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Abstract

Mutual funds sold via brokers offer fund portfolios that investors can purchase in one of
three classes: A, B or C. These classes are distinguished only by their fee schedules and thus
have different net performance results. An analysis of relative class performances for a set of
U.S mutual funds between 1992 and 2008 reveals a striking fact about class B: while classes
A and C provide the best performance results at long and short holding periods, respectively,
class B is dominated by either class A or C at both investment horizons. The inferiority yet pop-
ularity of class B at first suggests that naive investors who do not understand the fee schedule
of this class are being exploited. However, I propose two hypothetical clienteles which might
rationally demand class B shares: one (a) with uncertain holding periods, or one (b) that desires
to have long holding periods but is unable to commit to them. I identify whether investors
rationally or naively purchase class B by examining the flow-fee sensitivity, estimating the hold-
ing periods, and evaluating the responsiveness of inflows and outflows to past performance.
My results support the naive investor explanation. Brokers seem to use class B to exploit naive

investors.
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1 Introduction

Some mutual fund companies distribute their shares to retail investors through brokers who mar-
ket funds and provide advisory services to investors. These funds offer claims to their portfolios
through a menu of fee schedules. Each fee schedule corresponds to a distinct “class” of share,
typically named A, B, or C. All investors earn the same gross returns, but each class receives differ-
ent returns net of fees. The multiple class structure gives investors several payment options, but
it also complicates their decisions. Industry commentators and regulatory bodies have recently
expressed concerns that the complexity of class B schedules confuses some investors and may be
used by brokers to shroud their high expenses.! Their arguments are generally based on the casual
observation that there are limited, if any, circumstances under which class B is preferable to classes
A or C, which are suitable for investors with long and short holding periods, respectively. Thus, it
is puzzling why class B has been quite popular among investors until recently.?

In this paper, I investigate how different investor clienteles select into classes A, B, or C. Par-
ticularly, I ask whether class B attracts rational investors, who are better off with it for reasons
that are not immediately apparent, or naive investors, who are unable to assess the fund expenses
correctly. In spite of the debate about class B in the marketplace and the growing academic inter-
est in understanding the costs and benefits of mutual fund brokers (for example, Bergstresser et al.
[2009], Christoffersen et al. [2010], Del Guercio et al. [2010]), only a few papers (for example, Nanda
et al. [2009]) have studied fee schedules of broker-sold mutual funds. None of these studies have
yet investigated whether mutual fund brokers exploit naive investors through their fee schedules.
My paper aims to fill this gap, providing substantive examination of an important policy question
with implications for public welfare.

Fee schedules for classes A, B and C can be summarized as follows. Class A represents the
traditional method of payment. This class includes an annual fee and a “front load”, a sales charge
deducted when the investor makes his purchase. Classes B and C were initiated in the mid 1990s
to offer clients alternative payment options. Class B offers a schedule with several features. The
most prominent one allows investors to delay sales charges through a “back-end load” payable
upon redemptions, typically within the first six years. Also, this class imposes higher annual fees.
Class C varies, however it generally has no loads but an annual fee equivalent to that of class B.

I begin my analysis by first establishing performance differences across classes: (a) classes A
and C are consistently optimal for investors with long (seven years or more) and short holding
periods, respectively, and (b) class B is almost always dominated by either class A or C for an
investor who knows his investment horizon with certainty. Based on those results, I suggest that

1E.g., Financial Industry Regulatory Authority (FINRA) Investor Alert, “Class B Mutual Fund Shares: Do the Make
the Grade?”, October 11, 2008. http:/ /www.finra.org/investors/protectyourself/investoralerts /mutualfunds /p005975.

2Figure 1 shows the year-end total net assets, in billions, managed in each class A, B and C for funds in my sample
between 1995 and 2008. The sample includes diversified U.S equtiy mutual funds which offer classes A, B and C. Until
2003, class B constitutes a substantial fraction of total fund assets such as 35-40 percent. The total value of assets in class
B amount to $92 and $128 billion in 1999 and 2003 billion, respectively. However, in the later period, assets in class B
decline, for example, to $57 billion in 2007, making only about 16 percent of total fund assets.



rational investors with long and short holding periods select into classes A and C, respectively.
To explain why investors might purchase class B in spite of its domination by the other classes,
I develop three hypotheses. My first two hypotheses provide rational justifications of investor
behavior, while the final hypothesis poses that brokers exploit the mistakes of naive investors.

The first hypothesis indicates that class B is optimal for investors who consider holding shares
for both long and short periods. This follows from my finding that this class frequently performs
second best at each holding period while the other classes have either the best or worst perfor-
mance. Therefore, investors with uncertainty in their investment horizon would demand class B.
The second hypothesis suggests that investors who are willing to but unable to commit to a long
investment horizon choose class B. These investors prefer class B to class A even though they are
aware of its inferiority because they value the back-end load as a commitment device. My final hy-
pothesis proposes investor naiveté as the source of demand. Based on Ellison and Ellison [2009],
this hypothesis argues that exploitation may have resulted from the increasing competitive pres-
sure on brokers due to new developments in fund distribution methods during the last decade.
Therefore, the fee structure might be intentionally chosen or used by brokers to exploit investors
who are known to be “too” averse to front loads and inattentive to annual fees.

The second part of my analysis offers three tests to distinguish between rational and naive in-
vestor behavior. First, I directly test whether class B fund flows are sensitive to fees or not, as sug-
gested by rational and naive investor hypotheses, respectively, after controlling for fund attributes
that matter for investors. I test my hypotheses on the differences in the estimated coefficient of
fund flows on fees across classes because of a potential upward bias in the fee coefficients due to
unobservable fund attributes (for example, quality of customer services). Since attributes are spe-
cific to the fund rather than to the class, biases cancel out when I take the differences. If investors
rationally purchase class B, like they do classes A and C, I expect no differences between the fee co-
efficients across classes. However, if it is the naive investors who demand class B without realizing
its expenses, I expect that fund flows are less sensitive to fees for class B only. Second, I develop a
model to estimate investors” holding periods. Under the presumption that ex-post holding periods
are consistent with ex-ante ones, I examine whether holding periods of class B investors are consis-
tent with the uncertain holding period hypothesis. More specifically, this hypothesis predicts that
class B investors hold their shares for less (greater) than seven years more often than class A (C)
and less often than class C (A) investors. Also, I test if back-end loads impede redemptions during
the holding periods in which a back-end load is imposed, as predicted by the commitment device
hypothesis.

Finally, I aim to identify naive and rational behavior by investigating investors” responsive-
ness to past fund performance. I expect an investor’s sophistication in understanding fees to be
correlated with his sophistication in using the information on past fund performance. I examine
buy and sell decisions separately. The literature finds persistence in performance primarily for
poor performing funds®. Therefore, I predict that rational investors are sensitive to poor perfor-

3For example, Carhart [1997], Brown and Goetzmann [1995].



mance, though possibly less sensitive if they have long holding periods. Given the opposite views
on whether rational investors should purchase funds with good performance even if such perfor-
mance does not persist, I do not form a priori predictions for what the relationship between inflow
and past performance should be.*

The findings of this paper support the naive investor hypothesis. I find that class B flows are
significantly less sensitive to fees, while there are no differences between flow-fee sensitivities of
classes A and C. Also, class B investors have holding periods that are inconsistent with both ratio-
nal hypotheses. Contrary to the uncertain holding period hypothesis, they are in fact less (more)
likely to redeem their shares in the short (long) term compared to the other classes of investors.
Moreover, they tend to leave the fund frequently during the holding periods in which a back-end
load applies. Finally, my last analysis provides further evidence of the naiveté of class B investors
by documenting two findings. Compared to the other classes, class B investors are less likely to
sell after negative returns. While investors with longer holding periods might reasonably be less
responsive to negative returns, it is hard to justify why class B investors would be less likely to sell
than class A investors under any of my rational hypotheses. Also, class B investors purchase funds
with good performance in the last year only in contrast to class A and C investors who require a
good performance record in the past few years. Investors in all classes might in fact be mistakenly
buying good performing funds, as they are unlikely to be persistent. However, I interpret the track
record evaluation of class A and C investors as more consistent with a rational Bayesian learning
behavior.

I conduct my analyses using the Center for Research in Security and Prices Survivorship-
Bias-Free U.S. Mutual Fund Database (CRSP) matched with the Mutual Fund Links (MF Links)
database. The CRSP data includes information on the history of fees, returns, total net assets and
other fund characteristics. The MF Links data allows me to identify different classes of the same
fund. I do not observe the inflows and outflows in the data, therefore I approximate the annual
fund inflow (outflow) by the sum of monthly positive (negative) net flow in a given year.

