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1. Introduction

By the end of year 2004, mutual fund industry has assets under management over $8
trillion, with the allocation of those assets across funds in part determined by substantial
resources devoted by investors and advisory services to data collection and analysis towards the
end of evaluating mutual fund managers.® These facts are viewed as particularly baffling in light
of the apparently mutually inconsistent evidence from three segments of the literature on mutual
funds: mutual fund performance; performance persistence; and mutual fund flows.

On the first of these, numerous studies, starting with Jensen (1968), have concluded that
fund managers are “unable to beat the market.” Among recent studies, Wermers (2000) finds that
the average U.S domestic equity fund underperformed its overall market, size, book-to-market
and momentum benchmark by 1.2% per year over the 1975 to 1994 period. These results suggest
that investors would do better if they were instead to hold passive index funds. This conclusion
stands in sharp relief to the accumulated assets that reside in mutual funds. Accordingly, in search
of timing and/or stock picking ability among fund managers, researchers have experimented with
numerous models, econometric strategies, data sets, and periodicity.? A large part of the observed
performance and its persistence, however, is likely to be attributable to persistence in individual
stock characteristics. For example, Carhart (1997) finds that most of the after-expense
performance persistence in his sample can be attributed to the one-year momentum effect of
Jegadeesh and Titman (1993) in the underlying stock returns.

Second, there seems to be little evidence that abnormal fund performance persists through
time. The evidence that does exist, as in Gruber (1996), Carhart (1997), Zheng (1999), and Bollen
and Busse (2005), tends to be found only in low-liquidity sectors or at shorter horizons. As Berk
and Green (2004) note, the lack of persistence is widely regarded as implying that superior
performance is due to luck rather than to variation in ability across managers.

Third, despite the lack of persistence in abnormal performance, mutual fund investors chase
performance. Flows into and out of mutual funds are reliably related to lagged measures of excess
returns and that relation is convex (Chevalier and Ellison (1997) and Sirri and Tufano (1998)).
That is, investors buy funds with good past performance but leave funds with poor past

performance more slowly.

! For example, Morningstar covers virtually all funds in existence and calculates star ratings for all funds
that are at least three years old.

2 Using factor model regressions and passive asset returns that coincide with the fund returns, Grinblatt and
Titman (1992), Hendricks, Patel and Zeckhauser (1993), Brown and Goetzmann (1995), Elton, Gruber and
Blake (1996), Gruber (1996), Wermers (2000) and Cohen, Coval and Pastor (2005) all find evidence of
mutual fund persistence.



Recent attempts to reconcile this evidence on fund flows with that on performance and
persistence of performance rely either on behavioral arguments® or, in some cases, on elaborate
models based on information asymmetries.® Nonetheless, much of the empirical evidence on
mutual fund performance and flows has been and continues to be developed without the benefit
of testable hypotheses arising from economic forces specified in a model.

Berk and Green (2004) reproduce, as equilibrium outcomes in a rational model, the most
prominent and apparently contradictory features of the empirical evidence on mutual fund flows
and performance. In their model, the competitive supply and redeployment of capital across funds
based on investors’ posterior estimates of skill drive future abnormal performance for all funds to
zero in expectation as fund flows interact with concavity in the return production technology.
Thus, it is capital redeployment, based on updated assessments of the skill of fund managers,
which restores equilibrium and eliminates persistence in fund manager performance.

I confront the Berk and Green (2004) model with data on fund manager returns, mutual
fund flows, fund manager fee structures, and other fund and manager characteristics. | first
construct two Bayesian measures of fund manager skill, one based on style-adjusted return (size
and value/growth matched Russell index), and the other based on risk-adjusted return (excess
return from CAPM one-factor model). Using U.S., domestic, actively managed, equity funds on
CRSP from 1990 to 2004, and accounting for turnover of fund managers, | find that the average
fund manager is perceived to have the ability to generate a benchmark-adjusted return of about
2.61% to 3.09%, per year, before fees and costs. This compares favorably to the average
management fee of just less than 1% of NAV for most equity funds. The median manager,
however, does not have a skill level significantly different from zero. Half of equity fund
managers do not have skills sufficient to out-perform either the CAPM risk-adjusted benchmark

or style-adjusted benchmark, even before fees.

® For example, Goetzmann and Peles (1997) use a small survey data to show that investor beliefs about past
performance seem to be biased upwards. Barber, Odean, and Zheng (2000) infer that investors believe that
recent performance is overly representative of a fund’s future prospects and this leads them to buy funds
with recent good performance (representative heuristic). Ivkovich and Weisbenner (2006) show that
individual investors are reluctant to sell mutual funds that have appreciated in value and are willing to sell
losers, in part due to a tax consideration.

* There are several theoretical treatments of the performance-flow relationship based on rational investors.
Sirri and Tufano (1998) and Huang, Wei and Yan (2005) investigate the search costs or participation costs
involved in buying a mutual fund and show that the flow-performance relationship is stronger for funds
with higher marketing effort or lower search costs. Lynch and Musto (2003) construct a model where the
investor takes into account that fund managers are more likely to change strategy if the performance is
sufficiently bad. Also see Nanda, Narayanan, and Warther (2000) who develop a three-date model with
heterogeneous managerial ability. Therein they derive endogenous heterogeneous fee structures involving
loads as fund managers compete for clients with different expected liquidity needs.



Nonetheless, it is worthwhile to compare fund managers, as there is substantial variation of
estimated skill around that median, some managers consistently demonstrate high skill, while
others consistently exhibit low ability. | find that the posterior estimates of skill have substantial
persistence through time. For example, managers with skills estimated to be in the top or bottom
deciles appear in the same extreme decile the following year about 80 percent of the time. In data
the posterior updates have much lower variance than returns and the skill estimates. Overall,
using the Berk and Green (2004) model, | find that differences in fund manager skill are
detectable and measurable, a result which differs from the typical finding that standard simple
models have little power to detect skill even when the correct model is employed (e.g., Coles,
Daniel, and Nardari (2006)).

Second, | test the implication of the Berk and Green (2004) model that fund flows should
depend on the posterior skill update. In a linear regression model, the posterior update of manager
skill is an important determinant of fund flows, even after controlling for various performance
measures, fund size, and aggregate flows to mutual funds. The model, however, predicts a
quadratic relation between fund flows and the posterior update (adjusted by a function of the
expense ratio). That convex relation is confirmed in the data. On average, a one-standard-
deviation increase in posterior skill update is associated with additional annual inflow of about
12% of fund’s NAV. It appears that fund flows respond to the Bayesian skill update of rational
investors in a manner that is predicted by the Berk and Green (2004) model.

Third, the relation between fund flow and immediate future performance is negative. This
is true for both the observed fund flow as well as the equilibrating fund flow predicted from the
model. Abnormal performance over the following year of the bottom quintile in fund inflows (as
a proportion of NAV) is 2% greater than the average firm in the top inflow quintile. Controlling
for fund performance and posterior skill estimate, a one-standard-deviation increase in fund
inflow decreases future performance over the next year by 7%.

