

These results show that our measures help predict fund returns even af-
ter allowing for the reporting delays associated with fund holdings. Across all



1085

Judging Fund Managers by the Company They Keep

(8L°T) #¥'3) (62'1-)  (g€'T) #FTT) (88°T) oL'1) (2€°3) (95°0) (€10 (€00-)  (€1'®) eIs-2
2e1 9T'e LTI 021 80'T 544 ee'T 12 gg'0 ¥1°0 €0°0— 8L 1-g
L1 96'¢ qLo 991 290 99'T 291 9¥ 2g'T LS0 090 880 g
0 691 qrT0— 8T'T 630 6L°0~ aLo 1484 090 SL0 90°0 L8°0— i4
290 ¥02 9L°0 190 10°T 0g'1— 8T°0 192 PTT 680~ $5°0— 61— €
900 061 80— ST0 60°0— 01— §z°0 91 $€°0 LSO 2€0 LY 1= 4
6£°0 080 20°g 970 95'0— 8L°0— 620 W L6°0 €50 €50 06’1~ 1

seyd[y 10308 4-In0q seyd[y youaij—eure
‘3ay S i4 € 4 T 8AY g 14 € 14 1 »jo
s[yumy
¢ JO Tlumy ¢ JO SpuUINY

» £q uoyy, pue ,,¢ Aq spuny Suriog g [PUEq

(98°2) 07'2) (620-)  (60°T) #8'T) 9L°0) (8L73) (ST'3) (G%°0) (g€0) (3L0) (L6'2) 18387
qT'T 69 82°0— ¥6°0 8G'T ¥8°0 86T Ve $2°0 LZ0 LS0 %€ 1-S
PGT 9 060 8E'T geT 03'0— IAa 86'¢ 860 00T 990 ¥L°0 g
89°0 0€2 90T gro— L9°0 €50~ 1 £e'e $8°0 T 090 29°0— 2
¥20 8L'T 900 ge0— €50 08°0— £3°0 632 950 €6°0— $5°0 62T~ g
ge0 Ge0 8T'T 3Tl €L0 91— ¥1°0 €03 82°0 gLo 8970~ eLT— 4
860 LST 8T'T 0 €3°0— 01— 600 961 SL0 £L0 80°0 L9°C— I

seyd[y 10308-1n0,J seydy youarj—eweq
3ny S 14 € 4 1 "3ay g ¥ € 4 1 «g Jo
a[yumd
% Jo a[umny  Jo o(puInd

«§ £q uey, pue p Aq spun,j Sunog 1y [PUE]

'200g 1oquieldag y3noays zgeT [Ldy st poutad ajdures ayJ, ‘0 £q ‘@[ryuInb yoes uryjim ‘uayy pue ¢,,¢ £q 1511y SUILI0S ISPIO B} SOSISAAI { [dUR] "O1ISIe)s-7
PpajeOSSE 93 pue so1[0j110d 1ST PUB Y3)G 9Y3 JO YO8 U99M)9( S0UISYIP 9y }10dot smod om) [eury w&H ' 0 SAINSBIUI 90USISJOI 9} SB ABM dWBS Y} Ul Pauljop
are seydye asay, 'y [oued Ul pelrodal aIe SaLIdS WINJaI Gz Surynsal ayy jo seydie ay, ‘or[ojliod yoes U0 SWINJAI JO SOLIdS A[JIUOW B ULIO 0} s1syrenb
$S010® poyUl[ 848 SALI9S WINJAI YJUOUI-991Y) Y], "UOTIRULIO} OT[oj3Iod SUIMO[[0] ¢ PUE ‘g ‘T SYIUOW 1340 sotjojIod GZ 9} JO Yora UIYy}lm PaSeIdAe uayj aie
SuInjal pun,j "puny yoes Jo p109aa suewrioyiad sypuour zT jsed a3 Suisn pajonIisuod aIe SI0JBWIISS Y3og I0JBUIIISS SIZUBYD INO *,,¢ 03 FUIpI0ddE sa[yyuInb
9y} UIYjIm pojIos Uy} pue ‘eyd[e s,punj 3y} jo 91BWIIS? ST Y} ‘@ 03 Surpiodde sorjojitod a[uinb ojul parlos aie spunj Ielrenb yoes Jo pus oy3 Iy