In the past few years, following investor complaints, the National Association of Securities
Dealers (NASD) has charged several brokerage firms with class B sales abuses.’ Shortly there-
after, a number of fund companies closed their class Bs (either completely or to new investors)®, or
imposed restrictions on brokers’ sales in this class.” One question is whether regulatory risk and
informal restrictions engender inefficiencies by leading to the disappearance of a useful product
that benefits some investors, or whether such a risk and restrictions protect naive investors and

thus improve public welfare. My findings suggest the former to be unlikely; however, I do not

4Gee Berk and Green [2004] for an overview.

5For more information: “Investors Beware: The Problem with Class B shares”, September 28, 2010 (sponsored by the
Hayes law firm). http:/ /www.aboutbrokerfraud.com/b_shares/.

®For example, the number of class Bs in my sample declines to 571 in 2008 from 807 in 2005. Furthermore, among
the existing ones, about 100 of them close to the new investors during this period.

"Referred to as “bright line” restrictions, these restrictions, for example, forbid brokers to sell class B to investors
with investments above $50,000 if the fund offers a class A which reduces the front loads for high investment amounts
(Morningstar [2006]).



analyze the consequences of redistribution from naive investors to brokers (or fund companies) in
the case of exploitation. While exploitation is likely to be a socially undesirable outcome, welfare
implications might critically depend on how brokers use the proceeds, whether to maximize per-
sonal utilities, to increase the quality of customer services, or something else. I leave this question
for future research.

My research complements the experimental studies which show that households commonly
make mistakes in minimizing fund expenses (for example, Choi et al. [2010]). Also, it contributes
to the literature on how rational firms strategically set their fees in the presence of naive individ-
uals (for example, DellaVigna and Malmendier [2004], Gabaix and Laibson [2006], Carlin [2009],
Ellison and Wolitzky [2009], Christoffersen and Musto [2002]) by providing evidence from the mu-
tual fund industry. As in DellaVigna and Malmendier [2006], this paper asserts that imposing
the rational expectations hypothesis on observed choice data might lead us to infer preferences
incorrectly.

Section 2 provides background information. Section 3 describes the data. Section 4 documents
new findings on classes A, B and C. Section 5 discusses the hypotheses. Section 6 presents the
empirical analysis. Section 7 details robustness checks. Section 8 concludes.

2 Background Information®

2.1 Evolution of Fund Distribution

Mutual funds traditionally distributed shares to investors through two channels. Funds sold either
through (full-service) brokers’ who helped with marketing and advised investors, (advice channel)
or directly to investors with no advisory services (direct channel). All funds, irrespective of their
distribution channels, charged annual fees called “expense ratios”. To cover the advisory services,
the advice channel funds imposed higher annual fees and a sales charge called a “front load”,
which investors paid when they purchase their shares. Commonly, funds in advice and direct
channels are referred to as load and no-load funds, respectively, in the marketplace.

In the 1990s, alternative distribution methods, which provided retail investors cheaper access
to funds, gained importance. The most dramatic change has been the rapid growth of the “re-
tirement” channel due to the increasing popularity of employer-sponsored pension plans. Retire-
ment assets as a share of total mutual fund assets, for example, increased from 19 percent in 1990
to 35 percent in 1999. In addition, fund companies and fund distributors expanded distribution
channels beyond the traditional direct and advice channels. Among these, fund “supermarkets”
attracted several investors by offering the convenience of purchasing no-load funds from a num-
ber of fund families at low costs.l? Other nontraditional channels, which include independent

8Information in this section is obtained from papers published by the Investment Company Institute (Reid [2000],
and Rea and Reid [2003]), Fabozzi [2002] and Morningstar [2006]. More detailed information on fund distribution
industry is included in the appendix.

9For example, American Express Financial Advisors, Fenner & Smith, McLaughlin, Piven, Vogel Securities, Inc.

105chwab, introduced in 1992, is the first mutual fund supermarket.



financial advisors, mutual fund wrap programs, banks and variable annuities, are also becoming
increasingly popular. Similar to traditional advice channel brokers, independent financial advisors
also offer advisory services, but these charge an asset- based fee instead of a load for their services.

As demand was shifting toward these new channels, the traditional advice channel initiated
new sales strategies following the adoption of Rule 18f-3 by the Securities and Exchange Com-
mission (SEC) in 1995. This rule simply allowed brokers (and fund companies) to offer multiple
“classes” of the same product in which each class would be defined as a claim on the same un-
derlying fund portfolio with a different fee schedule. Shortly thereafter, traditional advice channel
funds introduced alternatives to the front load through new schedules. Later on, other funds also
started to offer multiple classes, generally a distinct one for their institutional clients, employer-
sponsored pension plans, and retail sales.

The introduction of new classes perhaps helped brokers resist increasing competition in fund
distribution, but they could not preserve their market shares. Among the long-term funds that are
sold through a third party, the share of the traditional advice channel has declined from 59 percent
in 1990 to 35 percent in 1999.1! Also, a recent analysis by the Financial Research Corporation on
mutual fund market sizing expects further contraction in this channel for the next five years and
views the channel at the edge of extinction.!?

2.2 Classes A, B and C

Mutual funds sold via brokers typically offer three fund classes which are labeled A, Band C. Even
though there are no formal definitions of these classes, the fee schedule of each class is very similar
across funds.!® Table 1 illustrates an example of the fee schedules for a traditional advice channel
fund with classes A, B and C. Expense ratios have two components including the management
and 12b-1 fees, which are used to cover portfolio administration costs and distribution expenses,
respectively. We first see in Table 1 that management fees are distributed equally across classes.
The classes differ, however, in their loads and in the levels of 12b-1 fees.

Class A represents the traditional means of payment in the advice channel including a front
load. Class As generally offer front load reductions at particular investment levels, starting, usu-
ally, at $25,000 or $50,000 and up to $1,000,000, at which point the load is often eliminated al-
together. Also, some class As do not require investors to pay the necessary amount upfront to
qualify for a load reduction, but only over time by signing a letter of intent.

Class B introduces a new type of sales charge called a “back-end load” which imposes a gradu-
ally declining load on withdrawal, typically within the first 6 to 7 years. For example, a “5,4,3,3,2,1,0”
back-end load imposes a 5 percent load on the relevant amount if the investor withdraws after
holding the shares for a year, a 4 percent load after two years, and so on. Class Bs differ by the

price which they impose on the back-end loads. SEC rule 6c-10 restricts them to three options:

HReid [2000], figure 8.
12“Mutual Fund Market Sizing, 2007-2012”. T thank Financial Research Corporation for sharing this report with me.
13This is confirmed in the data.



initial offer price, the sale price or the minimum of the two. In addition to the back-end load, class
B includes a 12b-1 fee which is higher than that of class A. However, if investors hold their shares
long enough, 12b-1 fees are reduced to the level of class A. There is no standard required holding
period for a 12b-1 reduction, but most funds lower this fee after eight to ten years.!*

Class C commonly has only a 12b-1 fee, which tends to be about as high as that of class B.
However, unlike class B, class C does not offer a reduction in 12b-1 fees over time. Also, some
class Cs charge low back-end loads, as in the example in Table 1, which mostly defer in 1 or 2
years.

The investing public does not observe contracts between brokers and fund companies. There-
fore, we do not know which party chooses the fee schedules and how brokers are compensated for

their services. Generally, it is thought that brokers receive the loads and part of 12b-1 fees.

3 Data

3.1 Data Construction

I obtain data on mutual funds from two sources: The Center for Research in Security Prices
Survivorship-Bias-Free U.S. Mutual Fund Database (CRSP) and Mutual Fund Links (MF Links).
CRSP provides the history of each mutual fund class’s name, expense ratio, 12b-1 fees, front and
back-end loads, total net assets, returns, and class status on its availability to new investors, and
starting from 2000, the institutional and retail class indicators. I complement the data with the
Investment Company Data Institute (ICDI) investment objective codes.'

All the information reported in CRSP is for each class of each fund. I match CRSP with MF
Links, which allows me to observe different classes of the same fund. MF Links concentrates
on domestic equity funds. The matching rate between MF Links and CRSP is approximately 92
percent in this universe. The unmatched domestic equity funds are mainly small, defunct and new
funds (as of April 2008).

CRSP does not indicate the class types (for example, A, B and C). However, if the fund has
multiple classes, the class type is specified in the reported name. For example, class A of the
Morgan Stanley S&P 500 Index fund is titled “Morgan Stanley S&P 500 Index; class A shares”. 1
decompose the fund name to collect information on class type. As funds offer a separate class for
their institutional clients and also report it in their name, my decomposition allows me to construct

an institutional class indicator.!® I cross check my institutional class indicator with that of CRSP

14Mornings’car Inc., indicate that only 13 percent of all class Bs decrease their expense ratios before the end of the
eighth year.