Fourth, though fund flows should equalize expected abnormal return in equilibrium, 1
attempt to detect predictability and persistence in returns. Based on decile sorts by immediately
prior skill estimates, funds with high-skilled managers (top decile) earn higher abnormal returns
over the following year than funds with low-skill managers (bottom decile). The difference
between the top and bottom decile portfolios ranked by skill can be as high as 0.82% per month
under the Fama-French 3-factor model, and 0.61% per month under the Carhart 4-factor model.
These substantial and statistically significant differences in performance suggest that the
Bayesian skill estimate contains valuable information about the ability of a fund manager to

deliver abnormal performance, but only over the following year. The predictive power of the



Bayesian skill estimate declines substantially for return over the second year after portfolio
formation, which is consistent with the model in which no managers (even the most talented ones)
can consistently beat the benchmark.

To see whether the model’s skill estimate contains information about future performance
that is not contained in the standard performance measures, | sort fund managers both by
performance and skill estimate. It turns out that, after controlling for past performance, the
average excess return spread between the top and bottom quintiles of funds ranked by skill
estimates ranges from 0.17% to 0.31% per month, which is significant in both the economic and
statistical terms. In reversing the sorting order, | find that standard performance measures seem to
contain some orthogonal information, but still are less informative than the skill estimates. Thus,
it appears that the Berk and Green (2004) model explains much but not all, of what appears in the
data. Perhaps no parsimonious model can.

Finally, | extend the analysis beyond the specific implications of the model by examining
the cross sectional distribution of fund manager skills across different fund primary investment
objectives and styles. The skill required to manage the fund portfolio potentially can vary across
fund style and objectives and the corresponding composition of the underlying portfolio. My
results indicate that managers in small cap funds have superior skills than those in large cap funds.
The same holds for growth funds versus income funds. Managerial skill is related to the style and
objectives of the fund, perhaps because the risk level, transparency, liquidity, and price
discovery/efficiency of the underlying assets vary by type and style. As Coles, Suay, and
Woodbury (2000) and Deli (2002) suggest, perhaps the slope of the optimal contract sorts
managers to funds, with higher performance sensitivity attracting relatively skillful managers, and
managers who are better able to shift the distribution of returns and are incented to do so with
greater sensitivity of pay to NAV.

As always, one possible difficulty to interpret the existing inclusive evidence is model
misspecification. Perhaps the numerous studies that detect no ability are using a wrong or overly
parsimonious model (or, in many cases, no model) of mutual fund manager behavior. Indeed, the
prospects for detecting abnormal performance or skill using traditional models are poor, if a
misspecified alternative model or even the true model is employed (Coles, Daniel, and Nardari
(2006)). Thus, even if there are significant differences among fund managers, it is possible that
one can never produce evidence that fund managers have superior stock-picking or market-timing
ability.”

® There are numerous studies of misspecification. Roll (1978), Lehmann and Modest (1987), and Grinblatt
and Titman (1994) show that estimated performance is sensitive to the choice of reference portfolio of the



My contribution in this paper is to shed lights on the rationality of mutual fund investors by
showing that the observed flow is a direct response of their Bayesian skill estimates of fund
managers, and there is an incredible cross sectional variation in manager ability. My structural
approach relies on designing specific tests arising from a quantitative model of mutual funds in
order to isolate and quantify the economic significance of fund manager skill, investor and market
perceptions, and the fund flows. The BG model, despite its simplicity, does well in that it is
consistent with and reconciles the apparently-inconsistent features of the empirical evidence.
Using a structural model also can minimize the endogeneity and causation problems that so
commonly plague empirical finance (see Coles, Lemmon, and Meschke (2004)).

The paper proceeds as follows: in Section 2, | briefly describe the Berk and Green (2004)
model. The methodology and data are presented in Sections 3 and 4, respectively. The empirical
results on skill estimates, fund flows, and the equilibrating role of fund flows for returns are
presented in Sections 5, 6, and 7, while Section 8 tests for persistence of returns controlling for
estimated skill level and prior fund flow. Section 9 presents results on the relation between fund

characteristics and estimated manager skill and Section 10 concludes.

2. Implementing the Berk and Green (2004) Model

I now provide a brief summary of one version of the model of Berk and Green (2004).
Let R, = a; + ¢, denote the return of mutual fund i in period 7, before fees and costs, and in
excess of the passive benchmark, an alternative investment opportunity available to all investors
with the same risk as the fund’s portfolio. In the discussion of the generic fund within the model,
for the time being | will omit the subscript i that identifies the mutual fund. a is true skill of the
fund manager and varies across all the funds. Hence, funds differ from each other precisely
because differences among fund managers in the ability to generate expected abnormal returns.
a is unknown to investors, who learn about this ability by observing the history of fund returns.

£ is the idiosyncratic component of fund’s return and is normally distributed with mean zero and

variance o (or precision @ =1/0?). There are two types of uncertainty in fund return. One is
fund specific risk, arising from &, which can be diversified away by investing with a large

number of different managers. The other is uncertainty about a, which must be estimated and, by

passive investor. Jagannathan and Korajczyk (1986) show that if the managed portfolio is more (or less)
option-like than the benchmark then it is possible to detect timing ability when there is none. Grinblatt and
Titman (1989b), Jensen (1972), and Dybvig and Ross (1985) all demonstrate that the Jensen measure could
assign negative performance to a market timer. Kothari and Warner (2001) examine the performance of
hypothetical mutual fund portfolios formed by randomly choosing stocks from the CRSP universe and find
that regression-based measures, such as Jensen’s alpha, posses little ability to identify and measure
abnormal performance.



assumption, is a normal random variable. At the inception of each fund, investors hold an initial

prior for all managers. This prior for a is normally distributed with mean ¢, and variance 77 (or

precision y, =1/r7;). Investors update their posteriors about such mean and precision on the basis

of the historical fund returns as Bayesians.

Assume it is costly for managers to generate abnormal returns. Cost, C(q,), is a function of
fund size ¢,. Assume that this cost function is increasing and convex. The reasoning is based on

the idea that increasing portfolio size affects the price impact and bid-ask spread in trading which

will diminish the abnormal return achievable by the fund manager. Also assume that C(0)=0

and lim___ C(g) =. The fund manager is paid a fixed management fee /' ,° expressed as a

q_'OO
fraction of the assets under management. Hence, observed return 7, is:

ra= R - -9 )
‘

With assumptions of infinite elasticity of capital supply and diminishing return to scale for
managers to generate returns with ability (arising from the convex relation between cost and fund
size), the expected excess return in equilibrium must be zero:

E[rq]=0 )

The time line of the model is as follows. The fund enters each period with the fund size
carried over from last period and an estimate of the fund manager’s talent. Investors observe fund
return at the end of the period and update their estimate of the manager’s ability by Bayes rule.
Then capital flows into or out of the fund to determine the assets managed over the next period.