90URULIOJIS] JO SYIUOIN Z1 Ised Suis() ‘eydyy 03 ,,¢ Surredwo)) sypiog ajqnoq
IA 2198L



The Journal of Finance

1086

(18°3) (16'2) (61T°T) (€2'T) (0L°0) (69'T) (€§L73) (9%'2) (¥92) (€9'D) (192 (0L°0) yeys-7

(Ut 9L'g €01 680 L9°0 991 902 ¥0'€ GL'g Se'T V€% 80 1-S
6L'T (444 VLT (Ut 080 8L°0 L6'T a0'S §¢'% Wl El e 80— g
Ly'0 10C ¥50 96°0— 990 8¥°0— 80T 90¥ €6°0 S50 S1'0— 92°0 4
1€°0 o¥'1 €60~ Sl'0— Tt 6¥°0— LT0— 60T LT0— 18°0— 6¥°0— €0'T— €
810 ¥¢'0 a0'1 97’0 920 SO'T— [44\] el g¥'o 9L’0 970 16'T— 14
6£°0 9’1 1.0 160 €10 98°0— 60°0— 86'T 8V°0— 600 88°0— LTT— T
seyd[y 10308,-1n04 seydy youssj—eure]

Bay g 4 € (4 T 3ay g 4 € (4 T 9jo

»§ JO opyuInd g JO o[ump i

» &q ueyJ, pue ,,¢ £q Spuny Sunaog g [PUEq

€2 (¥€°2) (I%°0—) (0€°0) (61°T) (L¥'2) (1€'2) (6¥%°2) (L9°0-) ITm (16°0) (21°3) je)s-7
821 89°C 68°0— Gg0 901 [4:x4 [ 6L°C Gg'0— L8°0 0¥0 9¢'C 1-G

L9'T €9Y 0€°0 6G'T IT'1T LLO 09’1 (] LGS0 cg0 2c9°0 cL’0 g

090 €0°¢C 800 91’0 LZ'0 G0'0— 190 ¥8°C 680~ 860 ¥9'0 80— 14

¥20 IT1T 12°0 98°0— 8¢'T 99'0— 90 68°C 802 660~ 6T T1— L00— g

€0 6%°0 ¢6'0 6L0 8€0— 01°0— 700 6C'1 S0 920 ¥9'0— 9C'1— 4

680 a’8'T 690 7e'1 (1] ¥0'c— gg0 0SS cI'l Gg0— €20 120 !

seyd[y 10398,]-an0 seyd[y youadJ—eure
‘3ay g 14 € 14 ! "8ay g 14 € 14 T #$ JO
D jo suimd  jo o[yuind eramd

«§ Aq uay[, pue © Aq spuny Sunog 1y [oueq

'300g 1oquieydeg ysnouays ggeT [udy st pourad sjdures ay, ‘» £q ‘o[ruinb yoes uryyim ‘usay) pue ¢,,¢ £q 3sIij SUILI0S I9PIO 9} SISISAII { [dUB] 'I1ISTIBIS-2
pejeO0SSE 83 pue so1[oj3iod 3ST PUB Y3G Y3 JO YO8 Usam)aq 90UIdJJIP oYj 110do1 smod om) [euyy w:.(h *0 SOINSBIUI 9OUIIIJAI 9Y) SB £BM SUIES 93 Ul pauyop
are seydye 9sey], 'V [ougd ul pelrodal are seLes wInjal Gz Surynsal ayj jo seydpe oy, ‘orjojirod yoes U0 SUINJSI JO SOLIdS A[YJUOW B ULIOJ 0} SId}1enb
$S0J0€ poyUl] 848 SALI9S WINJAI YJUOUI-991Y} 8Y], "UOTJRULIO] OT[0j3I0d SUIMO[[0] £ PUR ‘G ‘T SYIUOW J9A0 SOT[0j3iod Gz Y3 JO YoBd UIY}im padelase Uayj} aae
SuInjel punq ‘punj yoes jo pIodel souruLiofrad jsed aarjus Y} SUISN PIJPINIISUOI dIB SI0JEW)SS Yjog I0jeuIss sefueyd Ino ¢,,¢ 03 Suipiodde se[ruIinb
Y3} UIy3jim palIos usyj pue ‘eyd[e spurny ayj Jo ajewIsa SO Yl ‘© 03 Suipaoode sorjojarod s[pumb ojul pajios aie spunj cwﬁwzv Yoea Jo pud ayj 3y