15T thank Ali Hortacsu and Chad Syverson for providing the ICDI codes from 1992 to 2007. I impute the ICDI codes
for the later years using the one reported in 2007 if the fund has never changed its code since 1992.

16The institutional classes are either called class I, Y, or use abbreviations such as Inst, Instl or Institutional in their
name. In the institutuional class classification, I also include classes sold through the retirement channel. These classes
commonly appear as Z, R, K, 529 and AARP.



for after 2000. I find these two to be highly consistent; therefore, I complement the CRSP indicators

with mine for missing observations.

3.2 Sample

I pick funds that offer retail classes A, B and C with fee schedules that are consistent with the
descriptions in Section 2.1 The rule allowing multiple classes was adopted in 1995, but some
funds obtained exemptions earlier, so my sample spans the years between 1992 and 2008. I exclude
classes that are closed to new investors and funds with inconsistent ICDI codes across their classes.
I require each fund to have complete information on all fees for all three classes. Finally, similar to
prior mutual fund studies, I restrict the analysis to diversified U.S. equity mutual funds. Hence, I
choose funds with ICDI codes of AG (aggressive growth), GI (growth and income) and LG (long-
term growth).

The data do not indicate the distribution channel. However, the Investment Company Institute
factbooks and various industry anecdotes indicate that classes A, B and C are typically offered

by brokers in the traditional advice channel.'®

Thus, I will assume that classes A, B and C in my
sample are sold through these brokers.

One problem might arise from my assumption if funds offer these classes through other chan-
nels, for example, a 401(k) plan, an independent advisors program, or brokers. In that case, it may
be harder to interpret my results, because these classes might be offered with a different fee struc-
ture, which I do not observe, in some of these channels.'® However, this problem would be serious
only if funds use multiple distribution channels simultaneously and do not create separate classes
for distinct channels.

Using data on fund distribution channels from 1996 to 2002, Del Guercio et al. [2010] document
that funds in fact do not typically use multiple distribution channels to offer their shares to retail
investors. Hence, classes A, B and C are unlikely to be sold through direct and advice channels
or through multiple advice channels. Their data, however, indicate that many funds use both an
institutional and a retail channel. Therefore, to address the potential problem that some of my class
A, B and C observations are also sold through the institutional channel, I drop the nonretail A, B
and C classes from my sample.?’ Since CRSP classify retail and institutional classes based on the
primary distribution channel only, this might be an imperfect resolution. I believe, however, that
this is not a big concern for two reasons. First, institutional sales constitute a small fraction in this
case. Second, it is typically small funds that mix retail with institutional sales because the total of

their institutional assets is lower than the minimum assets required for an institutional class. Since

17Repor’ced class name is highly consistent with the provided definitions. Among class A, less than 1 percent of the
year-fund observations have a back-end load and none of class B charge front loads. There is some heterogeneity across
class C: About 10 percent of class C observations have nonzero front load, 80 percent charge CDCS for only one year
and less than 1 percent also charge CDCS from third year to sixth year. Expense ratios to class A are also lower than
those of class B and C which have the same expense ratios in 97 percent of fund observations.

18Gee Rea and Reid [2003], page 2. For more anecdotes, see Reid [2000] and Fabozzi [2002].

19For example, an investor may purchase class A through a 401(k) without paying for the front load.

20In this way, I exclude 5.5 percent, 3.2 percent and 1.9 percent of observations for classes A, B and C, respectively.



MF Links is able to link bigger funds better, these funds are not likely to be included in my sample.

4 New Facts

In this section, I ask which class is ex-ante optimal, given an investor’s holding period and in-
vestment amount. I study holding periods from 1 to 15 years and initial investment amounts of
$50,000, $100,000, $250,000, $500,000, and $1,000,000, as these are the most common breakpoints
for front load reductions.

Strikingly, I find that class B is almost never ex-ante optimal for an investor, with any invest-
ment amount, who knows his investment horizon with certainty. Classes A and C are, however,
frequently ex-ante optimal for investors with long and short holding periods, respectively. For
investments less than $50,000, a long (short) holding period is one that is greater (less) than seven
years. For these investment levels, while class B is outperformed by one of classes A or C, it is not
outperformed by both classes. More precisely, it outperforms class A for short and class A for long
holding periods. However, for larger investments, as front load reductions make class A more
competitive for short holding periods, both classes dominate class B for holding periods less than
seven years. These findings are robust to the price on which class Bs impose the back-end loads,

to taxes, and to the investor’s preference for risk and time.

4.1 Relative Class Performance

I carry out my analysis using a subsample of funds that offers all three classes A, B and C. The final
subsample includes 13,923 (4,641 of each class) observations of 909 different funds. I first seek to
answer the question from the perspective of a risk neutral investor. Hence, I compare net expected
returns across classes for each holding period and investment level.

Recall from Section 2 that shares to classes A, B and C are invested in the same portfolio but are
sold with different fee arrangements. All three classes charge an annual fee, called “expense ratio”,
which is low for class A and equivalently high for classes B and C. Some mutual fund companies
may lower the expense ratios for class B after 8 or 10 years. In addition, class A includes a front
load, which is deducted immediately. In class B, the investor does not pay anything upfront,
but is charged a back-end load when he sells his shares. The back-end load is imposed only for
redemptions, typically within 6 to 7 years, and declines as investors hold shares for a longer time.
Class C commonly has neither a front nor a back-end load, except for some class Cs that impose a
back-end load for redemptions in the first 1 to 2 years.

I conduct my analysis under three assumptions. First, investors understand that classes belong
to the same underlying portfolio, so that each class receives the same gross returns. Second, in-
vestors use current fees to predict future fees.?! Third, all class Bs lower expense ratios at the end
of the eighth year. In fact, many funds take between 8 to 10 years; the third assumption therefore

21Given the persistence in fees (Carhart [1997]), I believe this is a reasonable assumption. Also, by this assumption, I
am presuming that investors’ forecasts of future fund fees are independent of the forecasts of future fund gross returns.



leads to an overestimation of the expected returns on class B shares for holding periods longer
than 7 years.

Funds are allowed to choose which price back-end loads are imposed on: sale price, initial offer
price, or the minimum of the two.??> I express the net expected return calculation based on each

case, respectively, as follows:

Ei(rn) = (1— front;)(1— (expratio;))" (1 — (backendy,))E¢(R,) (1)
Ei(rn) = (1— front;)(1 — (expratio;))"E{(Ry) — (backendy ) ()
Ei(rn) = (1— front;)(1— (expratio;))"E¢(Ry,) — E¢(backend; ,min{1,R,}) (3)

where r, and R, are the cumulative net (of fee) and gross return, respectively, for an n-year
holding period, front; is the front load, (exp ratio;) is the expense ratio, and (backend;,) is the
back-end load for redeeming shares in n years. In the case of class A (B and C), backend,,(front,) is
set to zero.”

For a class B investor, (3) is the most cost effective under any expectations of future fund re-
turns. If the investor expects positive growth in fund gross returns, he estimates the net expected
return to be lower when back-end load is applied to the sale price, that is, under (1), as he expects
the future sale price to be greater than the initial offer price. Since a back-end load applies to re-
demptions for the first 6 (or 7) years only, the price it is imposed on matters for net expected return
calculations for holding periods less than 6 (or 7) years.

Since I do not observe the price that back-end loads are imposed on, I use the same calculation
for each class B observation. I first focus on (1) since, unlike (2) and (3), it allows me to assess the
relative performance of classes without any distributional assumptions on investors’ beliefs about
future fund returns . I refrain from making these assumptions for the sake of robustness. The
drawback of using (1) is that I might be underestimating the net expected returns to some class B
for holding periods less than 6 to 7 years. This might then inaccurately generate the dominance
of other classes over class B for these periods. However, in the next subsection, I show that main
conclusions do not depend on the net expected return specification.

For each fund-year observation, I assign the winner, middle and loser class based on relative
class performances at holding periods from 1 to 15 years and at each investment amount. Table 2
reports the distribution of the winner class across classes A, B and C separately for each holding
period and for each investment amount.

