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the impact of various fund characteristics on the flow-performance relationship.
We then conduct an empirical analysis to test the model predictions.

Our model relies on two main assumptions regarding investor behavior. First,
investors learn about unobservable managerial ability from realized fund per-
formance. This assumption, common to most existing models of mutual fund
flows, implies that fund flows chase after past performance due to investors’
Bayesian updating process. Second, investors face participation costs when in-
vesting in mutual funds. We show that participation costs can lead to different
flow responses at different performance levels and can cause cross-sectional
variations in the flow-performance relationship.

The consideration of participation costs is plausible given the naivety of av-
erage investors and the dizzying array of funds from which they can choose, as
Capon, Fitzsimons, and Prince (1996) and Goetzmann and Peles (1997) demon-
strate.3 We examine two types of participation costs in this paper. The first type
of cost is related to the information cost of collecting and analyzing information
about a new fund before investing in it.4 We model the information cost as a
fixed cost faced by new investors. Although investors can freely observe past
performance of all funds, they have varied degrees of familiarity with differ-
ent funds. To make an informed choice, investors can either actively seek out
the relevant information about the fund or passively accumulate knowledge
as it comes to them through advertising or broker recommendations. These
two types of information gathering are complementary to each other: The more
funds expend in resources to lower information barriers, the less investors have
to bear the active cost. The second type of cost is related to the transaction cost
of purchasing or redeeming fund shares. We model the transaction cost as a
proportional cost that applies to both existing and new investors.

Participation costs affect fund flows through three channels. First, for a
given fund, there are cross-sectional differences in participation costs due to
investors’ various levels of financial sophistication. Because past performance
has to exceed a threshold value for an individual investor to realize a util-
ity gain from investigating and potentially investing in the fund, better past
performance attracts investors with higher costs to overcome their participa-
tion barriers. Hence, fund flows are increasingly more sensitive to higher past
performance. We use the term participation effect to account for this differ-
ential participation of new investors. Second, for an individual investor, the
cost of active information collection limits the number of funds he investigates.

3 According to the Investment Company Institute data, the number of stock mutual funds in the
United States increased from 399 in January 1984 to 4,601 in December 2003. Meanwhile, in 2001,
52% of households held assets in mutual funds, up from a mere 6% in 1980 (see, e.g., Hortaçsu and
Syverson (2004)).

4 The type of information we are concerned about may be regarded as “soft” information. It is
related to the familiarity of an investor with a fund, and is crucial for investors in making their
allocation decisions as it helps narrow the variance of their expectation of future fund returns.
In contrast, the cost of acquiring “hard” information, such as funds’ past performance, is minimal
given the vast amount of financial data publicly available.
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Since past performance provides a signal of managerial ability, the investor
considers both the ranking of past performance and his participation costs in
each fund when deciding which funds to learn more about. The higher his
participation costs, the fewer funds he investigates, and the more likely he
concentrates his investment in a few funds with superior past performance.
We denote this reliance on relative performance the individual winner-picking
effect. Third, transaction costs make it more costly for investors to trade in
mutual funds. As a result, investors do not purchase (sell) funds unless their
past performance is sufficiently good (bad). This no-trading effect makes flows
less sensitive to medium levels of performance for higher transaction-costs
funds.

Our theory suggests that funds with different participation costs should have
different sensitivities of flows to past performance. First, the participation ef-
fect is driven by the differential costs of individual investors, and the range
of these costs varies across funds. For example, the high profile of the Fi-
delity Magellan Fund lowers its information barrier so that most investors
can overcome their participation hurdles even if the fund has only mediocre
performance; therefore, its participation effect is stronger in the medium per-
formance range. In contrast, a small no-name fund’s information barrier is very
high, especially for unsophisticated investors; a superior past performance is
required before these investors will find it worthwhile to learn more about the
fund, and thus the participation effect for this fund is more significant in the
high performance range.