Pa0929Yy sourULIOIBd puny sanipuy Suis() ‘eyd[y 01 ,.¢ Surredwo) syio0g s[qnoq
IIA 9198L



1087

Judging Fund Managers by the Company They Keep

(€0°¢) (G6'T) 91D (08D (LS (6€2) (503) F¥r'1D (09T) (L1°0-) (T0°0-) (99'2) yeys-7
991 41 4 ji e W'l 8¥°0 8L¢ 61T 12°A LG'T ST0— 10°0— 00°€ 1-¢
8T'T ¥oy €0'T IT'l €2°0— €10~ gL0 JARS 6L°0 £6°0— 1¢°0— 61°0— g
Yo 09T L6°0 §v'0— €60 80— ¥l Ggc'e €91 860 eIt cvo— 14
G0T 1€1 L6°0 680 g8’ 020 6€°0 290 8€'T 89°0 920 c0'T— €
G20 (448 ¥0°0 ¥6°0 EL0— 70— 190 €92 89°0 G6°0 LT0 L80— 14
80— 68T 8¢°0— 00— TL0— 06— 9%0— ¥0'g 8L°0— 61°0— 61°0— 61°¢— T

seyd[y 1039€]-In0] seyd[y youalj—ewe]
3ay S v € (4 T 3ay g 14 € 14 T «$ 30
 Jo s[uInd © Jo o[uInd erumd

w§ £q uay(, pue » £q spuny Suryiog :g [PUEq

¥1'%) ¥2'2) (06'T) (26°0) oLT) (LS°2) (L9'2) (66°2) (26'T) oL'T) 9L72) #¥'2) je)s-2
12°¢ 8TV LT'E ST ¥8'C 1 4 j4%% vLG 6C°¢ 8LG 69V 6TV 1-9

06T 9% 902 g€e'T €0'T 9%'0 9¥'c G0'g g€L'C 88T L2 880 g

S0'T ¢E€'C GC'¢g 060 IT°0 €8°0— T0'T 6¥'¢ [ €90 €90 LOT— 14

8¥'0 VLG 010 c0'0— cl'o gg'0— S0 L6'C ¥¢'0 00T c00 c9'1— g

61°0 ST'T 680 Ge'0 160 Ly'1— G0'0 96'1T 020 €€'0 ¥0'0— LT'G— 4

I€T— €¥0 (4 61°0— I8°T— 6L'€— 89'1T— 69°0— 960~ ov'i— 445 1€€— T

seyd[y 10308,-anoq seyd[y youesJ—euwe]
"8ay g 14 € 14 T "8ay g 14 g 4 T *$ JO
0 Jo a[nuInd p 30 AUy Smumd

«9 £q ueyJ, pue » £q spuny Suriog 1y [Pueq

'200g 1equeoa( ydnoayy gggT Anp st porrad ajdures oy, 'o13s1)B)S-7 PaJRIIOSSE 9Y) PuB so1[0j3I0d IST pue Y3ig ay3 Jo yoea
U99M}3( SOUBIYIP 8Y3 110da1 SMOI 0M] [BUTJ Y], ‘0 SOINSBOW UL 33 S Keam dwes oY} Ul pauryop ate seydye 9say], "pajIodal ale SaLI9s WInjed Gg
Surynsea 8y} o seyde 9y} pue ‘o1joj10d Yoea UO SUINIAI JO SALIIS A[YJUOW B ULIOJ 0} SId}Ienb ss01oe PaUI] o1e SALIS WINJSI YJUOUW-91Y) 9Y], "UOI}BULIO)
orjoj310d Surmor|of ¢ pue ‘g ‘T syjuour 1940 sorjojaiod gg ayj Jo Yors uryjim poSeloAe usyj 918 SUINAI PUun "punj yoes Jo pI0dal sdueuriofad syjuowt g1
9sed oy} Jursn pajoNISU0d SIe SI0JBWISS [[V I9)Ienb snotasid oy jJo pue oY) je peyndwiod (g [oUed) ,.¢ 10 (V [PUed) ,¢ 1oy3Ie 03 Suipiodde so[yuinb
9y} UIyjim pajIos usyj pue ‘eyde spunj ayj Jo arewyse §rIO Y3 ‘© 03 Surpaodde sorjojirod a[rpuinb 8:_( pajIos aIe spuny ‘rejrenb yoee jo pus ay3 1y