For investments of less than $50,000, classes A and C are typically the winners for holding
periods of more and less than 7 years, respectively. For example, for a holding period of 5 (9)
years, class C (A) is a winner for 96.06 (81.49) percent of fund-year observations. For a seven year
holding period, the distribution of the winner class is almost uniform across classes, (22.19, 35.68,
and 42.12 for class A, B and C respectively). However, except for the seven-year holding period,

Class B barely appears as a winner class. In spite of my third assumption, which overestimates the

22 A quick web search for fund prospectuses on the internet yielded examples for each case.
230nly 12 funds in my sample charge redemption fees which is at 1 percent.
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net expected returns to class B for more than 8 years, this class still wins for only about 17 percent of
fund-year observations for these holding periods. For investments greater than or equal to $50,000,
class A offers load reductions. This results in sharp improvements in class A performance, which
leads to the outperformance of this class starting from 3 to 4 years. In this case, the frequency that
class B wins drops to less than 1 percent for each holding period.

To better gauge the differences in relative performances, I rank the classes in descending order
within fund-year observation and examine the distribution of ranks for classes A, B and C. Table
3 reports the median of ranks for each class. Even though class B is hardly ever a winner at any
holding period, it is commonly the middle class for investments less than $50,000 (except for 4
years). However, for higher investment amounts, class B is dominated by both classes A and C for
holding periods of less than 7-8 years.

For consistency with the rest of the analysis, I restrict attention to domestic equity funds. My
results remain the same if I include class A, B and C funds across all objective styles. I report results
for the full sample period, 1992 to 2008, but the conclusions hold for each year separately as well.

4.2 Robustness
4.2.1 How the back-end load is imposed

My results are largely independent of the specification of net expected return. For short holding
periods, class B is still outperformed by class C because class B differs from class C only by the
level of the back-end load. Hence, the net expected returns to class B are always lower than class
C’s by at least the value of the back-end load. For longer holding periods, the results again do not
depend on the specification because the back-end load is only imposed for holding periods less
than 6 years. Therefore, class B remains the middle class for relatively small investments. Finally,
for large investments, since load reductions provide class A expected net returns high enough to
outperform C between 3 and 7 years, class B is outperformed by both classes for these holding
periods, as before.

The only results from Tables 2 and 3 that may not hold under (2) and (3) are the relative perfor-
mance of classes A and B from 1 to 3 years. For these holding periods, while class C is the winner
class, in spite of the load reductions, class B can be either the loser or the middle class depending on
the size of load reductions and investors” expectations of future gross returns. For example, if the
investor is optimistic enough, the load reductions might not be enough to result in the dominance

of class A over B, or vice versa.

4.2.2 Taxes

I investigate the implications of taxes for my results. Mutual fund investors are required to pay
taxes on their realized investment income. This can be earned in two ways: if an investor sells his
shares, or if funds pass dividends and capital gains realizations through to investors as required

by tax law. Loads and other commissions are not tax deductible but are taken into account while
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calculating the gains and losses from sales.?* Therefore, investor’s tax considerations from the sale
of shares do not change relative performance as the expected tax bill is equal to the investor’s tax
rate multiplied by the net expected return. However, the second component of taxes might poten-
tially alter rankings if funds distribute dividends and capital gains unequally across classes. While
funds have no legal obligation to distribute dividends and gains across classes in a particular way,
it is their fiduciary responsibility to distribute equally to all shareholders.?> Consistent with this, I
observe in the data that differences between the reported capital gains and dividends across classes
A, B and C are negligibly small and insignificantly different from zero. Therefore, I conclude that

tax considerations do not affect my results.?®

4.2.3 Time and Risk Preference

A risk averse agent cares not only about the expectation of net return but also about its standard
deviation. Under my assumptions in Section 4.1, the fee adjustment on gross return is a multi-
plicative constant which simply scales down the expectations and standard deviations. Therefore,
relative class performances are the same as before, from the perspective of a risk averse agent.?”
Time preference also does not alter the conclusions because any discount factor enters the net ex-

pected return calculation multiplicatively, having no impact on relative performances.

5 Hypotheses

5.1 Demand for Class B

In this section, I discuss three hypotheses to describe the investor clientele that select into class
B. The first two hypotheses suggest that investors with (a) uncertain holding periods, or (b) long
holding periods and commitment problems rationally choose class B. The final hypothesis argues
that naive investors, who can not judge the fund expenses correctly, flock into this class.

5.1.1 Uncertain Holding Period

In the optimality assessment, I considered two types of investors: investors with long holding
periods and investors with short holding periods. This may be a natural classification since we
expect investors to know whether they will hold the shares for relatively long or short periods,
even if they do not know exactly when they will liquidate. This hypothesis proposes another

Z4Internal Revenue Services 550, chapter 3

BIn fact, any portfolio manager with a CFA designation would be violating CFA Institute standards by deviating
from this policy.

26Tax regulations allow investors to deduct the expenses of producing taxable investment income (IRS publication
564), which might include the fund’s expense ratios.Therefore, class B and C investors might pay less taxes on dividends
and gains realizations since they pay higher expense ratios than class A investors. However, regulations also state that
these expenses are only deductible if they are greater than 2 percent of adjusted gross income. Since this is a high
threshold, only few investors most likely qualify for it.

27We can look at either the Sharpe or Treynor Ratio to see this.
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type of investor: the “uncertain” investor who considers holding his shares for both short and
long holding periods with corresponding probabilities. Investors might have such a preference for
several reasons such as uncertainty about the arrival of personal liquidity shocks or future fund
(or market) returns. This hypothesis neither questions nor examines the sources of this preference.

In Section 4, we saw that, for small investments, class B is frequently the middle class for all
holding periods while the other classes are either a winner or loser class at short and long holding
periods (defined relative to seven years). This suggests that, even though class B performs worse
than the other classes at both long or short holding periods, it might be ex-ante optimal given the
distribution function the uncertain investor has over holding periods.

I also noted that for large investments, class B frequently has the worst performance between 3
and 7 years due to load reductions. Therefore, it is unlikely that class B would be the optimal class
for an investor with a large investment even if he is uncertain about his holding period. Therefore,
this hypothesis requires that class B investors have small enough investments not to qualify for a
load discount.

Ideally, I would like to solve for the “uncertain” distribution function over holding periods, but
I refrain from doing so because I do not observe all the necessary information. The shape of the
distribution function depends on the expected utility differences between classes at each holding
period and on the investor’s discount rate.”® Though I can judge relative class performances, I
cannot calculate the exact differences in expected utilities across classes without making distribu-
tional assumptions on future fund returns, and observing the price on which the back-end load
is applied as well as the required holding period to lower the expense ratios. So, the uncertain
holding period hypothesis I consider defines a distribution function with positive weights on both
short and long holding periods but does not specify these weights.

5.1.2 Back-end Load as a Commitment Device

The behavioral economics literature draws attention to individuals” commitment problems. It sug-
gests that sophisticated individuals who correctly perceive their future time-inconsistent behavior
might seek commitment devices to constrain their future actions (for example, Laibson [1997]).
In addition, rational firms might rationally respond to to the demand for commitment devices in
their contract and pricing schemes (DellaVigna and Malmendier [2004]).

Back-end loads are imposed when investors redeem their shares. Thus, if investors perceive
it as a punishment, back-end loads might have an additional value as a commitment device.?’
This hypothesis suggests that sophisticated investors who are willing to keep the shares for long
holding periods but suffer from commitment problems choose class B, even though they are aware

of its underperformance relative to class A.

2For example, in the case of no discounting, if the expected utility differences between class B and the other classes
are symmetric around 7 years, a uniform distribution over 1 to 15 years makes investors indifferent between the three
classes.

2While both front and back-end loads might serve as commitment devices, a back-end load might be considered
more effective than the front load if investors perceive front loads as sunk costs.
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5.1.3 Naive Investor Hypothesis

Several surveys and experimental studies indicate two common investor mistakes. First, investors
self-report that they are not attentive to expense ratios (for example, Capon et al. [1996], Alexander
et al. [1998]).30 Belsky and Gilovich [1999] argue that investors tend to disregard the significance
of expense ratios, which range from as low as 1 percent to more than 3 percent, because people
commonly fail to take small numbers seriously. In addition, when choosing among different com-
binations of front loads and and expense ratios, investors tend to weight front loads more than ex-
pense ratios in a way that is inconsistent with their self-reported expected holding periods (Wilcox
[2003], Dominitz et al. [2008]). Based on Kahneman and Tversky [1979] and Thaler [1985], Wilcox
[2003] suggests that investors might be more averse to front loads than expense ratios if front loads
are coded as immediate losses and ongoing expenses as small subtractions from the larger gain of
the fund return. Consistent with this evidence, Barber et al. [2005] document that there has been
a decreasing demand for U.S equity mutual funds with high front loads, but not expense ratios,
between 1970 and 1999. They contend that over time investors have become increasingly aware of
and averse to front loads since these are more salient than expense ratios.