Second, the individual winner-picking effect is more pronounced for funds
with higher participation costs, since investors will only investigate and even-
tually invest in a few funds with superior performance within this group. For
lower-cost funds, investors can afford to study more of them and may discover
good investments even if the recent performance of these funds has not been
stellar. Therefore, their flows are more sensitive to medium performance. Fi-
nally, proportional transaction costs reduce trade in funds with medium per-
formance and in turn the flow sensitivity. This no-trading effect is stronger for
funds with larger transaction costs.

We carry out an empirical analysis to test these predictions. Although the
information costs for individual investors are not directly observable, we can
proxy for them using various fund characteristics that relate to fund visibility.
Specifically, we use marketing expenses and the affiliation with fund families
that have produced “star” funds to proxy for the variation in investors’ infor-
mation costs across funds, as these variables relate to the level of visibility
that funds enjoy. We also use the parent family size, measured by either the
value of assets under management or the diversity of fund categories offered, to
capture participation costs related to the economy of scale in distribution and
services that helps reduce participation barriers. Given that the overall level
of information costs has declined over time due to the maturing of the mutual
fund industry, we examine different time periods to investigate the effect of
the change in the overall cost level. Finally, to isolate the effect of transaction
costs, we compare flows to different share classes of the same fund because
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I. The Model

A. Model Setup

We consider a partial equilibrium model with a finite horizon of three dates,
t = 0, 1, 2. Investors allocate wealth between a risk-free bond and an array of
actively managed mutual funds. The return on the risk-free bond is normalized
to rf = 0 each period, and mutual fund i produces a risky return of rit at time
t = 1, 2 according to the process

rit = αi + εit . (1)

The term αi, which represents the unobservable ability of the manager of fund
i to deliver positive excess returns, is assumed to be constant over time for
each fund and independently and identically distributed (i.i.d.) across funds;
εit, which represents the idiosyncratic noise in the return of fund i, is i.i.d. both
over time and across funds with a normal distribution, that is,

εit ∼ N
(
0, σ 2

ε
)
. (2)

The return rit should be interpreted as the fund return in excess of a bench-
mark. Therefore, the assumption that both αi and εit are i.i.d. across funds
should be reasonable. This modeling technique, following both Berk and Green
(2004) and Lynch and Musto (2003), allows us to abstract away the common
component in fund returns and thereby focus on the differential ability across
fund managers.5

For each fund i, there are two types of investors, each with a different in-
formation set regarding the distribution of αi. Existing investors, indexed by e,
invest in fund i at time 0 and have a prior belief that managerial ability αi is
also normally distributed,

αi ∼ N
(
αi0, σ 2

0

)
. (3)

At time 1, the existing investors observe the first-period return (ri1) of fund i,
and then use Bayesian updating to derive the following posterior distribution
regarding managerial ability:

αi | ri1 ∼ N
(
αi1, σ 2

1

)
, (4)

where

αi1 = αi0 + σ 2
0

σ 2
0 + σ 2

ε
(ri1 − αi0) , σ 2

1 = σ 2
0 σ 2

ε

σ 2
0 + σ 2

ε
. (5)

5 As Lynch and Musto (2003) argue, investors may use index funds or index futures contracts to
hedge out their market exposure and isolate the return component attributable to the manager’s
ability.
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New investors, indexed by n, initially have coarser information about fund i
than existing investors. Specifically, although both types of investors believe
that the ability αi is normally distributed, existing investors know with cer-
tainty the expected ability level αi0 while new investors know only that αi0 is
drawn from a normal distribution,

αi0 ∼ N
(
μ0, σ 2

μ
)
. (6)

New investors can improve their information set by paying participation costs,
however. For simplicity, we assume that once new investors have incurred a
fixed participation cost, they acquire all the relevant information that existing
investors have and, in particular, they know αi0 for certain.

It is conceivable that the participation cost will vary both across investors
and across funds. We assume that it takes the form cki = δkc̄i for investor k
and fund i, where δk ∼ Unif[0, 1] captures the level of financial sophistication
across new investors,6 and c̄i reflects the variation across funds in the difficulty
with which investors narrow down the uninformative prior for αi0. Since the
uninformative prior is assumed to be identical across funds, the overall cost
of narrowing down a prior should be similar across all funds. However, this
overall cost can be shared by individual investors through active information
acquisition, and by the mutual fund through the improvement of its visibility
and the reduction of other information barriers for investors. Given the comple-
mentarity between the costs borne by the mutual fund and those incurred by
investors, the participation cost c̄i, which measures the maximum cost incurred
by investors for active information acquisition, is lower for funds with a higher
level of visibility and familiarity.