9 pue ¢ 3unewrnsy ul Le[a(] I9)IBNYH-9uU( YI}IM SOUBULIONId] JO SYIUOI ZI I1Sed Sulis() syaog ajqnoq
ITIA 9198L



The Journal of Finance

1088

Lrn (112 (08°0-) ¥1°0) (19'0) (0L°0) (z8°0) (@91 (902-) (60°0) (61°0) (1€ Jeys-2
290 8¢'¢ 990~ (490 LGS0 8L°0 €v°0 G661 16T 800 10 67’1 1-9
L90 89°¢ L0~ €€0 19°0 G0'T— 0¥°0 16°€ 290~ EL°0— €20— 90°0 g
960 650 LG'T 0€'0 161 €80 8L°0 1€¢ 9L'0 GL0 g10 60°0— 14
gL0 6LT 990 8G°0 ve0 6€°0 €60 ov'e 9€'T 880 0v'0— 650~ €
0 €0'T Sv'0— 1€0 9L°0 gg'0— €V°0 L6°0 t4 4] 800 (408 Ly'0— 4
G0'0— (U 90°0— 120 ¥0'0 ¢8'1— ¥0'0— qao'l 680 80— 80— EV'1— 1

seyd[y 1030€]-In0 seyd[y youal J—ews,f
‘Bay g 14 € 4 T ‘Bay g 14 € 4 T «$ JO
® jo a[yuIny  Jo s[pumd orumd
«§ £q usy[, pue p £q spuny Jurilog g PUeq

(023) (02°8) (89T) i) (6L°0) (60°2) (95°2) (9L°2) (86°0) (113 (S€'T) (L0°€) jeys-7
18¢ 9%'G €2¢C 6’1 ITT 19°€ S0’ L8V LZ'1 6SC vL1 6LY 1-9
98’1 §0°G 96’1 VLT 540 6¥°0 80°C 09°¢G JAA! EV'1 1L°0 8T'T S
69°0 IS At 100 980 621 [4 8V 99°0 LEE 290 0€0— 61°0 65°0— i4
990 €8'1T Yo 820 290 ST0 090 (444 €0°0— €0 090 €€°0— €
000 €80 0€0 630~ (44 80'T— 90°0 10T 280 L00— ¥9'0— G8°0— 14
960~ 12°0— L9°0— 0%'0— L90— €0°€— L6°0— gL0 12°0 IT'1— 01— 19°€— T

seyd[y 10308,]-In0 seyd[y youasJ—eureg
Bay g i4 3 H I ‘Bay g 4 g (4 T «£J0
o[iyumd

» Jo aUIY

p Jo o[HUMYP

«§ £q uay, pue » £q spuny 3unpog 1y [pUed

*200g 19quada(] ySnoays g8l A[np st pourad sjdures ayJ, "o19s1)e)s- PoJeIoosse ay) pue so1jojrod IS pue y3g
9y} JO yoed Us9m}aq 9OUSISYIP 9y} 110dod SMOI 0M] [BULJ SY], "9 SOINSBIUWI I0UIIIJAI A} S€ Kem JUIes ay} Ul pauyop a1e seyd(e asay, ‘paiodas a1 soLIas
wnjal gz Surynsal 8y} jo seydye ay3 pue ‘orjojirod yoes uo SWINJaJ JO SILIAS A[YJUOUI B ULIOJ 03 S§I33Ienb s50I10 PayUl] 948 SILISS WINJaI YIUOW-93IY) 9Y],
‘uorjeuLIo] o1[0j310d SUIMO[[0] € PUE ‘g ‘T SYIUOW J2A0 sorjojirod Gz dY3 JO Yoed UIyjim poSesose usyj aIe SWINdI puny ‘punj yoes jo pIodal sdueuroLied
9sed 2113Ud 9y} FUISN P3RONIISUOD ATE SIOJRUINSI [[ Iolrenb snotasid ayjy Jo pus ay3 38 pandwod ‘(g [9UBJ) ,.¢ 10 (V [9UE() . I9Y3Ie 0} BuIpIodoe sa[ijuInb
Ay} uryjIM parIos uayj pue ‘eyd[e spunj 8y} Jo 9JeUWSS ST Y} ‘@ 03 Surpiodde sorjojrod d[puInb ojul pajIos are spunj ‘vlIenb yoes Jjo pua ay3 Iy