Therefore, this hypothesis suggests that some investors might be mistakenly choosing class B
instead of A if they fail to take into account higher expense ratios and their impact over a long
period, and (or) if they are too averse to front loads. Also, since class B is the first mutual fund
product which includes a back-end load, investors might not easily realize this load if they do not
read the prospectus carefully, or if fund companies and brokers do not advertise it. Not realizing
the back-end loads and higher expense ratios, some investors in fact might purchase this class
believing that they are purchasing a no-load fund. These mistakes are not mutually exclusive and
I do not attempt to distinguish between them.

I do not know whether the fund companies, brokers, or both together choose the fee schedules.
Fund companies might have initiated class B for investors who would be better off with it, as I
suggested in the previous subsections, but brokers might abuse the class. Alternatively, fund com-
panies and (or) brokers may knowingly offer this class to exploit naive investors. My hypothesis
does not uncover the primary intentions of brokers or fund company executives. It only argues
that incentives to exploit, in either way, might be the result of competition dynamics which have
changed adversely for mutual funds sold via brokers.

I explained in Section 2 that in the last decade fund distribution has become highly competitive
with the inception of new channels that provide investors alternative and cost effective methods
to buy funds. For example, investors can purchase funds through a supermarket or a 401(k) plan
by only paying considerably lower expense ratios. Also, investors who like to receive advisory
services have the option to choose between a traditional broker and an independent financial ad-
visor who does not charge any loads but an asset-based fee. Therefore, since brokers (and their

fund companies) are less likely to attract sophisticated investors who do not value their services as

30This is inconsistent with rational expected wealth maximizing behavior because the predictable component of future
fund performance primarily stems from the persistence in expense ratios (Carhart [1997]).
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much without further decreasing their fees, they might target naive investors. As these investors
are averse to front loads, inattentive to annual fees and unfamiliar with back-end loads, it might
be easier to sell them class B (for example, by mischaracterizing the class as a “no-load” fund) and
impose higher expenses. Therefore, collusion on exploitation might arise as such collusion allows
all funds sold via brokers to make the sales that they could not otherwise make and earn extra
profits.3!

I offer this intuition based on the behavioral industrial organization literature which challenges
the classical economic argument that firms are always willing to fully inform customers of their
products, especially in competitive markets (for example, Milgrom [1981]). For instance, Ellison
and Wolitzky [2009] and Carlin [2009] argue that all (or some) firms in an industry might collec-
tively choose obfuscation strategies, which refer to various sale or pricing tactics aimed at con-
fusing households about product features and key price components. The firms might be em-
ploying these strategies to keep overall industry mark-ups high. Contrary to the classical view,
these papers predict that incentives to obfuscate customers increase as competition increases. El-
lison and Ellison [2009] provide evidence for such an outcome from the online shopping industry.
The authors suggest that online retailers intentionally make shopping complicated because recent
improvements in online search technologies lead to a Bertrand-like competition that decreases
mark-ups and retailers” ability to cover their high fixed costs. I believe my case is analogous to
that of Ellison and Ellison [2009] since brokers also have fixed costs for advertising and providing

ongoing advisory services and face considerable competitive pressure.3?

6 Empirical Tests

6.1 Net Flow - Fee Analysis

In this section, I distinguish between rational and naive behavior of class B investors by assessing
the sensitivity of flows to fees. The hypotheses based on rationality and naiveté make distinct
predictions: the former predicts a negative relation between flows and fees while the latter predicts
no (or a weak) relation after controlling for fund attributes that matter for fund purchase decisions.
I restrict attention to the relation between net flow and expense ratios since, unlike loads, expense
ratios have enough variation to examine. (Table 4 and 5).

I perform my test on the differences in the flow-fee sensitivities across classes A, B and C to

avoid a potential upward bias in the estimated coefficient of flows on expense ratios due to unob-

31Given that class C could also be easily marketed as a no-load fund, it might not be immediately apparent why bro-
kers choose class B as the exploitation device. I believe the answer lies in brokers” compensation schemes. Information
on brokers’ compensation is not publicly available. However, as long as they receive some pro rata share of loads and
expense ratios charged within each class, I can predict that brokers would choose to direct naive investors to class B if
they are sufficiently impatient or do not expect investors to keep the shares long enough to qualify for a reduction in
the expense ratios offered in class B.

328piegler [2006] also argues that multi-dimensional pricing scheme as in class B is an intentional obfuscation strategy
because boundedly rational investors are only capable of evaluating products on only one dimension. He also predicts
that firms are more likely to employ these strategies under competition.
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servable attributes such as the quality of customer services and fund visibility. Since unobservable
attributes are fund rather than class specific, differences in the coefficients on expense ratios be-
tween classes A, B and C offered by the same set of funds are free of bias. Based on my findings
presented in Section 4, I suggest that rational investors with long and short holding periods de-
mand class A and C, respectively. Therefore, the rational hypotheses for class B investors predict
no differences across classes in flow-fee sensitivities, however, the naive investor hypothesis pre-
dicts that class B net flows are less sensitive to expense ratios compared to the other classes. Results
confirm the naiveté hypothesis.

6.1.1 Empirical Strategy

A strand of the mutual fund literature suggests that fees and fund returns are not the sole determi-
nants of fund demand since investors’ tastes for non-portfolio characteristics and search frictions
also play a vital role in fund choices (for example, Hortacsu and Syverson [2004], Sirri and Tufano
[1998]). A partial list of non-portfolio characteristics include the quality of customer services®, the
manager’s reputation, the fund’s tax management strategies®, and the fund family characteris-
tics®®. Also, funds that have a star ranking, and that belong to a large family, or to a family with a
star fund ranking are suggested to attract more flows as they are more visible to investors.®

Non-portfolio characteristics and fund visibility are largely unobservable. This leads to an
omitted variable bias problem in reduced form specifications of fund demand as funds choose
their fees given, or simultaneously with, their attributes. Strategic fee setting is complex; however,
the direction of bias is likely to be upward since funds with more favorable attributes are likely to
charge higher fees. Therefore, without controlling for these unobservables, I might not be able to
distinguish naive fee insensitivity from investors” appraisal of certain fund attributes.

I offer a strategy that allows me to circumvent this problem within a reduced form framework
without having to use any proxies. My strategy relies on the observation that differentiation in visi-
bility and non-portfolio characteristics are at the fund level rather than at the class level. Therefore,
I pick a sample of funds which offer all A, B and C classes so that the distribution of visibility and
non-portfolio characteristics across funds within each class is similar. Then, I test the predictions
of my hypotheses by looking at cross-class differences in fee sensitivities.*” In this way, the inter-
pretation of the results is no longer ambiguous. As biases are similar across classes, they cancel

out when I take the differences.® While the rational hypotheses predict no significant differences

33For example, clarity of a fund’s accounting statement, according to 1990 Consumer Reports

341t is still contentious to what extent investors value these non-portfolio characteristics. For example, Elton et al.
[2004] shows that retail S&P 500 index fund investors are not attentive to tax efficiencies in spite of predictable potential
sizeable gains, on the other hand, Bergstresser and Poterba [2002] document for a similar sample period that U.S equity
mutual fund investors take taxes into consideration when choosing among funds.

%5For example, availability of telephone switching, number of funds in the family according to 1990 Consumer Re-
ports

36For example, Sirri and Tufano [1998], Huang et al. [2007], Nanda et al. [2004], Guercio and Tkac [2009]

37T do not use fund fixed effects to control for unobservable fund characteristics because I believe these are likely to
be time variant. For example, a fund might become very visible after a stellar performance or striking media attention.

38 As it is common to do so, I am assuming an additive effect of omitted variable(s).
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in fee sensitivities across classes, the investor confusion hypothesis predicts that class B flows are
significantly less sensitive to expense ratios.

Classes A, B and C are similar in their non-portfolio characteristics and visibility because in-
vestors in these classes are shareholders to the same fund, and thus family, and sold most likely
via the same brokers. I do not observe the brokers who sell each class in the data, yet anecdotal
evidence suggests that the fund families contract with at most a couple of brokerage firms to sell
their shares.?? Thus, all classes have the same manager, are entitled to the same tax management
policy, have access to any program or service offered by the fund and fund family, and receive ad-
visory services. Also, as visibility is associated with characteristics of family (for example, brand
recognition), fund (for example, stellar performance) and broker (for example, size of nationwide
network) I expect them to be similar in their visibility to investors as they are marketed under the
same family and fund name through the same brokers.

Yet, funds (or brokers) might make one class more visible by advertising it more heavily. In
fact, differences in 12b-1 fees across classes might simply be an indicator of such differential adver-
tisement treatment. However, according to an Investment Company Institute survey finding cited
by Rea and Reid [2003], less than five percent of 12b-1 fees are actually used for advertising and
other sales-promotion activities.*? Also, there is no content analysis of fund advertisement in the
U.S market, but Morningstar [2006] indicates that fund companies are unlikely to ever advertise at

the class level.4!