The investors’ costs correspond to any active information collection costs that
may help investors form an opinion about a particular fund. These may include
the cost of studying the fund prospectus, determining its Morningstar rating,
understanding its investment strategies, and seeking advice from friends and
financial advisors. This type of information is of the “soft” variety that helps
investors narrow the variance of their expectations. Although the costs of these
individual activities may not be significantly different across funds, the amount
of work that investors need to do before they can comfortably form an opinion
varies across funds. For example, given the high profile of the Fidelity Magellan
fund, investors need little additional information before they feel comfortable
investing in the fund. On the other hand, investors are generally much more
skeptical about a no-name fund, in which case they may require a lot more
additional information before they decide whether it is a good investment. We
note, however, that arriving at an informed expectation (reduction in σμ) is
different from forming a favorable opinion (higher αi0). Therefore, investors
will not automatically choose more familiar funds.

6 This distributional assumption is made for tractability. Other continuous distributions can also
be used without qualitatively affecting our results.
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The population mass is normalized to one for existing investors and λi for new
investors. All investors are assumed to have constant absolute risk aversion
(CARA) utility over their terminal wealth Wj2 at date t = 2:

E
[−e−γ W j 2

]
, j = e, n.

They have the same risk aversion coefficient γ and the same initial wealth W0
at time 0. Each investor is endowed with a stake Xi0 in fund i at time 0, where
Xi0 > 0 for an existing investor in fund i and Xi0 = 0 for a new investor to the
fund. At time 1, investors optimally allocate their wealth between the risk-free
asset and the mutual funds to maximize their terminal utility. Since our study
focuses on open-end mutual funds, we assume that investors are not allowed
to sell funds short.

In the following subsections, we first discuss the results from a setting in
which investors have no portfolio constraints, that is, they can freely borrow
to finance their purchases in as many funds as they wish. Then we introduce
portfolio constraints in a reduced-form specification to examine the role of par-
ticipation costs in the presence of competition for flows among funds.

B. The Benchmark Case: No Portfolio Constraints

Each investor has two decisions to make at t = 1. First, after observing the
first-period returns of all funds, he decides for each fund i that he does not own
whether or not to pay the participation cost cki to acquire full information about
αi0. Second, for all the funds he owns or for which he chooses to pay the cost, he
decides if and how much he will allocate to each one. If he chooses not to pay
the cost for a new fund, he makes no investment in it.

We solve for the optimal decisions backwards by first deriving the optimal
portfolio allocation given the participating decision, and then solving for the
participation decision itself. The following lemma indicates that the allocation
to fund i is identical between the existing and new investors.

LEMMA 1: At time t = 1, the optimal holdings of both existing investors and
participating new investors in fund i are

X e
i1 = X n

i1 ≡ X i1(ri1) =

⎧⎪⎨
⎪⎩

αi0

γ
(
2σ 2

0 + σ 2
ε
) + σ 2

0

γ σ 2
ε
(
2σ 2

0 + σ 2
ε
)ri1, ri1 ≥ ri

0, otherwise,

(7)

where ri = −αi0σ 2
ε /σ 2

0 .

The allocation to fund i depends only on the information related to fund
i, that is, it is independent of other funds. This independence result and the
fact that holdings are linear and increasing in past performance are common to
CARA-normal models with learning about managerial ability; see, for example,
Berk and Green (2004) and Lynch and Musto (2003). Investors increase their
holdings of the fund because a higher realized return leads to a higher posterior
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measured by the total net assets under management in the affiliated family,
which reflects the brand recognition and resources of the family; the fourth
proxy is the number of fund categories offered by the affiliated family, which
measures the breadth of offerings.