Let the posterior mean of manager skills at time ¢ be denoted by

¢ = ER.1{r a.}=] ()
This posterior is a measure of the extent to which the manager can beat the passive
benchmark, before fees and costs. A positive ¢, indicates that fund manager does possess some
ability to pick stocks or time the market, while a negative ¢, suggests the fund manager has low

skill.” The prior update in period ¢ is defined as the posterior at the end of period ¢ (after

observing the period ¢ return) minus the prior at the beginning of period ¢ (or the posterior at the

® Berk and Green (2004) have shown that their model can be extended with a fee changing over time. The
fund manager could adjust the fee to extract rents. But fees are observed to be fairly stable in practice and
so we focus on the effect of fund flows, rather than rent extraction through fees, on q as the equilibrating
mechanism.

" Notice also that ¢, is not the net return any investor receives from investing in mutual fund. Typically, an

investor will earn a return of ¢ minus the cost of managing the fund.



end of period ¢ —1). Taking the expectation on (1) and combining with (2) and (3), we can

connect posterior skill to fund size and flow.

C
g, =), @
q,
As investors change their estimates of managerial skills, subsequent fund size changes so (4)
holds in equilibrium. The posterior assessment of skill, which is a convex combination of the

most immediate past estimate of skill and current performance, satisfies the following recursion.

t t
t:Vo"'(t_l)w L+ w nzl—lyo"'(s_l)w%_,_ ta Zi
Vo Tt Vo Tiw =1 Votsw Vo tiW & t

= yo + tw ZE 5
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Using (2), (3), the first part of (5), and expectations of both sides of (1), Proposition 1 in
Berk and Green (2004, p. 1275) follows, and the evolution of investors’ prior updates about
manager skills a is given by:

w
Vo Htw

DY, =@ = h (6)

As seen from (6), good performance (a positive realization of r,) results in an increase in
the posterior perception of managerial skill. Similarly, poor fund performance results in a
downward adjustment. Recent performance has more influence on the update for younger funds
(smaller ¢), since past performance contains more information about younger funds due to their
relatively short return history. Furthermore, the more volatile past fund returns are (smaller@ ),
the less important recent performance is for the posterior update.® Based on (5) and (6), because

age and return volatility vary across funds and through time, neither ¢, nor Ag, is likely to be
perfectly correlated with 7, .

Learning about fund manager skill is the source of the relationship between fund
performance and flows. The amount investors will invest in a fund depends on their assessment of
that manager’s ability and on the costs of expanding the fund scale. Managers accordingly accept
and invest all the funds investors are willing to allocate to them. According to (4), managers

increase the size of their funds and their own compensation to the point at which expected

& The impact of fund age and risk on the flow-performance relationship is well documented. See Sirri and
Tufano (1998), Chevalier and Ellison (1997) and Huang et al. (2005). BG (2004) identify possible
underlying reasons for the estimated relation.



abnormal return to investors is zero going forward. The equation that defines the evolution of
fund size and, therefore, equilibrating flow at time ¢ is:

C(qt) = C(qt—l) + w
q, 44 Vo tiw

oo (1)

Assume quadratic C(g) =ag® . Given the optimal amount of assets under active

management, along with equations (1) to (3), the percentage change in fund size at time ¢ as a
function of the past returns (as long as the fund survives to time ¢) can be obtained as:

1

qt_%—lz[l( w )]t+ 1 ( w )2 2 Z(A@)Z (8)

7 2 = tag+
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Thus, the model predicts a convex relationship between flow and the posterior Bayesian

skill update, with functions of the expense ratio /" determining the weights on the linear and

guadratic components.

Performance is at most weakly persistent in the model. Once again, the reason is that
investors chase performance and make full, rational use of information about the fund history.
High performance is rationally interpreted by investors as evidence of superior ability. The
response of fund flows to performance is simply a manifestation of capital flowing to the mutual
funds in which capital is most productive. Consistently, the diseconomies of scale in money
management have been documented in mutual fund industry. For example, Chen, Hong, Huang
and Kubik (2002) find that fund returns decline with fund size, even after adjusting performance
by various benchmarks. Bris, Gulen, Kadiyala and Rau (2006) examine a sample of 125 equity
mutual funds’ close decision and show that funds close following a period of superior
performance and abnormal fund inflows. In equilibrium, differences in fund manager skills will
not lead to differences in future returns because all managers are expected to earn benchmark
returns. However, the lack of persistence does not imply that differential ability across managers
is unrewarded. The actual compensation for active management will differ substantially based on

fund size, and the slope of compensation contract (e.g. sensitivity of pay for NAV).

3. Methodology

The return used in equations (5) and (6) to update investors’ priors should be the fund
return in excess of the benchmark with the same risk as the underlying portfolio. | use the
Morningstar stylebox classifications, which allocate each fund portfolio to one of nine styles
based on portfolio composition. These styles are Large Value, Large Core, Large Growth,
Medium Value, Medium Core, Medium Growth, Small Value, Small Core and Small Growth.

For each fund and associated style, | pick a Russell index matched by size and value or growth as



the corresponding benchmark. The matching Russell indices, respectively, are the Russell 1000
Value, Russell 1000, Russell 1000 Growth, Russell Midcap Value, Russell Midcap Russell
Midcap Growth, Russell 2000 Value, Russell 2000 and Russell 2000 Growth®. A fund’s style-
adjusted return is the fund’s total return (after fees and before loads) minus the matched style
benchmark. This captures a fund’s exposure to size and book-to-market factors in stock returns.
One justification for using style-adjusted return is based on Sensoy (2006), who finds that mutual

fund flows respond to such performance measures. Therefore, we have:

*

7,

t = rt ™ TRussell (9)

* * * a *
Ag =g, -{ﬂ,_l=y0+twn (10)

Some investors, such as institutional investors, may use a benchmark based on covariance
with market return. Thus, | also estimate risk-adjusted fund performance using the difference

between raw return and expected return from one-factor CAPM model.
”t**:(’”;_”f)_ﬁ(”m_”f) (11)

ke ok ok a ok
Ay =g, -¢,_l=yo e (12)

r,, 1S the return on the CRSP value-weighted portfolio of all NYSE, AMEX and NASDAQ
stocks. r, is the risk-free rate on 30-day Treasury Bills. Fund portfolio CAPM is measured using

the previous 36 monthly returns (at least 12 non-missing observations).

As investors assess fund manager skill, whenever the old manager is replaced, investors
should assign a new initial prior to the incoming manager and start the Bayesian updating process
all over again. | implement precisely this by tracking management turnover among all funds.*
When a fund manager departs, | restart the process of estimating fund manager skill by setting the
age of the fund to one.

It may take time, however, for the new manager to completely implement his own trading
strategy. Moreover, a manager may collaborate with other managers so that a solo-managed fund
becomes team-managed. The reverse could happen, as well, with a fund losing team members to
retirement or initiation of a new fund. In such cases, it is not obvious that the previous investment
strategy will be completely replaced. Furthermore, when a manager starts a new fund, he may
tend to use part of his old investment strategy by replicating what he did well in the old fund,

which makes the choice of uninformative initial prior for the new manager inappropriate. To

° | obtain the Morningstar equity style class by merging the CRSP mutual fund database with Morningstar
CDs. | obtain historical Russell index returns from the parent company website.
1% Special thanks to Klaas Baks for providing his fund managers turnover data.



completely ignore past fund performance after a new manager takes charge also is problematic.
By tracking the career path of each equity fund manager in his sample, Baks (2003) finds that the
fund level strategies and manager skills are equally important to explain fund’s future
performance. Given these concerns, | set up the prior mean and precision for any new manager as
the last posterior mean and precision for his predecessor. Since | do not have data on where the
new manager comes from, the beliefs investors have in the first place are indeed the combination
of old fund and new manager, but with little weight on performance of the old fund and
substantial weight given to performance of the new manager.