6.1.2 Empirical Model

In this section, I run a fixed-effects regression to estimate the differences in fee sensitivities across

classes A, B and C based on the following model:

NetFlow.;; = a + bjExpenseRatio.;;_1 + byExpenseRatio.;;_1xB + bsExpenseRatio;;—1xC (4)
+bsLoad ;1 + bsLoad;; 1xB + bgLoad. ; —1xC 4 Year Dummies 5)
+ StyleDummies + controls + FE.; + €. 6)

where ¢, f and t indicate class, fund and year, respectively; and controls = byPerf,;; + bsPerf. ;1 +
bgPerfCZ,Z-,t_1 + bioPerfeit—o+ b11l0g(TNA i 1—1) + bialog(AssetsInSameClass. ; ;). B(C) is a dummy
variable equal to 1 if the observation is a class B (C) and zero otherwise.

I use class-fund fixed effects, FE;, to account for the unobservable variation in class features
since these are likely to be correlated with fees. As explained in Section 2, for example, class Bs
vary by which price they impose back-end loads on, some class Cs charge back-end loads while

%Fabozzi [2002]

40Mostly, advertising expenditures are paid by the management company, rather than being a direct expense to fund
shareholders through 12b-1 fees.

41t is possible that brokers push a class, which might be class B, that benefits them more. This, in fact, would be
consistent with naive investor hypothesis.
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others do not and some class As require investors to sign a letter of intent to qualify for a front load

discount. I include year and objective style dummies to control for aggregate shocks and cluster

standard errors by fund to allow for serial correlation in residuals due to fund specific shocks.
The dependent variable, NetFlow;, is the growth in total assets under management net of

internal growth, as a percentage of initial assets; that is,

TNA;; —TNA;;—1(1+ Riy)

NetFlow;; = TNA,
Pt

@)

where R;; is the annual return (including reinvestment and dividends) of fund i in year ¢ and
TNA;;is fund i’s total net asset value (in millions) at the end of year t. By adopting this definition,
I am assuming that money comes in (or goes out) at the end of each year. Following Huang et al.
[2007], I winsorize the top and bottom 2.5 percent tails of the net flow variable to remove errors
associated with mutual fund mergers and splits documented by Elton et al. [2001].

Ideally, I would have used dollar inflow as my dependent variable. However, I can only deduce
the net dollar flow, TNA;; — TNA;;_1(1 + R;;), from CRSP. Consistent with the literature, I chose
net flow instead of net dollar flow as the dependent variable. Therefore, I remove the growth in net
dollar flow related to initial asset size. This is necessary since, a priori, we expect dollar outflows to
be proportional to initial asset size.*> However, since net flow is a measure of proportional growth,
it imputes a larger impact of an equal dollar flow for smaller funds. To eliminate this, I include the
natural logarithm of TN A;;_1 as an explanatory variable; this allows me to examine where money
flows in rather than which funds grow proportionately more.

The main coefficient of interest is the one on the expense ratio. Since funds publicize the ex-
penses of the previous fiscal year, I include year t — 1 values of fees as explanatory variables. For
funds with fiscal years that do not end in December, I take the last fees published before the end
of the year. Following the literature, I take the load variable as the maximum of any type of load
applies. For example, in the case of class A, it is equal to the front load at the first breakpoint. It is
set to zero for a class C that do not charge any back-end loads. Within each class, loads are quite
similar in the cross section, and highly persistent in time series. Thus, I cannot estimate the impact
of loads on net flows but this variable simply captures the difference in average growth rates of
net flow across classes during my sample period (Figure 1).

I control for past performance at various time lags to distinguish the well-established perfor-
mance chasing behavior from fee sensitivity since performance is reported to the public net of
expense ratios.*> As in Spiegel and Zhang [2010], my measure of performance, Perf, is the differ-
ence between a fund’s raw return and the average return of funds with the same objective style.

Following Chevalier and Ellison [1997], I include year t, t — 1, and t — 2 past performance and the

421f asset size is a good proxy for visibility, dollar inflows might well be related to the initial asset size. By using net
flow as the dependent variable, I will be also controlling for differences in visibility across classes of the same fund, if
there are any.

SFor example, Sirri and Tufano [1998], Chevalier and Ellison [1997]
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square of year t — 1 performance.

Some fund families offer programs allowing investors to exchange shares of any class of a fund
for the same class of any other fund within the family at low or no cost.**4> Such programs might
generate investor demand that is not necessarily as sensitive to fees. Investors in each class would
have access to the program, however the impact of the program on net flows might be different
across classes of the same fund since fund families might differ in their distribution of total assets
managed in each class. Therefore, I include as an explanatory variable the natural logarithm of
total family assets held under each class, log(Assets In Same Class); ;, to control for flows that come
from the other funds of the same class within same family; this is different from the literature.

6.1.3 Results

Results are reported in Table 6. In column (1), I estimate the model including the logarithm of class
age and the standard deviation of raw monthly returns; it is standard to control for these in net
flow regressions. The monthly return standard deviation proxies for a fund’s perceived riskiness
and the logarithm of age captures the differences in fund growth rates based on age. I present
results of the model without these controls in column (2).

As in previous studies, age and logarithm of TN A;_; are negatively related to net flow, and
monthly return standard deviation does not show any significant relation. As expected, the log-
arithm of total family assets in the same class is significantly and positively related to net flow
suggesting that part of fund flows arrive from other funds within the same family.*® Consistent
with the literature on performance chasing behavior, I find that year t — 1 and t — 2 performance
are strong predictors of net flow. Contemporaneous return, on the other hand, is not significantly
related, but the sign of the coefficient is in the expected direction. Also, there is a significant neg-
ative relationship between the square of year t — 1 performance and net flow. This finding might,
at first, be surprising given that many studies (for example, Sirri and Tufano [1998], Chevalier and
Ellison [1997]) document a convex relationship under a variety of definitions for either flows or
past performance. However, my results are in line with Del Guercio et al. [2010], who document
that investors in the broker channel respond to intermediate (style-adjusted) past returns. They
show that it is primarily the direct channel funds that have a convex relationship between fund
flows and performance. I do not further examine estimates of the square of ¢t — 1 performance as
Spiegel and Zhang [2010] argues that regressions with net flow as the dependent variable are not
appropriate candidates for nonlinearity tests.

I focus on the coefficients of ExpenseRatio;_1xB and ExpenseRatio;—1xC. Both columns (1) and

“For example, a class A (B) investor of, say, an income fund, is allowed to switch to class A (B) of a growth fund the
family offers without paying any front (back-) end loads. Also, back-end loads, which depend on the holding period,
are calculated based on the first fund purchase in the family.

#Gince T do not observe which fund families offer this program in my data, I do not know how pervasive these
programs are among funds in my sample.

46In unreported results, I also include the logarithm of family size to investigate whether this variable simply captures
taste for a bigger family. I observe that the logarithm of assets in same class subdues the effect of logarithm of family
size.
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(2) show that net flows are significantly less negatively related to expense ratios for class B with
p-values of 0.03 and 0.02, respectively. There is no significant difference between classes A and C.
In column (3), I also allow investors in each class to differ in past performance chasing behavior
by interacting Per f;_; with class B and C dummies. Similar to Nanda et al. [2009], I find net flows
for class C to be significantly more sensitive to past performance in period t — 1 relative to other
classes.*” However, this behavior does not alter my results. The difference in the expense ratio
coefficient between classes B and A is still significant with a p-value of 0.022, and there is no such
difference between classes A and C.

I also estimate the model in column (3) without fixed effects since the naive investor hypothesis
might not necessarily require fixed effects in the case of strategic fee setting with naive investors.
The results are reported in column (4). While the sizes of the coefficients are substantially different
in the regressions without fixed effects, I still find that the coefficients on the interaction terms
between the expense ratio and the class dummies are significantly positive (p value of 0.03) for
class B, and not significantly different from zero for class C.

As most class Bs experience demand reversals after 2006, perhaps following the NASD inves-
tigations, class B net flows become more frequently negative. If outflows are not related to fees,
then greater average outflows to class Bs might drive down the coefficient on expense ratio for
this class. However, it is also possible that investors are leaving the class because they are learning
about its fees. Since they are likely to leave the more expensive ones, the increasing number of in-
vestor redemptions in the later periods might force a negative relationship between expense ratio
and net flow for class B. Therefore, the way in which an increase in outflows affects the coefficient
on expense ratio is not obvious. Still, I repeat the analysis in column (3) on the subperiod before
2007, and report the results in column (5). Differences in the expense ratio coefficient between A
and B are estimated to be similar to (3) and still significantly different from zero with a p-value of
0.037. In sum, I conclude that the flow-fee sensitivity analysis provides evidence in favor of the

naive investor hypothesis.