To get an overview of the impact of participation costs, we first compare the
flow-performance relationship for funds with different levels of participation
costs. In each quarter of our sample period, we separate all funds into two groups
according to their respective levels of the aforementioned characteristics. For
the star-affiliation measure, the groups are defined as whether or not the fund
is affiliated with a family that has produced other star funds. For all other
measures, we use the median level of the particular characteristic as the break
point for the two groups. Within each group, we rank fund returns into 10
bins based on their Carhart four-factor alphas estimated from equation (13).
We average the flows for all funds in each performance bin to obtain a flow-
performance relationship. The results are presented in Figure 4.

The first impression one obtains from the figure is that, for all four proxies,
funds with low participation costs (solid lines) attract more flows than funds
with high participation costs across the entire performance spectrum. This ef-
fect of participation costs on the level of flows is consistent with both our model
prediction and earlier empirical evidence, as documented in Sirri and Tufano
(1998), Jain and Wu (2000), Del Guercio and Tkac (2002b), Massa (2003), and
Nanda et al. (2004b). The only exception is that the non–star-affiliated funds do
not seem to attract lower flows when they achieve superior past performance
than do the star-affiliated funds. This is mainly because funds achieving this
level of performance are more likely to be stars than star-affiliated, and hence
attract more inflows by themselves.

Close inspection of Figure 4 reveals that, in Panel A, funds with high-
marketing expenses have a stronger flow-performance sensitivity in the
medium performance range than do their low-marketing-expenses counter-
parts, while in the high performance ranges, the slope for the low-marketing-
expenses funds is higher. Similar patterns obtain in all other panels as well.

Although the flow-performance relationships presented in Figure 4 are con-
sistent with our predictions, we need to interpret these observations with cau-
tion, as we have not controlled for other fund characteristics that also have
effects on fund flows. To provide more rigorous statistical evidence for our pre-
dictions, we carry out regression analyses in the following subsections using
the four proxies discussed above. Specifically, after controlling for other char-
acteristics known to affect fund flows, we expect to find a positive coefficient
β2 and a negative coefficient β3 in the regression (14).

A.1. Marketing Expenses

Using the total fee ratios in place of LPCi,t−1 in regression (14), we study
the effect of marketing expenses on flow sensitivity to performance in a mul-
tivariate regression analysis. The results are presented in Table II. Consistent
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Table IV
The Effects of Family Size on the Flow-Performance Relationship

This table examines the effect of family size, as measured by total assets or total number of in-
vestment categories under the management of the fund family, on the sensitivity of flow to past
performance. Each quarter a piecewise linear regression is performed by regressing quarterly flows
on funds’ fractional performance rankings over the low, medium, and high performance ranges, a
measure of the size of their parent families, and their interaction terms. The control variables
include aggregate flow into the fund objective category, volatility of monthly returns during the
performance measurement period, the logarithm of one plus fund age and its interaction with
performance, the logarithm of lagged fund size, and lagged total fee ratio. Time-series average
coefficients and the Fama–MacBeth t-statistics (in parentheses) calculated with Newey–West ro-
bust standard errors are reported. ∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% level,
respectively.

Family Size Proxy Log [Family Assets] Diversity Dummy

Performance Measured by Raw Return Four-Factor Alpha Raw Return Four-Factor Alpha

Intercept −0.020∗∗ −0.001 0.002 0.009
(−2.32) (−0.07) (0.24) (1.27)

Category Flow 0.605∗∗∗ 0.272∗∗∗ 0.667∗∗∗ 0.358∗∗∗
(6.76) (3.35) (7.79) (5.09)

Low 0.240∗∗∗ 0.121∗∗∗ 0.161∗∗∗ 0.103∗∗∗
(6.23) (4.27) (8.76) (5.78)

Low ∗ Family Size −0.013∗ −0.005 −0.011 −0.017
(−1.91) (−0.93) (−0.43) (−0.79)

Mid 0.105∗∗∗ 0.056∗∗∗ 0.123∗∗∗ 0.072∗∗∗
(9.41) (5.85) (14.11) (10.27)

Mid ∗ Family Size 0.004∗∗∗ 0.004∗∗∗ 0.013∗∗ 0.017∗∗∗
(3.94) (3.49) (2.13) (3.63)