Since the CRSP mutual fund database is organized by fund shares, different share classes
are recorded as different entities. Those share classes are associated with the same manager(s)
(but may appeal to different investors with differing investment horizons or liquidity needs).
Accordingly, when a fund has different share classes | create a single hypothetical fund by
calculating a value weighted (using net assets) average of the returns of each of the share classes
and aggregating the assets across all share classes. Thus, investors assign the same updated
posterior estimates for funds with different share classes.

The only two unknown parameters (equations (10) and (12)) are the prior ¢, (mean of a)

and true y, (precision of a). | implement an empirical Bayes procedure by setting the initial
prior to be the same for all new managers. Empirically | estimate both parameters from the
distribution of fund manager performance when a new manager enters the data. In particular,
when a fund starts at period ¢, the cross-sectional average of before-fee style-adjusted returns
(risk-adjusted returns) of all available funds in period # -1 will be set as ¢, (¢,"). Similarly, the
cross-sectional average of standard deviation of previous 12-month returns for all existing funds
in period -1 will be set as ), . Thus, absent other information, ex ante a new manager is

expected to be as talented as the average existing manager. As investors collect more
observations on the fund manager, the sequence of updates will be unique for each manager.

One last issue is the frequency with which investors update their beliefs. The BG model
accommodates any data frequency. Most papers that estimate the flow-performance relation use
quarterly or annual figures. Although monthly and even daily fund returns are available to most
investors, particularly in recent years, investors may not want to base their beliefs on such high-
frequency data because daily or monthly returns are seen to be relatively noisy. Of course, it is an
empirical question as to which frequency works best for the model. Monthly returns likely
contain more measurement error than quarterly returns. Moreover, fund reports are released

quarterly. Thus I implement the BG model using quarterly data.
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4. Data

The primary data source is the 2005 version of the Center for Research in Security Prices
(CRSP) Mutual fund database. Because | focus on flows into actively managed funds, | include
only U.S., domestic, open-end, equity funds. I exclude index funds and special sector funds. The
investment objectives of the equity funds in my sample are aggressive growth, long-term growth,
and growth and income. The sample period spans 1990 to 2004 because there are no reliable fund
manager turnover data in CRSP prior to 1990. In total, there are 3044 funds with 81952 fund-
quarter observations. 1393 of these funds have at least one turnover event (new manager coming
and/or old manager leaving) during the sample period.

| obtain total net assets from CRSP. The most literal interpretation of BG focuses on gross
fund flow, which is given by:
TNA,, - TN4,,,

TNA; 4

GrossFlow,, = (13)

where TN4,, is total net assets of fund i at the end of period ¢. Gross fund flow is central

because the cost structure is a function of fund size, TNA4;,, and change in fund size, through both

fund returns and flows, is the equilibrating force that equalizes expected abnormal returns across

funds and managers. Nonetheless, to allow comparisons to the prior literature, | also calculate net

flow:

TNA,, = TNA,, (1 +1,)
TNA; 4

NetFlow;, = (14)

where 7, is the return on existing assets of fund i during period 7. Gross flow is the change in

net asset value both from return generated by the management of the portfolio and from inflows
or outflows as investors reassess fund manager skill based on that return. Net flow includes only
investor additions or withdrawals. | have no information regarding the timing of new investment,
so these definitions assume new money comes in or leaves at the end of each period. This

assumption is consistent with the BG model timeline.*

5. Empirical Estimates of Fund Manager Skill
At the end of each year, | calculate the annualized (compounding the four quarterly

estimates) mean of investors’ posterior estimates of manager skills. ¢ is the posterior mean

1 As indicated in Elton, Gruber and Blake (2001), there exist a large number of errors associated with
mutual fund mergers and splits in the CRSP mutual fund database. This leads to some extreme values of
flows in the data. To insulate the empirical design from the contaminating effects of these outliers, |
winsorize the top and bottom 1% tails of the flow data.
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updated using style-adjusted return and ¢, is the posterior mean updated using return adjusted

by the CAPM one-factor model. Ag, and Ay, are the corresponding prior updates (changes in

posterior means) over the 12-month window. For comparison, | also calculate calendar year raw
return, style-adjusted return, and risk-adjusted return (deviation from CAPM one-factor model).
Panel A of Table 1 provides summary statistics on these calculations, as well as two fund flow

measures.
The skill estimates ¢ and ¢, , based on the BG model, are 3.09% and 2.61%, respectively,

on average. At first glance, these figures suggest that investors believe that the average manager
can out-perform the benchmark before fees and costs. Both medians, however, are close to zero.
Moreover, the null hypotheses that the medians of investors’ skill estimates are zero can not be
rejected at the 5% level of significance.

The annual total return, style-adjusted return and risk-adjusted return for the entire sample
period are 9.35%, -0.19% and -0.09%, respectively. Those numbers are comparable to what has
been found for equity fund performance in the last 20-30 years.'” On average, equity fund
managers do not out-perform either the CAPM risk-adjusted benchmark or style-adjusted

benchmark, and half of fund managers do not generate sufficient abnormal return to cover
expenses and the management fee. Furthermore, the average skill update (Ag, or Ag, ) being

zero indicates that through times, investors have a consistent estimate about equity fund
manager’s ability.
Panel B presents the correlation matrix among the model’s skill estimates, posterior skill

updates, standard performance measures, and fund flows. The two skill estimates, ¢, and ¢, , as

well as their corresponding updates, are positively correlated. Both ¢ and ¢, are also correlated

with contemporaneous performance measures. Even the highest correlation coefficient between
skill estimate and performance, however, is around 0.2, which suggests that the Bayesian skill
estimate contains some unique information that is orthogonal to the information embedded in the
standard performance measures. Although recent performance is an important component of

investors’ prior updates, it turns out that the correlation coefficient between these two is not as
high as one would imagine. For example, Ay, and the related style-adjusted return have a

correlation coefficient of 0.75, whereas Ag  and risk-adjusted return have a correlation

coefficient around the same magnitude. The reason is that the skill update not only depends on

12 See Bogle (2005).
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fund return but also on the precision of the posterior update. So long as funds are different, such
as in age, number of observations on returns, and the prior stream of returns, recent return will not
fully explain the posterior update of skill. Correlation matrix also indicates that fund flow, either
gross or net, is positively correlated with investors’ posterior estimates of manager skill, as well
as their prior updates. Flows are also positively correlated with all three performance measures. In
next section, | will present more detailed tests for the function form between flow and prior
update based on BG’s model.