6.2 Estimating Holding Periods

In this section, I offer a novel model to estimate the distribution of average investor holding periods
from 1 to 10 years by class. I examine whether class A (C) investors have holding periods greater
(less) than seven years, and whether observed holding periods for class B are consistent with either
the uncertain holding period or commitment device hypotheses.

Due to data limitations, I do not solve for the distribution of holding periods that would make
class B optimal. The uncertain holding period hypothesis only specifies that class B investors put
considerably positive weights on both short and long holding periods. Therefore, since class A
and C investors are expected to heavily weight holding periods less and greater than seven years,
respectively, this hypothesis make the following two predictions. First, investors in class B are

more (less) likely to keep their shares less than seven years compared to the investors in class

#7In section 6.3, I further investigate whether this sensitivity is due to the responsiveness of inflows or outflows.
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A (C). Second, they are likely to liquidate than class C(A) investors at holding periods greater
than seven years. The commitment device hypothesis, on the other hand, predicts low liquidation
probabilities for class B at holding periods where a back-end load applies, which is typically 6
(rarely 7) years. Results are not consistent with either of these hypotheses. However, I do not

suggest this evidence as a strong rejection given the caveats of this analysis.

6.2.1 Model

I begin with presenting the intuition behind my model through a simple example. Consider a fund
initiated at the beginning of this year that immediately attracts two investors, A and B, with dollar
investment amounts of inflow”? and inflow®. Suppose that the fund did not receive any other
inflow throughout the year and each investor has a discrete distribution function over holding
periods of 1 to n years. I denote the liquidation probabilities at each holding period by p' =
(pi, ., p,), wherei = A, B, such that p; = 0and Z;j pj = 1. Under the assumption that purchase
and liquidation decisions are made at the beginning of each year, I can then express the expected
total dollar outflows in the next year as:

Ei(Outflow;) = pftInflowi {(1+ri_1) + pPInflow? (1 +74) 8)

where r;_1 is the fund net return in year t-1.  multiply inflows by r;_; to account for the growth
in the money after the initial purchases. Since total inflow, Inflow, is the sum of each investor’s
inflows, I rewrite (8) as:

AInflowd,  pInflow? |
P Inflow;_4 P Inflow;_4

= pYInflow;_1(1+414_1) (10)

E;(Outflow;) = Inflow;—1(1+r1-1) )

where p}’ is the average liquidation probability weighted by the investors’ share of total dollar
inflows. Similarly, under the same assumptions, I can express the expected outflows for a two-
year-old fund as:

Ei(Outflow;) = pYInflows_1(1 4 ri—1) + pSInflows (1 +ri—o4) (11)

since outflows include inflows from the previous year and also from the year before, with the
weighted average probability of py. As before, I multiply Inflow;_, by the cumulative fund return
from year to t — 2 to t, r;_»4, to account for the growth in the money in two years. Hence, for an
n-year-old fund, the expected outflows are:
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s=n
Ei(Outflow;) = Y p¥Inflow; (14 r;_sy) (12)
s=1

I extend the insight from this simple example to derive a model that estimates average liquida-
tion probabilities by decomposing the annual outflows to past annual inflows. Of course, there are
empirical complications such as the unavailability of inflow and outflow variables in the dataset
and the possible failure of the strict timing assumption. I next describe how I address these issues.
From the information available in CRSP, I can only deduce net flows, which are at a monthly
frequency starting from 1990. I estimate the annual inflow and outflow using the monthly net
flows. My measure of annual dollar inflow (outflow) is the (absolute value of) sum of monthly
positive (negative) net dollar flows in a given year. Hence, my measure of annual inflow (outflow)
only includes monthly inflows (outflows) in excess of monthly outflows (inflows) in months with

net inflows (outflows).

m=12
$Inflows = Y ($ NetFlowy,)1{$ NetFlow,,; > 0} (13)
m=1
m=12
$Outflow; = Y |$ NetFlow,,:|1{$ NetFlowy,; < 0} (14)
m=1

where $ NetFlow,,; = TN At — TN Ay t(1+ 7). To calculate annual inflows and outflows, I
require at least 10 months of non-missing net flows in the data. As before, I winsorize the top and
bottom 2.5 percent tails of my measures.

I acknowledge that these measures are noisy. A priori, I do not know how big the noise is: it
depends on the timing of inflows and outflows. For example, in the case where new money comes
in and goes out in distinct months, my measures are in fact equal to the true values. However,
in the case where inflows and outflows balance out every month, my measures are equal to zero,
and are unable to identifiy inflows and outflows. In other cases, inflows and outflows are always
underestimated to some extent. The magnitude of the noise is likely to vary across observations.
However, there seems to be no reason for the distribution of inflows and outflows within a year
across months to be correlated with any fund characteristics. Hence, I assume that the noise is
independent.

I report summary statistics on monthly dollar net flows in panels 1 and 2 of Table 7. Panel
1 shows that for my sample period, net dollar flows are almost equally likely to be positive or
negative. However, as expected, class B has more frequently negative net dollar flows (58 percent).
In panel 2, I report the average numbers of months with positive and negative net dollar flows

within a year. On average, about 6 months within a year have positive or negative net dollar
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flows.

CRSP do not provide data on inflows and outflows, but the N-SAR filings, which funds are
required to file semi-annually, report monthly dollar inflows and outflows. Cashman et al. [2008]
present summary statistics on monthly fund inflows (and outflows) as a percentage of previous
month-end total fund assets, based on NSAR data.*® I compare my measures to theirs for a similar
sample they use. To facilitate the comparisons, I scale my dollar measures by previous month-end
total fund assets. Descriptive statistics are presented in Table 7, panel 3. Funds in my sample have
lower monthly proportional net flows than theirs. This implies that proportional monthly inflows
and outflows are also likely to be small for my sample funds.** Therefore, I compare the ratios
of proportional net flow to proportional inflow and outflows. While my measures underestimate
true values, they seem to capture some part of inflows and outflows. For instance, in NSAR, the
ratio of average proportional inflows (outflows) to average proportional net flows is equal to 2.7
(1.7), while with my measures this ratio is equal to 2 (0.9).

I next investigate the implications of the timing assumptions. In my example, I assume that
investors leave or arrive only at the beginning of the year. However, it is more realistic to assume
that purchases and sales occur throughout the year. In this case, the rate of return that applies
to each inflow will be different. To correct for the differential rate of return due to differences in

arrival time, I refine my annual inflow measure as follows:

m=12
$Inflowy = )Y $ NetFlowy,1{$ NetFlowy,; > 0}(1 + ris112,4) (15)
m=1
where 1, 12+ is the cumulative monthly return from month m to the end of the year. I sum the
year end dollar amount of each monthly inflow, which is equal to the monthly inflow multiplied
by the cumulative monthly fund return, from the end of the arrival month of the inflow to the end
of the year.”® Hence, the equation to be estimated can be written as:

s=10

$Out flows;; = E pE$ Inflow;; (14 r—1-5) +$ Inflow;, (16)
s=1

+ YearDummies + StyleDummies + e; ; (17)

I choose a discrete distribution function over annual holding periods for convenience. It is
computationally burdensome to estimate another version of this model which allows liquidations
at shorter intervals (for example, months), due to drastic increase in the number of parameters.
Since most classes A, B and C were initiated after the mid 1990s, I restrict the support of the dis-

48Funds report in NSAR at the aggregate level, that is, summing the dollar inflows and outflows of all classes.

#With my measures, inflows and outflows appear as a smaller proportion of previous month-end total assets. For
example, Cashman et al. [2008] document that in NSAR, inflows (outflow) on average constitute 5.4 percent (3.4 percent)
of asset size. In my sample, I find this fraction to be about 2 percent (0.09 percent) with my measures.

507 start from m + 1 since monthly inflow measure assumes the arrival in the last day.
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tribution function to 10 years to have a sufficiently long panel. In estimating (16), I include year
and objective style dummies to control for dependence across observations due to aggregate level
shocks that might force systematic unexpected early or late liquidations. In addition, I control
for $ In flow; because of the mechanical correlation between contemporaneous outflow and inflow
measures. Inclusion of $ In flow; only has an impact on the coefficient on $ In flow;_; due to serial

51

correlation between these two.”* Hereafter, I will use ps instead of pY notation for expositional

purposes.