High 0.394∗∗∗ 0.368∗∗∗ 0.380∗∗∗ 0.265∗∗∗
(9.01) (8.28) (15.47) (12.76)

High ∗ Family Size −0.006 −0.023∗∗∗ −0.054∗ −0.083∗∗∗
(−0.85) (−3.54) (−1.80) (−3.69)

Family Size 0.004∗∗∗ 0.002∗∗ 0.004 0.004
(3.33) (2.63) (0.96) (1.12)

Volatility −0.260∗∗∗ −0.108 −0.295∗∗∗ −0.166∗
(−2.97) (−1.21) (−3.35) (−1.93)

Age −0.009∗∗∗ −0.011∗∗∗ −0.010∗∗∗ −0.011∗∗∗
(−5.63) (−9.06) (−6.68) (−8.80)

Age ∗ Performance −0.025∗∗∗ −0.006∗∗∗ −0.023∗∗∗ −0.007∗∗∗
(−10.68) (−3.07) (−10.11) (−3.53)

Size −0.003∗∗∗ −0.003∗∗∗ −0.002∗∗∗ −0.001∗∗∗
(−5.47) (−4.66) (−4.30) (−2.91)

Total Fees −0.063 0.039 −0.076 0.043
(−0.74) (0.56) (−0.86) (0.60)

product (an S&P 500 index fund), those that are part of a family that offers a
variety of other types of funds attract significantly more cash flows. To examine
the effect of this type of reduction in participation costs for investors, we use
the number of CDA investment objectives offered by the parent family as our
second measure of family affiliation.21 Because of the clustering nature of such a

21 When constructing this measure, we examine all types of funds managed by a fund family
rather than restricting the analysis to the sample of equity funds.
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measure, we employ a binary dummy that takes the value of one if the measure
is above the median among all families, and zero otherwise.

These results are also reported in Table IV. On average, funds in families with
diverse offerings see their flow sensitivities to mid-range performance increase
by about 10%, from 0.123 to 0.136, when the performance is measured by the
rank of returns (or by about 25%, from 0.072 to 0.089, when the performance is
measured on a risk-adjusted basis). The sensitivity of flows to top-tier perfor-
mance tends to be lower for these funds. This is consistent with the hypothesis
that diversity of offerings helps reduce participation costs.

A.4. The Combination of Various Proxies

The analysis so far focuses on individual variables that proxy for different
aspects of information costs. It is possible that some of these variables may be
correlated with each other and hence affect our interpretation of their respective
effects. In Table V, we report the time-series averages of the cross-sectional
correlation coefficients of these proxies, f low, and performance. The table shows
that larger fund families tend to charge lower fees, produce more star funds,
and offer a wider range of funds. It is, therefore, useful to examine the joint
effect of these variables in a multiproxy regression analysis. The results of
this analysis are presented in Table VI, where, due to space limitations, we
only report the slope coefficients for different levels of performance, measured
by the Carhart four-factor alpha, and their interaction terms with proxies for
participation costs.

Table V
Correlation Matrix among Proxies for Information Costs

This table presents the correlation matrix among proxies for information costs, f low, and perfor-
mance. “Performance” is measured as the Carhart four-factor alphas during the previous 36 months;
“Total Fees” is the expense ratio plus one-seventh front-end loads; “Distribution Expenses” is mea-
sured as 12b-1 fees plus one-seventh front-end loads; “Star Affiliation” is a dummy variable that is
one if the fund is affiliated with a star-producing family, where a star fund is designated by mim-
icking the Morningstar classification; “Family Assets” measures the logarithm of total net assets
managed by the affiliated family; and “Diversity” is a dummy variable that is one if the number
of different fund categories offered by the affiliated family is larger than the medium number for
all families, and zero otherwise. The correlations reported are time-series averages of the Pearson
correlations calculated each quarter.