The cross-sectional distributions of the time-series average skill estimates for all funds are
plotted in Figures 1 and 2. Both plots show that there is considerable heterogeneity among

managers. The average expense ratio, which includes the management fee, is 1.5%, which is the
48" percentile of @, and the 54™ percentile of @ . It appears, on average, that fund manager skill

is just sufficient to cover the expense ratio. Overall, in the context of an equilibrium model, this
collection of results on mean and median Bayesian skill estimates and fund returns can be
interpreted as consistent with the notion that aggregate managerial talent and investor wealth
allocated to mutual funds, along with the average expense ratio, are all consistent with
equilibrium in the market for delegated portfolio expertise.

While expected abnormal return on average may be zero, | find that it is worthwhile to
compare fund managers. As the figures indicate, there is substantial variation in estimated skill
around the median. In addition, relative to each other, some managers consistently demonstrate
high skill, while others consistently exhibit low ability. Table 2 assesses the persistence of the
Bayesian posterior estimate of skill. Each item in the transition matrix is the conditional
probability of funds with managers in a certain skill decile for the current year moving to any
other decile in the following year. Examining the diagonal elements of the matrix, the table
indicates that the transition matrix is quite stable. Fund managers in any skill decile in any
particular year consistently stay in the same decile the next year. For example, top 10% managers
will have a probability of 80% remaining in the top group next year. Note that the posterior skill
estimates are much more persistent than returns. Using past raw return or excess return to form
portfolios in Panel C, it turns out that funds initially in top group only have about 20% chance of
staying in the same group the following year. Carhart (1997) reports the similar performance-
based ranking statistics using a different sample period.

Along the same lines, my results are inconsistent with many prior studies that use
traditional models to attempt detect differences in fund manager skill. For example, Coles, Daniel,
and Nardari (2006) consider the power in three well-known models, those of Jensen (1968),
Treynor and Mazuy (1966), and Henriksson and Merton (1981), and find that differences in the
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performance of any two funds can be very difficult to measure with any precision regardless of
whether the model and/or benchmark are misspecified. My results show that, when there are
significant differences among fund managers, it is possible to produce evidence that fund
managers have relatively superior or inferior ability. To be specific, the difference in skill
estimate for top-decile managers versus bottom-decile managers varies from 10.5% in 1991 to
21.4% in 2001 and 2002. The difference between top and bottom skill decile in every year is
statistically significant at less than 1% level. The time-series average spread between top and
bottom skill deciles is 18.1% (again p-value is less than 0.01).

One of the reasons for high persistence in skill rankings is that the standard deviation of

prior update is much lower than that of standard performance measures. For example, Ay has a
standard deviation of 1.62%, while the style-adjusted return, upon which ag" is based, has a

standard deviation of 11.48%. The precision of investors’ posterior beliefs is much higher than
that of fund returns in part because the Bayesian update is essentially a mean-reverting process

towards true fund manager skill.

6. Fund Flow is Convex in the Bayesian Skill Update

In this section, | examine the relation between the investor posterior update of skill of the
fund manager and flow into or out of the portfolio. In the BG model, after observing most recent
performance, investors change their skill estimates and reallocate their assets based on the
updated posterior. | expect investors to redirect assets in response to their updated beliefs about
fund managers.

| estimate a quadratic specification that is motivated quite directly by the functional form
arising in the BG model. Per equation (8), | include on the right-hand side both: (a) the posterior
update premultiplied by the inverse of the expense ratio; and (b) the posterior update squared
premultiplied by the inverse of the four times the square of the expense ratio. Both coefficients
should be positive and equal and, if the prediction is to be taken in the most literal form, the
coefficients should be equal to one. The dependent variable is gross fund flow, the variable of
interest in the BG model (equation (8)). For purposes of comparison to the prior literature, | also
estimate some specifications using net fund flow as the dependent variable. As a check for
robustness of the explanatory power of the posterior update, | also estimate a simpler
specification that is linear in posterior update.

For each year, | estimate a cross-sectional regression to estimate the sensitivity of flows to
skill updates. The previous most recent update is defined as the posterior mean at the end of year

¢t minus the posterior mean at the end of year t—1. Because | relate annual flows to past
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information over the preceding 12 to 36 months, the cross-sectional flow sensitivity to prior
update in each year is likely to be serially-correlated. To address this difficulty, I calculate the t-
statistics for the Fama-MacBeth coefficients using the Newey-West (1987) autocorrelation- and
heteroscedasticity-consistent standard errors.

To incorporate the scaling effect of fund size on percentage fund growth, | included logged
fund TNA in year -1 when estimating the flow regression in year 7. Moreover, since mutual
funds deduct operating expense from fund value, the realized return for an investor on funds with
the same pre-expense performance is lower if they are charged with higher fees. Therefore, in
specifications that do not scale the posterior update with a function of the expense ratio, | include
the lagged total fees scaled by net assets value as a control. Finally, I include the aggregate flows
into each investment category at year ¢ to control for other unobserved factors, such as sentiment
shifts, that potentially can affect fund flows.

The regression results are displayed in Table 3. Panels A and B correspond to empirical
implementation based on the update that utilizes the style benchmark and the CAPM benchmark.

In both Panels, column 3 provides the most direct test of equation (8). Per the prediction, for
each of the two updates, Ag and Ay, , the coefficients on scaled (by a function of expense ratio)

posterior update and its scaled square are both positive and significant. Gross fund flow is a
convex function of the scaled posterior skill update

To be more specific, after controlling for fund size and aggregate flow (column 4), for the
style-adjusted [CAPM-adjusted] skill update the coefficient on the scaled linear term is 0.697
(p<0.01) [0.581 (p<0.01)] and the coefficient on the scaled quadratic term is 0.601 (p<0.01)
[0.547 (p<0.01)]. Moreover, the linear and quadratic coefficients are approximately equal (p=0.13
[p=0.18]), per equation (8), but both are significantly less than one (p=0.03 [p=0.08]). Relative to

the base value of a zero skill update, a one-standard-deviation increase in skill update of Ag,

=1.62% [Ag,~ =1.95%)] (see Table 1) implies an extra annual inflow of roughly 13.3% [12.6%] of

fund net asset value. Of course, the relation is convex, and the same decrease in posterior skill
update implies an extra annual outflow of 5.87% [6.67%] of net asset value. All of the results are
quantitatively quite similar when using net fund flow as the dependent variable (column 5 of
Panels A and B)."

The results are robust to simplification of the regression specification. The coefficient

estimates for both skill update formulations (Panels A and B) for both gross and net flows

3 In column 5, 1 replace gross flow with net flow, by subtracting performance on both side of equation (8)
to obtain net flow in left hand side.
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(columns 1 and 2) indicate that the update on fund manager skill provides substantial explanatory
power for asset flow in and out of mutual funds.

From Table 3, we know that flow is convex in skill update in the way predicted by the
structural model of Berk and Green (2004). Prior empirical evidence, based on no specific
structural model, from Sirri and Tufano (1998) and Chevalier and Ellison (1997), for example,
suggests that flows are convex in performance. Thus, | test for whether the posterior skill update
continues to have explanatory power for flows when I also include recent return on the right-hand
side. The skill update depends on most recent return, though the correlation with that return is
imperfect for both measures of skill update (Table 1), so the question is whether the skill update
and recent return contain information not in the other. I use three different performance measures:
previous one-year raw return; previous one-year style-adjusted return; and previous one-year risk-
adjusted return.