«+9 pue ¢ Sunjewsy Ul Ag[a(] I9)I8NYH-aU() YIIM PI0IIY IUBULIONISJ pung a41juy Suis() s)I0§ a[qnoq

XI 3198L



Judging Fund Managers by the Company They Keep 1089

quintiles of &, sorting on §* creates a positive 5-1 spread in benchmark-adjusted
future fund returns. The average spread between the top and bottom §* port-
folios is between 2.8% and 4.1% per year, with ¢-statistics ranging from 2.14
to 2.67 across four-model-lookback combinations. Combining §* with & helps
further increase the spread—the alphas of the (5,5)-(1,1) portfolio range from
8.08% to 9.21% per year! The results for ** are more affected by the reporting
delays, since the average 5-1 portfolio alphas range from 0.4% to 1.7%, with
t-statistics ranging from 0.82 to 3.03. These results indicate that mutual fund
investors can benefit from the information in our measures, especially in §*.

A natural question raised by these results is whether mutual fund investors
are aware of the valuable information contained in our measures, and whether
they respond to it by adjusting their fund allocations. Mutual fund flows are
well known to respond strongly to & (e.g., Ippolito (1992), and Sirri and Tufano
(1998)). To see whether they also respond to our measures over and above their
response to &, we conduct similar conditional sorts as before and report the
results in Table X. At each year-end, we sort funds into quintiles by & and then
within each quintile by §* (Panel A) or §** (Panel B) that are lagged by one
quarter for reasons explained earlier. For each of the resulting 25 portfolios, we
compute the net fund inflow over the following year, and report the average
annual net fund inflow across the whole sample.!® Only the results using a
12-month lookback period are reported, but the results using the funds’ full
history are very similar.

Looking across the columns confirms that net fund flows increase reliably
with &. The differences between the net inflows into the fifth and first porfolios
range from 13% to 34% per year and are almost always statistically significant.
Looking down the rows, however, reveals no reliable relation between net flows
and our performance measures. These results suggest that while investors pay
close attention to & in allocating their capital across funds, they pay little if any
attention to 8* and 6**.

This ignorance is costly, given the evidence in Tables IV through IX. For
example, suppose that investor A sorts funds into quintiles by & using a 12-
month lookback period and invests in the 5-1 portfolio.2? This investor earns
a four-factor alpha of 3.1% per year (¢ = 2.8) over the whole sample period.
Investor B performs a conditional sort into quintiles, first by & and then by
one-quarter-lagged values of §*, and invests in the (5,5)-(1,1) portfolio. Investor
B earns a four-factor alpha of 8.4% per year (¢ = 4.0). The difference between the
alphas of investors A and B, 5.3% per year (¢t = 3.6) over a 20.5-year period, is
highly economically significant, and is likely to exceed reasonable rebalancing
costs. We conclude that mutual fund investors would benefit from using our
measures to predict future fund performance.

19 Net fund inflow is computed as the percentage change in the fund’s total net assets minus the
fund’s return.

20 For simplicity, we assume that it is possible to short funds, but our conclusions do not depend
on the ability to short, because a large part of the profits of our long-short strategies comes from
the long position.
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IV. Conclusion

This paper proposes new performance measures that exploit the information
contained in the similarity of a manager’s holdings (or changes in holdings) to
those of managers who have performed well, and in their distinctiveness from
those of managers who have performed poorly. These performance measures
use historical returns and holdings of many funds to evaluate the performance
of a single fund.?! As a result, these measures are typically more precise than
the traditional return-based measures. In simulations, our measures are found
to be well-suited for empirical applications that involve ranking managers. This
suitability is confirmed in our empirical analysis. Our measures are shown to
contain a significant amount of information about future fund returns, which is
not contained in the standard alpha measure. Our evidence suggests that mu-
tual fund investors could significantly benefit from investing in funds selected
by combining the information contained in alpha and in our measures, at least
before costs and fees. Despite this potential benefit, mutual fund flows do not
respond to our measures nearly as strongly as they respond to alpha.