Total Distribution Star Family
Performance Flow Fees Expenses Affiliation Assets Diversity

Performance 1.00
Flow 0.22 1.00
Total Fees −0.12 0.00 1.00
Distribution Expenses −0.01 −0.01 0.59 1.00
Star Affiliation −0.01 0.00 −0.04 0.06 1.00
Family Assets 0.15 0.05 −0.17 0.17 0.39 1.00
Diversity 0.03 0.01 0.01 0.21 0.28 0.59 1.00
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Table VI
The Joint Effect of Proxies for Information Costs on the

Flow-Performance Relationship
This table examines the combined effect of all proxies for lower information costs, as measured by
total fee ratio, star family dummy, logarithm of total net assets managed by the affiliated family, and
the diversity of its fund offerings dummy. Each quarter a piecewise linear regression is performed
by regressing flows on funds’ fractional performance rankings over the low, medium, and high per-
formance ranges, proxies of information costs, and their interaction terms. The control variables
include aggregate flow into the fund objective category, volatility of performance, the logarithm of
one plus fund age and its interaction with performance, the logarithm of lagged fund size, and lagged
total fee ratio. To save space, only the time-series average coefficients on performance rankings and
their interaction terms with proxies of information costs and their corresponding Fama–MacBeth
t-statistics (in parentheses) calculated with Newey–West robust standard errors are reported.
∗, ∗∗, and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively.

Proxy for Lower Information Costs (1) (2) (3) (4)

Low 0.135∗∗∗ 0.150∗∗∗ 0.135∗∗∗ 0.138∗∗∗
(5.66) (3.13) (4.82) (2.83)

Low ∗ Total Fees −0.756 −0.859 −0.732 −0.723
(−0.69) (−0.75) (−0.64) (−0.60)

Low ∗ Star Affiliation 0.048 0.033 0.045 0.020
(0.41) (0.30) (0.37) (0.19)

Low ∗ Family Assets 0.000 0.001
(−0.03) (0.07)

Low ∗ Diversity 0.005 0.011
(0.22) (0.43)

Mid 0.059∗∗∗ 0.045∗∗∗ 0.055∗∗∗ 0.047∗∗∗
(5.51) (3.81) (5.07) (3.76)

Mid ∗ Total Fees 1.261∗∗∗ 1.259∗∗∗ 1.188∗∗∗ 1.225∗∗∗
(3.54) (3.52) (3.35) (3.46)

Mid ∗ Star Affiliation 0.017∗∗∗ 0.013∗ 0.013∗∗ 0.014∗∗
(2.84) (1.93) (2.17) (2.06)

Mid ∗ Family Assets 0.003∗∗ 0.002
(2.07) (1.23)

Mid ∗ Diversity 0.011∗∗ 0.006
(2.62) (1.12)

High 0.197∗∗∗ 0.336∗∗∗ 0.241∗∗∗ 0.300∗∗∗
(4.97) (5.93) (5.97) (4.81)

High ∗ Total Fees −4.883∗∗ −4.840∗∗ −4.001∗∗ −3.860∗
(−2.51) (−2.49) (−2.00) (−1.99)

High ∗ Star Affiliation 0.014 0.051 0.045 0.052
(0.41) (1.48) (1.28) (1.49)

High ∗ Family Assets −0.019∗∗∗ −0.009
(−2.77) (−0.91)

High ∗ Diversity −0.094∗∗∗ −0.062∗
(−4.41) (−1.95)

Column 1 of Table VI reports the results with both marketing expenses and
star family affiliation. The patterns that we observe with these variables in-
dividually in Tables II and III are preserved. This is not surprising, given the
low correlation between these two variables. In particular, the interaction terms



1302 The Journal of Finance

between medium performance and these two variables are both very significant,
implying that these two variables capture complementary ways of reducing a
fund’s information barriers to investors, one through spotlighting the fund it-
self and the other through the spillover effect from the attention paid to a star
fund in the same family.

When we add an additional variable, family assets, to column 2 of our re-
gression model, we observe that the variable total fees maintains its own effect
as expected. The individual effects of star affiliation and family size are also
statistically significant, although their magnitudes are weakened somewhat
due to the positive correlation between them. The same pattern persists when
we replace the family assets variable with the diversity of offerings variable,
as shown in column 3. Because of the relatively high correlation between these
two variables, their joint presence in the regression diminishes their statistical
significance, as demonstrated in column 4, although both have the correct sign.
Overall, these results are consistent with our earlier findings with individual
proxies.