Table 4 presents the results in four Panels differentiated by the flow measure, gross or net,
and the benchmark used in the skill update, style-based indices or the CAPM. In all cases, the
specifications include a quadratic in skill update and a quadratic in most recent return.* The
results in the table uniformly indicate that the quadratic in Bayesian skill update continues to have
significant explanatory power when measures of recent return are included in the specification. It
also is interesting that in several regression models recent return also has explanatory power.
Thus, both the Bayesian skill update and recent returns appear to contain information not
contained in the other, information that investors use to allocate assets across funds and managers.
One possible reason for the results is that there are nonstationarities in managerial “skill” because
of learning by doing or changes in technology and product markets, for example, so that the
Bayesian skill updates (equations (10) and (12), and also see equation (5)) underemphasize more
recent returns as an indicator of managerial skill. If this is the case, we would expect the
regression procedure to put additional weight on recent return over and above that associated with

the portion of skill that is represented by recent return.*

In Panel A and B, the dependent variable is net flow. In Panel C and D, the dependent variable is gross
flow, with prior update scaled by expense ratio. | run five model specifications. The first three columns are
associated with three performance measures. The last two columns put all performance measures together,
along with prior update and update square, with and without control variables.

5 To examine the robustness of these results, | adapt the Davidson and MacKinnon (1981) test to evaluate
the relative sufficiency of skill update versus fund performance, age, and risk in explaining fund flows.
The test addresses the question of whether the skill update does a better job than a linear combination of
fund performance, age and risk in explaining flows. The test neither rejects the flow-skill-update model in
favor of the flow-performance model, nor does it reject the flow-performance model in favor of the flow-
skill-update model. Again, both the Bayesian skill update and recent returns appear to contain information
not contained in the other. The results are available from the author.
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While results provide some evidence that investors act as Bayesians by updating their
beliefs about fund managers before making any investment decisions, some cautions should be
used in the interpretation. Past performance is still an important determinant for fund flows after
controlling for investors’ prior updates. As BG’s model indicates that investors” assets allocations
are solely based on their dynamic Bayesian beliefs, the model is not intended to be a full-fledged
model of investment decisions in the mutual fun industry. Nevertheless, the results clearly
suggest that some investors are making Bayesian inference and consequently, flows respond to
their posterior estimates. However, there might be some omitted factors for flows that are
correlated with past returns. Besides, investors can make different versions of Bayesian updates
according to their distinct educational backgrounds. Some may simply trade according to some
moving average of past returns, which coincides with the standard performance measure. Others
can adopt a little more complex algorithm, similar to what the model suggests. For example,
institutional investors might be more sophisticated than retailer investors, and therefore BG’s
model can better describe their investment decisions. To be able to test whether GB’s model
works better for a subset of investors requires the identity of the underlying ownership for each

fund, and this may be a direction for future research.

7. Do Fund Flows Cause Equilibrating Reversion in Fund Returns?

In Berk and Green (2004) good performance attracts new capital inflows which, in turn, put
downward pressure on subsequent fund return. However, to empirically establish the causal leap
of flows driving down future performance is difficult, if not possible. First of all, it is not clear
that the causality goes to one direction, but not the other. Less investment could well impose
some liquidity constrains or disincentives for managers. Secondly, the equilibrium result is less
likely to show up in the data instantaneously.’® Nevertheless, | pursue several approaches to
examine this issue. To address difficulties related to measurement error, | start to test the relation
between flow and performance by first sorting funds based on past performance and then on prior
flow. For both dimensions, | use quintiles and also perform the sorts in different performance and
flow measures. Aside from reducing measurement error, another advantage of this approach is
that it holds pre-inflow performance approximately constant and allows me to focus on future

performance change.

18 There are two assumptions on which Berk and Green (2004) relies on. First of all, investors update their
beliefs on future expected returns immediately. Second, investors react immediately by supplying or
withdrawing fund with perfect elasticity. Neither assumption is likely to be satisfied in reality. There are
also transaction costs when investors try to move in or out of some funds.

17



To be more specific, at the beginning of each year, | first sort funds into quintiles according
to their past 12-month performance. Then, within each performance quintile, I sort funds based
on same period net flow or the predicted equilibrating flow from Berk and Green’s model. That
leads to 25 portfolios, as well as the five 5 minus 1 portfolios that buy funds with most inflow,
and sell funds with least inflow. Those portfolios are held for the next 12 months for performance
evaluation until the reformation. The idea is that the more actual inflow or predicted inflow
(overflow), the worse (better) future performance should be, holding everything else equal. Post-
formation performance is measured either by benchmark-adjusted return (matched to the first
round sorting) or Fama-French 3-factor alpha. In Panel A (B), funds are first sorted by the style-
adjusted benchmark (risk-adjusted benchmark), and then by net flow, while in Panel C and D,
second sort is based on predicted flow from regression in column 5 of Table 3.

The double sorted results are displayed in Table 5. I find that, controlling for pre-inflows
performance, subsequent performance is negatively related to the degree of investment (net flow
or predicted flow from BG’s regression). For example, the benchmark-adjusted return spread
between top and bottom over-investment portfolios ranges from -0.08% to -0.17% per month.
The evidence is much stronger if return instead is adjusted for the Fama-French 3-factor model.
Nonetheless, not all of the return spreads is statistically significant from zero. Thus, at the
maximum, the results provide only modest support for the suggestion that flows and future
performance negatively related.

In contrast, as Table 8 indicates, in regressions of subsequent performance on flow,
controlling for previous return and Bayesian skill estimate, the estimated coefficient on flow is
negative and significant. 1 will discuss these regression results in the following section on
performance persistence. The conclusion, though, is that the regression results provide strong
evidence that previous inflows to (outflows from) a fund put downward (upward) pressure on
equilibrium, benchmark-adjusted, expected fund manager performance. It is this linkage that,
when combined with diseconomies of scale, would produce the size-based equilibrating
mechanism that is at the heart of Berk and Green (2004).

8. Is Fund Return Persistent in Previous Return or Posterior Skill?

Gruber (1996), Zheng (1999), and Wermers (2004) all find that money flows
disproportionately to funds with superior future returns. The exact source of this “smart money
effect,” however, remains elusive. Do investors allocate more money to better managers or are

investors just lucky? | address this question by examining the predictive power for future fund
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return of the Bayesian skill estimate generated through the model versus standard performance
measures.”’

| replicate the methodology employed in Carhart (1997) and Hendricks, Patel and
Zeckhauser (1993). At the beginning of each year, | form ten equal-weighted portfolios of mutual
funds sorted by the variable of interest, either return or posterior skill, maintain each portfolio for
the following 12 months, and then perform the same sort at the beginning of the next year. This
yields a time series of monthly returns on decile portfolios over 1991 to 2004. Funds that
disappear during the course of the year are included in the portfolio until they disappear, and then
portfolio weights are readjusted appropriately.