The basic idea in the paper is that managers who make similar investment
decisions have similar skill. The proposed skill measures capture this idea in
a simple manner, but future research can extend these measures in various
dimensions. For example, the measure of stock quality can be modified to give
more weight to the &@’s with lower standard errors. For another example, useful
information about similarities in investment decisions may also be contained in
the funds’ residual return correlations.?? Finally, our measures of a manager’s
skill rely on the manager’s most recent holdings or trades, without considering
her historical holdings. The idea is that a manager’s current decisions should
be more informative than his past decisions about his future performance. It is
not clear, without making further assumptions, how exactly historical holdings
should be used, but it is clear that they could contain useful information about
managerial skill. It would be interesting to design performance measures that
exploit similarities in historical holdings or trades across managers, and per-
haps also the correlations between historical holdings and subsequent holding
returns (Grinblatt and Titman (1993)). Since such measures use yet more infor-
mation, they might be able to predict fund returns even better than the simple
measures proposed in this paper.

This paper uses the proposed performance measures to study the predictabil-
ity of fund returns, but a variety of other applications can be pursued in future

2! Some information pooling across funds takes place also in the Bayesian frameworks developed
by Jones and Shanken (2004) and by Stambaugh (2004), in which a fund’s alpha is related to the
alphas of other funds through a link in the prior. The techniques as well as the objectives of
these papers are quite different from ours. Neither study considers similarities in fund managers’
decisions and their relation to performance evaluation.

2 Since such correlations are computed across time, any related similarities in investment deci-
sions must be assumed to be stable over time under this approach. No such assumption is needed
in our approach, because similarity in holdings or trades can be evaluated across stocks at any
given point in time.
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work. For example, our evidence about fund flows suggests that the informa-
tion contained in our measures is not used by many retail investors. However,
this information may perhaps be used within fund families to decide whether a
manager should be promoted. Evans (2003) finds that manager promotions and
demotions are significantly related to alpha, and it seems worth investigating
whether they are also related to our measures.

Appendix A: Computing © = Cov(&, &’) for Funds Whose Return
Histories Are Not Aligned in Time

LetS = {1, ..., T} denote the set of dates in the whole sample period in which
fund returns may be available. Suppose that returns on Fund 1 are available
in the subset S; of the whole sample period, S; C S. These returns are stacked
in the vector R, whose dimension is N; x 1, where N; is the number of obser-
vations for Fund 1. Analogously, suppose that returns on Fund 2 are available
in Sg C S, and that they are stacked in the Ny x 1 vector R;y. Let Rp denote the
vector of returns on K benchmark portfolios, available for the whole period S.
All returns are in excess of the risk-free rate. Define

Ryt =a1+Rp:p1+e1s, teS (A1)

Ry, =as+ Rpfo+e2s, LS. (A2)

The estimated intercepts &; and &; are obtained by running separate OLS
regressions, one using the data from S; and the other using the data from S;.23
The standard errors of &; and &, are computed accordingly. To calculate €2, we
also need Cov(@;, @2) for each pair of funds. Rewrite equations (A1) and (A2) as

Ri=X101+ € (A3)

Ry = X905 + €9, (A4)

where 6; = (a;B)), X; is the subset of X = [i7Rp] corresponding to S; (i.e., we take
only the rows that correspond to the dates in S;),j = 1,2, and (7 is a T-vector
of I’s. Then

61 = (X X)) X|R1 = (X X)X |(X 161+ €1) = 01 + (X[ X)X ey
b = (X, X2) 1 X Ry = (X, X 2) 1 X )(X 202 + €2) = 02 + (X3, X 2) 1 X }es.