B. The Effect of Time-Varying Information Costs

Another way to examine the effect of participation costs is to compare the
flow-performance relationship over time. It can be argued that the overall level
of participation costs for investors has declined over time, due either to the
effort of mutual funds to reduce information barriers in the face of increasing
competition by educating investors and raising their own visibility, or to the
increasingly easy access to financial information provided by technological ad-
vances. Therefore, we should expect a different shape of the flow-performance
relationship in the 1980s versus the 1990s. The results of such an analysis, il-
lustrated in Table VII, show that in the 1990s, flows become significantly more
sensitive in the low and medium performance ranges than they were in the
1980s, while there is no notable difference in the sensitivity of flows to high
performance levels across these two periods. This finding is in accordance with
our expectation that fund flows should be more responsive to performance in
the medium performance range when the general level of participation costs
is lower (as in the 1990s) than when the general cost level is high (as in the
1980s), leading to an overall less convex flow-performance relationship.

This difference across time periods may also explain the discrepancy between
our results and those of Sirri and Tufano (1998). Using data from 1971 to 1990,
they assert that only the interaction term between marketing expenses and
top-tier performance is significantly positive. As we illustrate in the discussion
following Figure 1, if both the higher- and lower-cost groups of funds all have
high absolute levels of costs (which was likely true in the 1970s), the higher-cost
funds will have lower flow sensitivities in the high performance range, resem-
bling the comparison between the dot-dashed and dashed lines in Figure 1.
Therefore, the empirical finding of Sirri and Tufano (1998) is in fact consistent
with our model prediction. On the other hand, in our sample period, especially
in the 1990s, lower-cost funds such as the Fidelity Magellan Fund may have
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participation costs across funds affect flows in various performance ranges
differently. For example, at medium levels of performance, funds with low par-
ticipation costs may attract more investors and enjoy a more sensitive flow-
performance relationship than their high-cost peers. High-participation-cost
funds, on the other hand, have a more sensitive flow response to their perfor-
mance than their low-cost counterparts in the high performance range. We show
that this result is robust even with portfolio constraints that lead investors to
exhibit winner-picking behavior. Using fund characteristics as proxies for par-
ticipation costs, our empirical analysis supports the model predictions.

The results add to our understanding of the behavior of investors when in-
vesting in mutual funds and show that the asymmetric response of fund flows to
past performance is consistent with individual optimization. Our findings also
have important implications for the literature regarding fund managers’ risk-
taking incentives, because, given mutual funds’ compensation structure, the
asymmetric sensitivity of flows to performance yields an implicit call-option-
like payoff for fund managers.23 Our paper suggests a new vantage point for
examining this issue by highlighting the effect of participation costs on the
flow-performance relationship.

Appendix A: Proofs

Proof of Lemmas 1 and 4: Let P be the set of funds that an investor chooses
to participate in and Xi0 be his initial holdings. The investor maximizes the
following utility function at time t = 1:

JP ≡ max
{X i1≥0,i∈P}

E
[−e−γ W2

]
s.t. W2(X i0, X i1) = W1 +

∑
i∈P

[X i1ri2 − (X i1 − (1 + ri1)X i0)ρi(X i1)],

(A1)

where

ri2 = αi1 + εi2, ρi(X i1) =

⎧⎪⎨
⎪⎩

ρ+, if X i1 > (1 + ri1)X i0;

0, if X i1 = (1 + ri1)X i0;

−ρ−, if X i1 < (1 + ri1)X i0.

Solving the first-order conditions yields the optimal holding Xi1 in fund i:

X i1(ri1) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

X i1,+(ri1) ≡ αi1(ri1) − ρ+
γ
(
σ 2

1 + σ 2
ε
) , if X i1 > (1 + ri1)X i0;

(1 + ri1)X i0, if X i1 = (1 + ri1)X i0;

X i1,−(ri1) ≡ αi1(ri1) + ρ−
γ
(
σ 2

1 + σ 2
ε
) , if X i1 < (1 + ri1)X i0.