Panels A and B in Table 6 present returns for portfolios formed using lagged one-year
style-adjusted return and lagged one-year risk-adjusted return. The post-formation monthly
excess returns of the ten portfolios in both panels decrease (from best previous return to worst)
nearly monotonically in portfolio rank. For example, the difference between top and bottom
decile portfolios, ranked by the style-adjusted return, indicates a return spread of approximately
0.4% per month, or 5% per year. Results based on CAPM-adjusted return (Panel B) are similar in
magnitude, but neither spread is statistically significant at the 5% level.

| also examine the post-formation performance (alpha) using the Fama-French 3-factor
model and Carhart 4-factor model to measure out-of-sample return. Decile return differentials are
smaller for the Carhart alpha (0.10% to 0.20% per month) than for the FF alpha (0.42% to 0.62%
per month).*® Indeed, among the six top-versus-bottom decile comparisons based on prior returns,
only the two differentials for the FF 3-factor model are statistically significant. When the
momentum factor is included, the top-decile portfolio does not seem to earn a significantly higher
return than the bottom decile portfolio. This is consistent with Carhart (1997) in that individual
stock momentum can explain most of the cross-sectional dispersion among mutual fund
performance.

The results differ substantially when using the Bayesian posterior estimate of skill to

predict future performance. In Panels C and D of Table 6, | form portfolios at the beginning of

17 Baks, Metrick and Wachter (2001) conclude that, even when investors are initially quite skeptical about
the possibility of management skill, some active investment is appropriate. Their result confirms the
importance of using informed prior beliefs in a Bayesian method of performance evaluation from an
investor’s perspective. Pastor and Stambaugh (2002) find that incorporating a long time series of passive
asset returns using Bayesian methods produces estimates of fund performance that are more precise than
standard measures. Jones and Shanken (2002) develop a Bayesian framework to correct for cross-sectional
prior dependence and find that managers do indeed possess some skill in selecting stocks. Avramov and
Wermers (2004) show that a trading strategy based on persistence in manager skills appears to make
superior returns if transaction cost can be ignored.

18 Carhart (1997) finds a similar spread, over a different sample period, of approximately 3% annually
when adjusting for risk using his 4-factor model.
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each year based on lagged one-year investors’ posterior estimates of manager skills. Panel C
presents results using the skill estimate based on a size/value-growth index (¢ ). There is a

reasonably large spread between top and bottom portfolios for out-of-sample monthly excess
return (0.81% per month), Fama-French 3-factor alpha (0.78% per month), and Carhart 4-factor
alpha (0.60% per month). These differences are all economically and statistically significant, with

the respective t-statistics equal to 5.50, 8.10, and 7.77. The results in Panel D (for skill
estimate ¢, based on the CAPM risk adjustment) are similar, with subsequent alphas ranging

from 0.61% to 0.87% per month and t-statistics between 6.10 and 7.22. Although it appears that
there is low persistence in performance but that, in contrast, previously estimated posterior skill
has substantial power to explain mutual fund return over the following year. *°

One might argue that skill could appear to have predictive power for returns if the Fama-
French 3-factor model and Carhart 4-factor model do not measure risk correctly. If size, book-to-
market or momentum do not capture all relevant risks, a missing factor could show up as a non-
zero alpha. This potential explanation is not particularly compelling. For this sort of
misspecification to explain the results, the specification error would need to be asymmetric across
funds. There seems to be no obvious reason why such misspecification, if there is any, should
have a different influence on funds with high-skill managers versus funds with low-skill
managers. Moreover, during the ranking period, regardless of whether | adjust by style-based
indices or the one-factor model, the Bayesian update suffers less from measurement error because
it assigns only partial weight to recent performance. For risk-factor-model misspecification to
have a systematic influence, it must be the case that both models (BG model and either the Fama-
French 3-factor or Carhart 4-factor model) have captured the missing factor that varies in the
cross section in a similar and consistent way. This does not seem particularly plausible.

There is weak persistence in performance and strong predictive power for performance of
estimated posterior skill. Moreover, flow is sensitive both to investors’ posterior updates and, at
least to some extent, to past performance. Again, it is interesting to ask whether posterior skill
contains information that is not in the standard performance measures but still is useful in
forecasting fund return. To better isolate the predictive power of skill for performance, | examine
future returns based on conditional sorts on both previous skill and performance. Each year, | first

sort funds into quintiles based on their lagged one-year benchmark-adjust return and then, within

19 One possible reason for the difference in predictive power between returns and skill, at least based on the
Carhart alpha, may be that portfolios ranked by the Bayesian skill estimates are less likely to pick up short-
term momentum winners and, therefore, momentum profit will not contribute much to the performance
differences between top and bottom skill deciles.
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each performance quintile, | sort funds into quintiles based on either ¢ or ¢, . Panel A of Table
7 reports the Fama-French 3-factor alpha and Carhart 4-factor alpha for the resulting 25 portfolios,
as well as for five 5-1 portfolios that buy funds with high-skilled managers based on ¢, and short

funds with low-skilled managers within a given performance quintile. The cleanest measure of
whether skill measure contains information beyond performance measure is provided by the

portfolio denoted “Average”, which invests equally in the five 5-1 portfolios. | also rank funds
first by risk-adjusted return and then by ¢~ . The results are reported in Panel C.

The skill measures tend to contain information about future fund returns beyond that

contained in prior performance. Controlling for performance, the average difference between the
top and bottom quintile funds ranked by ¢ (¢ ) is around 0.30% (0.20%) per month. The return

differentials are significant in economic terms and often in statistical terms as well.
| also examine the marginal information about future returns contained in performance
measures beyond what is contained in the skill measures. To do so, | reverse the order of the

sorting procedure so as to sort first on skill estimate then by performance. The results are
displayed in Panel B using ¢ and in Panel D using ¢ . In both cases, the average 5-1 quintile

spread produced by performance ranking is positive, but always statistically insignificant. This
suggests that most of the information contained in performance is already embedded in the skill
estimate. It also explains the larger future return spread across skill quintiles than appears across
previous performance quintiles.

Of course, according to the workings of the BG model and Section 7 above, previous fund
flow also affects future performance. Thus, in order to isolate the effects of each of previous flow,
skill, and performance, | regress future performance on all three variables. Table 8 presents the
results from annual Fama-MacBeth regressions. Both estimates of skill have power to explain
future performance. The estimated coefficients are all positive with p<0.10 (p<0.05) in all eight
(five of eight) specification. In all four specifications the estimated coefficient on prior fund flow
is negative and significant (p<0.05). The coefficients suggest that one standard deviation increase
in fund flow decreases future performance over the next year by 7%, holding everything else
equal. Decomposing fund flow into predicted (by BG model) and residual components reduces
the statistical significance of the estimated coefficients on flow. The estimated coefficient on
prior return is positive but often insignificant with p>0.05 in seven of eight specifications.

To this point, | have presented some evidence that short-term cross-sectional variation in
future fund performance is associated with variation in skill and performance. Does this relation

persist beyond one year in the future? Using the same ranking procedure, | calculate the 3-factor
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alpha and 4-factor alpha of top and bottom decile portfolio in each of the subsequent one to six

years after the original formation. The results are plotted in Figure 3 (4) for portfolios ranked by
o, (¢). As is clearly seen in both figures, performance persistence conditional on manager

skills is mostly eliminated after one year. Talented managers do not consistently out-perform less-
talented managers over the long term.