2 Using the techniques of Pastor and Stambaugh (2002), the intercepts of short-history funds can
be estimated more precisely by incorporating the returns on longer-history funds. The most efficient
use of all information involves regressing fund returns on the returns of all longer-history funds
and the benchmarks. To ensure feasibility, we would have to choose a subset of longer-history funds,
and the estimates would depend on that subset, which seems undesirable. (Pastor and Stambaugh
use a small set of carefully selected longer-history passive assets instead of longer-history funds.)
We opt for the simplicity of estimating the regression interecepts fund by fund.
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Hence,
Cov(dy,02) = El(B — 6102 — 62)] = (X, X)X | E(e16)X (X5 X)L, (A5)

Note that €; is N1 x 1 and €2 is N2 x 1, so that E(e1¢) is N1 x N3. Let 012 denote
the contemporaneous covariance between ¢; and €;. Then E(e;€;) is a matrix
whose (i, j) element is 015 if S1 (i) = S(j ) and is zero otherwise, since the epsilons
are assumed to be uncorrelated over time. Let O denote the overlap of the funds’
sample periods, O = S; N Sy, let Xp denote the row subset of X corresponding to
0, let No denote the number of elements in O, and let Iy, denote the identity
matrix of dimension Nyp. Equation (A5) can be rewritten as

Cov(By, B3) = (X X 1) X p(012In,)X 0(X 5 X 5) ! (A6)

=012(X 1 X 1) (XX 0)X X)L (A7)

Our estimate of Cov(d1, &2) is given by the (1, 1) element of (A7). (For example, if
the history of Fund 2 is subsumed by the history of Fund 1, So C 81, sothat O =
Sz, then Cov(fy, 82) = o12(X X 1)7L.) To estimate 012, one can run the regressions
(A1) and (A2) on the overlapping data O and take the sample covariance of the
resulting residuals.?*

Appendix B: Proof of the Statement Immediately Following
Equation (26)

M M N
pa— + —_
Zcm,j = ZZ mnyj n]-[ne,/\/”r 1[}6M+ _xm,nyj,nI[nEN,;}l{jEM,:} e
= J=1n=1

mnd nlinenm Lgers) + %mnd jnlinens) Ljems ]

—X
N
+ + -
Z 2 Lneni) Z Yinlgers) — me,nllne/\/,,t] Z Yinlyemsy -
-1 - i=1

j=1
N
_men {neNz) Zyj n1[jEM+} + me nllneNm Zyj nt{jeMy}
n=1 J=1 n=1 Jj=1

[\qu

[neN* me nl{neN+ me nl{neN y+ me nllne/\/ }
=1 n=1

3
Il
-

I
e

(B1)

24 There is a more sophisticated approach to estimating o;, when S, C S;. The results in Stam-
baugh (1997) can be used to estimate o), using also the data in S, that is not in S,. However, since
S, C &8 is unlikely to happen for all pairs of funds, and since we want the same procedure for all
pairs, we simply take the estimate of 0}, from the overlapping data.
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Appendix C: Inference of Our Simulated Investors

Here we calculate the expected return and the covariance matrix of returns as
perceived by the simulated mean—variance investors considered in Section II.
The subscripts m and ¢, which denote investor and time, are dropped throughout
for convenience.

First, note that with a diffuse prior on w,, the Bayes rule implies that

Sn with probability y

C1
un ~ N(0,62) with probability 1 —y, €D

M| Sn, Y =

so that

E(un 80, v) = vsn
Var(un | $n, ¥) = E(u2 | sn, ¥) — [E(un |80, Y% = (y — yDsZ + (1 — y)o 2.
Let E(y) denote the investor’s expected perception of his own skill, and let
Var(y) denote the variance associated with this perception. Using the law of

iterated expectations, the expected return on stock n after observing the signals
is equal to

E(r, |S) = E[E(un | $n, ¥)] = E(y)s,. (C2)

Using the variance decomposition rule, the perceived variance of stock n’s
return is

Var(r, | S) = 02 + E[Var(uy, | sn, ¥)| + Var[E(u, | 85, )]

=02+ 02+ E(y)(s2 — 02) — sZ[E(y)]? + s, Var(y). ©3
The perceived covariance between the returns on stocks i and j is
Cov(ri,rj | S) = E[Cov(ui, ;| S, y)] + Cov[E(w; | S, y), E(uj | S, y)]
+ Cov(e;,ej | S)
= E[E(w; — ys)(nj — vsj)|S, ¥l + Covlys;, ys;] + pea?
= E[y%sis; — v2sis; — v2sisj + y2sis;j| + sis; Var(y) + p.o?
= s;8;Var(y) + p.o2, (C4)

where p, denotes the correlation across stocks, which is assumed to be zero in
the basic simulation. For simplicity, we also assume that each manager knows
his own y, so that E(y) = y and Var(y) = 0.
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