23 The theoretical papers on managers’ incentives include Carpenter (2000), Dybvig, Farnsworth,
and Carpenter (2003), Grinblatt and Titman (1989), Ross (2004), and Starks (1987). The empirical
literature includes Brown, Harlow, and Starks (1996), Busse (2001), Chen and Pennacchi (2002),
Chevalier and Ellison (1997), Del Guercio and Tkac (2002a), and Golec and Starks (2004).
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Let r̄i+, r̄i−, and ri solve the boundary conditions

⎧⎪⎨
⎪⎩

X i1,+(r̄i+) = (1 + r̄i+)X i0,

X i1,−(r̄i−) = (1 + r̄i−)X i0,

X i1,−(ri) = 0.

The first two boundary conditions separate the purchasing, no trade, and re-
demption regions in the return space. The last condition is the short-selling
constraint. Plugging in the definitions of αi1(ri1) and σ 1 from equation (5), we
can derive the optimal holding in Lemma 4 with the following bounds that
separate all the cases:

ri+ ≡ ρ+
(
σ 2

0 + σ 2
ε
)

σ 2
0 − γ X i0σ 2

ε
(
2σ 2

0 + σ 2
ε
) − σ 2

ε
(
αi0 − γ X i0

(
2σ 2

0 + σ 2
ε
))

σ 2
0 − γ X i0σ 2

ε
(
2σ 2

0 + σ 2
ε
) ,

ri− ≡ − ρ−
(
σ 2

0 + σ 2
ε
)

σ 2
0 − γ X i0σ 2

ε
(
2σ 2

0 + σ 2
ε
) − σ 2

ε
(
αi0 − γ X i0

(
2σ 2

0 + σ 2
ε
))

σ 2
0 − γ X i0σ 2

ε
(
2σ 2

0 + σ 2
ε
) ,

ri ≡ −ρ−
(
σ 2

0 + σ 2
ε
)

σ 2
0

− αi0σ 2
ε

σ 2
0

.

Since a new investor in a fund has an initial holding of Xi0 = 0, and his infor-
mation set is identical to that of an existing investor, the optimal holding for a
new investor is a simple application of the general result. This concludes the
proof for Lemma 4.

Lemma 1 is a special case of Lemma 4 in which ρ+ = ρ− = 0. In particular, the
top three cases collapse to one case since ri+ = ri−, X i1,+ = X i1,−. The condition
for the short-selling constraint reduces to ri = − αi0σ 2

ε
σ 2

0
. Q.E.D.

Proof of Lemma 2: We solve for the optimal participation in two steps: (i) We
start with no participation in any fund and consider the sequential participation
decision one fund at a time, and (ii) we show that the participation decision for
each fund is independent of the rest of the funds and hence the sequential
solution is equivalent to the optimal solution.

Let P be the set of all funds that the investor has chosen to participate in, and
JP be the value function in equation (A1). Consider the decision to participate
in a new fund j /∈P. If the investor chooses to pay the cost ckj to learn the
posterior ability αj1, his value function conditional on αj1 can be written as

JP∪{ j }|α j 1 = max
{X i1≥0,i∈P∪{ j }}

E
[−e−γ W2 |α j 1

]

≡
(

max
{X i1≥0,i∈P}

E
[−e−γ W2

]) ×
(

max
X j 1≥0

E
[
e−γ [−ckj +X j 1r j 2]|α j 1

])

= JP × e−γ ( ĝ (α j 1) − ckj ),
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The second term in the expression represents the fraction of investors
investing in funds better than j∗.

– Step 5d: If j∗ = 1, go to Step 6. Otherwise, reset S = {s1, . . . , sj ∗−1} and
repeat Step 5c.

Step 6: Update the fund flows from new investors:

Fsj = Fsj + βsj X n
sj 1, j = 1, . . . , n,

where X n
sj 1 is defined in equation (7) for fund sj as a function of αsj 0 and

rsj 1.
Step 7: Repeat Steps 4–6 for desired number of simulations, say 1,000 times,

to yield realistic flows for a given fund return realization.
Step 8: Repeat Steps 2–7 for desired number of simulations, say 100 times,

to yield flow-performance rank relationship for different return realiza-
tions. Average fund flows for the same performance rank over different
simulations.
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