Though Carhart (1997) also finds similar short-lived persistence, it is because a large
number of top-decile funds (based on past performance) revert to lower ranks. The story is quite
different here because skill rankings are very persistent (see Table 2). In my data, a top ranked
manager still has a chance of about 65% of remaining in the same top decile two years after the
initial ranking. High-skilled managers have a much larger asset base under management than their
peers, so the performance deterioration may be largely due to decreasing return to scale in
portfolio size. On the other hand, there is some evidence of persistence for funds with lower skill
estimates (see Figures 3 and 4, bottom decile portfolios). Perhaps it is because flows for the
worst-performing funds are relatively unresponsive to performance (as in Table 3 and 4 herein,
Sirri and Tufano (1998), and Berk and Xu (2005)).%

9. Posterior Manager Skill and Fund Characteristics
In this section, | depart from the BG model to examine the organization design question of

whether posterior skill is related to fund and manager characteristics. Table 9 presents average
fund characteristics for ten portfolios ranked by skill estimate ¢ (Panel A) and ¢ (Panel B). |

examine whether skill level and, therefore, any of the short-term persistence in mutual fund
returns is related to heterogeneity in the average characteristics of the mutual funds across skill
deciles portfolio.

Using ten portfolios formed in previous sections, in each year, | calculate a cross-sectional
average for each decile portfolio of fund size, fund age, management fee, expense ratio, turnover
ratio, load fees, actual 12b1 fees and affiliated family size. It seems that funds with highly-skilled
managers tend to be larger and older. This is consistent with the BG model as fund size or age can
be viewed as a noisy measure for manager talent. The cause could be survivorship bias or
learning by doing. The marginal compensation rate seems to be similar across all deciles.
Nonetheless, to get a sense of actual dollar amount compensation | multiply compensation rate

and fund size. It is obvious that skill and talent are highly rewarded in the mutual fund industry.

% |n BG’s model, long-term performance persistence (i.e. significant underperformance in one more than
one year) only occurs when investors do not fully respond to past performance (i.e. less withdraw of
capitals when fund performs so badly). As both papers suggests, shareholders in those worst-performing
funds may be those who have some constraints to transfer their money.
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Top-decile managers receive more than 12 times in management fees than bottom decile
managers. Funds with highly-skilled managers tend to stay in bigger families as skill ranking is
positively related to family size.

Managers in the top skill decile have a lower expense ratio than those in the bottom decile.
The difference is roughly 35 basic points. They also tend to trade less frequently than those with
low skills. Carhart (1997) suggests that expense and transaction costs explain most of the return
persistence based on past performance. However, this does not seem to be the case for
performance persistence based on manager skill. For example, in Panel A, the bottom portfolio
has annual expense and turnover ratios of 1.73% and 1.31, respectively. The top portfolio has
annual expense and turnover ratios of 1.35% and 1.04, respectively. Using the previously
reported estimate of round-trip transaction cost of 95 basis points,?* the difference in expense and
transaction costs in top and bottom portfolios can account for about one seventh of the 7% annual
4-factor alpha spread produced by model’s skill estimate. Therefore, expense and transaction
costs alone cannot explain the performance difference between talented and less talented
managers.

Investment objectives and style classifications are widely used in the mutual fund industry
to characterize differences between managers. These differences are associated with differences
in fund performance and managerial compensation. Grinblatt and Titman (1989, 1993) and
Daniel et al. (1997) find that that aggressive growth and growth fund managers have some ability
to general excess returns. Baker, Litov, Wachter and Wurgler (2004) examine the return
persistence around earnings announcement and find that funds that do better are more likely to be
growth funds than income funds. They attribute this result to the superior ability of managers in
growth funds doing information-based trading. There is also some evidence that the differences in
fund styles have power to explain differences in future fund performance. Both Daniel and
Titman (1997) and Chan, Chen and Lakonishok (2002) find that a fund’s portfolio characteristics
do a better job than risk factor loadings in predicting the fund’s future returns.

One potential explanation for the differences in performance and managerial compensation
across different fund styles is that managers in different fund styles have different productivities.
In other words, in a competitive labor market, managers with various skill levels are sorted into
funds where their skills are best matched to the nature of underlying portfolio. Per the underlying
forces in the standard agency problem, when a manager has a higher ability to shift the

distribution of profit to the right the compensation scheme should have more pay-performance

21 Carhart (1997), Avramov and Wermers (2004) and Pastor and Stambaugh (2002a, b) all estimate or
assume the round-trip trading cost of 1%.
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sensitivity. To test such explanation, | examine the distribution of estimated skill across fund
styles.

Based on the investment objectives, | first group equity funds into three groups: aggressive
growth, long-term growth and growth and income. Another classification of mutual fund style
that has drawn a lot of attention from academic and has become the industry norm in practice is

based on market capitalization and growth-value orientation. %2

Major fund trackers, like
Morningstar and Lipper, have been using size (defined by fund’s equity market value) and value-
growth (book-to-market value of equity) to identify a fund as a small cap fund, large cap fund,
value fund, growth fund, or a mix of any of those two dimensions. Chan, Chen and Lakonishok
(2002) confirm that size and book-to-market provide a useful description of fund styles and a size
and book-to-market adjusted benchmark can do as well as more elaborate style-classification
methods to predict out-of-sample future performance. Consistent with these results, Brown and
Goetzmann (1997) and Carhart (1997) show that factor loadings on size and value help account
for differences in mutual fund performance.

I first calculate, for each fund in each investment category, investors’ last-available
posterior estimate of manager skills (an annualized number by quarterly compounding the last
four posterior means). | then compute the cross-sectional average in each category. The summary
statistics are shown in Panel A of Table 10; and the ANOVA analysis for the difference in means
is presented in Panel B. Managers in aggressive growth funds possess the highest level of skill,
followed by long-term growth funds and then growth-income funds. The difference in skill
between growth fund managers and income fund managers is significant at better than the 5%
level. In most cases, for a fund with a particular style to have high skill managers, those
managers also receive more marginal compensation (percentage of NAV). Consistently, Deli
(2002) finds that growth fund advisors also receive higher marginal compensation rates than
income fund advisors. The results here suggest that in a competitive environment, funds with
assets for which skill matters more tend to have better managers and those managers receive

higher compensation rates for the higher marginal productivity they can deliver. The results also

22 | first use the Morningstar Equity Style Box. If the Morningstar style classification is missing, | then turn
to CRSP. CRSP has its own database to record the style of each fund. I use the Wiesenberger Fund Type
Code to identify funds existing prior to 1993 and ICDI Objective Code after 1993. | also check the S&P
Obijective Code and the main types of securities held when both Wiesenberger and ICDI codes are missing.
| also look through S&P Style Code, supplemented by any information provided by fund’s name, to
determine whether a fund is small cap, large cap, value or growth fund. Similarly, in Morningstar | also
identify the mixed types of the above four styles, namely small-growth, small-value, large-growth and
large-value. When both Wiesenberger and CRSP have data, the classifications almost always agree.
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