6.2.2 Sample

I choose retail classes A, B and C that are open to investors, are at least 10 years old and have all
the data necessary for calculating the annual inflows and outflows. To increase the power of my
tests, I include funds in all objective styles in this analysis. My final sample has 2,693 observations
for A, 1,632 for B and 707 for C. Hence, I have relatively more power for classes A and B. Sample
periods are from 2001 to 2008 for A and from 2002 and 2008 for B and C.

6.2.3 Results

For each class, I first run an OLS regression of model (16) without imposing any restrictions on co-
efficients. I cluster standard errors by class-fund. Results are reported in panel 1 of Table 8. Among
the thirty coefficients of past inflows I estimate (ten for each class), all except two ($ In flow;_; for
class B and $ Inflow;_s5 for class C), are positive and less than one. Moreover, coefficients for each
class sum to close to 1 (0.814, 1.01, 0.804 for A, B and C). These numbers thus are consistent with
my model, which defines these coefficients as probabilities.

Panel 1 indicates that the average holding period of 7 years is quite high and significant for
each class. This is in line with the common practice in the literature which assumes a 7-year hold-
ing period. The assumption in the literature is based on the redemption rates published by the
Investment Company Institute in 1991 (Sirri and Tufano [1998]). Thus, my findings suggest that
average investor redemption behavior did not change substantially in the more recent period.

I find that investors in class C have significantly high liquidations within seven years, and class
A investors are more likely to hold shares for more than 7 years than class C investors. However,
class A investors also liquidate in earlier years, for example in year 3 and 5. In Section 3, I doc-
umented that for large investments, class A is the winner class starting from holding periods of
3 years. Since my model estimates the weighted (with investor’s share in total dollar inflows)
average of investors’ liquidation probabilities, coefficients in early years might therefore primar-
ily reflect the shorter holding periods of these investors. Finally, I observe that class B investors

51The coefficients on $ Inflow;_s is, in fact, equal to the average probability to liquidate around s years, rather than
exactly s years. For example, p} is the average holding period of investors who purchase their shares sometime in year
t — 1 and liquidate sometime in year t implying an array of holding periods from 1 month to 24 months. I expect p¥’ to
reflect holding periods around s years as long as there are monthly inflows and outflows of sufficiently equivalent sizes
throughout the year. In table 12, I report that both inflows and outflows are spread almost evenly across months. Also,
there are no apparent differences between the average sizes of monthly inflows and outflows across different months.
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predominantly sell their shares in 2 to 8 years in an almost uniformly fashion.

Next, I estimate the model requiring coefficients of $Inflow;_1 to $Inflow;_19 to be positive
and add up to 1. Results are reported in panel 2 of Table 8. Once I impose restrictions, I obtain
different estimates, but conclusions from panel 1 carry forward. To test for the uncertain holding
period hypothesis, I construct two test statistics which are equal to the sum of coefficients of past
dollar inflows from year t — 1 to t — 6 and year t — 8 to t — 10.°? This predicts that the liquidation
probabilities for class B lie between those of classes A and C for both short and long holding
periods. Thus, I test

5=6 c 5=6 B 5=6 A
ps =) ps =) ps,
s=1 s=1 s=1

&

s=10 s=10 s=10
Yopi= ) pd = ) s
s=8 s=8 s=8

I find that while classes C and A line up as predicted, class B seems to be inconsistent with
the predictions above. Class C investors are more (less) likely to hold the shares for short (long)
holding period than class A investors, 0.622 and 0.613 (0.218, 0.237), respectively. However, class
B investors have the lowest holding period for holding periods less than seven years, 0.56, and
the highest liquidation probability for holding periods greater than seven years, 0.295. I interpret
these results as largely inconsistent with the uncertain holding period hypothesis.>

In unreported results, I run a simple simulation exercise to investigate whether class B is ex-ante
optimal given my estimated distribution function and some distributional assumptions on fund
returns. I randomly assign the way back-end loads are imposed and take a Normal distribution
of annual returns with the mean and standard deviation observed in the sample. I continue to
assume that class Bs lower their expense ratios in eight years. My results indicate that class B is
still not ex ante optimal for a risk neutral investor.

In addition, I test the commitment device hypothesis: if back-end loads help class B investors
stay in a fund, I expect them to have low liquidation probabilities for holding periods where a
back-end load applies, which is in the first 6 to 7 years. On the contrary, my results indicate that
class B investors are more likely to liquidate within the first 6 (7) years, 0.56 (0.70). Thus, this result
is inconsistent with the commitment device hypothesis. However, I cannot reject the hypothesis

that class B investors were going to liquidate even earlier if there were no back-end load.

521 do not include p7 since classes provide remarkably similar net expected returns for holding periods of 7 years.

5The redemptions of investors with large investments might in fact lead to higher total liquidation probabilities
of class A over class B for short holding periods. However, contrary to the uncertain holding period hypothesis, the
estimated liquidation probabilities of class B also do not lie between class A and C for long holding periods.
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6.2.4 Caveats

I interpret this analysis with caution due to some caveats. First, there might be a problem due to
the failure of controlling for liquidation shocks that are correlated across investors. The underlying
premise of my analysis is that the ex-post holding periods are consistent with the ex-ante ones.
This is a reasonable expectation if all the liquidation shocks arrive independently across investors.
While the personal liquidation shocks might be independent, there might also be some liquidation
shocks at the broader level which might trigger systematic early or late liquidations. To circumvent
this problem, I include year and objective style dummies in the model, but the dummies might
only capture some of the systematic shocks. Secondly, the interpretation of my results might be
contaminated by investors” use of fund-switching programs. These programs allow investors to
move assets across funds within the same family without paying the loads. For example, investors
are charged back-end loads only if they are leaving the family. If investors frequently switch funds
within the family, such programs might shift the estimated distributions of holding periods to the
left, and perhaps by different amounts for each class. However, the fact that estimated holding
periods of classes A and C line up as expected might indicate that these programs do not have
dramatic impact on my results. Also, the dynamics of total assets managed in class B depicted
in Figure 1 suggest that class B investors are primarily leaving the class rather than switching to
the other class Bs of the funds offered by their fund families. The final caveat of this analysis is to
use noisy measures of inflows and outflows instead of actual values. While it is not immediately
apparent why the noise in measures would generate the results, there might be some unknown

aspects.

6.3 Sensitivity to Past Performance

I postulate that rationality (naiveté) in understanding fees would be correlated with rational (naive)
behavior related to other aspects of fund investment. In this section, I aim to identify rational and
naive behavior by examining how investors in classes A, B and C use the information on past fund
performance when purchasing and selling their shares. As the literature provides contentious
arguments on how much past performance should matter given the lack of strong evidence for
persistence in good performance, I do not form a priori predictions on how inflow-past perfor-
mance relationships should be. Regarding outflows, I expect the rational investors to be sensitive
to poor performance, though possibly less if they have long holding periods, given the persistence
in poor performance.>*

I document two ways in which class B investors behave differently from both class A and C
investors. First, all investors buy funds with good performance. However, class A and C investors
evaluate the fund’s track record over the past few years, while class B investors consider only the
most recent performance. Thus, investors in classes A and C seem to act more consistently with a

rational Bayesian learning behavior. Second, class B investors are less likely to sell after negative

54For example, Carhart [1997]. See Berk and Green [2004] and Berk and Tonks [2007] for a summary of literature on
persistence in fund performance.
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fund returns. I interpret this results is in favor of the naiveté of class B investors since there is no
reason why class B investors should be the ones who are the least sensitive to negative returns

under any of my rational hypotheses.

6.3.1 Inflow

I take a similar model to the one presented in Table 5, column (1) with the dependent variable
of Inflow;; which is equal to $ Inflow;;, as defined in (13), divided by TNA;;_1. I exclude the
fixed effects in this analysis. Also, I drop log(AssetsInSameClass); since it is not critical whether
the fund flows come from existing investors of the family or the outside investors for this part of
the analysis. I also include Outflow;, that is $ Out flow;; divided by TN A;;_; to control for the
mechanical correlation between my measures of dollar outflow and inflow. Finally, I interact year
Perf;_1, Perfi_> and Raw Return;_, with class dummies to test for cross class differences in past
performance chasing behavior. The results are reported in Table 9 in column (1) and (2).

First, both Perf;_1 and Perf;_, are positively related to inflows for each class, indicating that
all investors are chasing style adjusted past performance significantly. Yet, class B investors react
to year t — 2 performance significantly less than other classes. Therefore, investors in this class
are more likely to purchase based on the previous year’s performance only. Even though all class
investors might be mistakenly chasing good past performance, as it is unlikely to persist, classes A
and C seem to be following a rational Bayesian updating rule, as in Baks et al. [2001], by evaluating
the fund’s track record. Also, we might think that class B investors’ behavior is consistent with the
notion of naive investors who are likely to be convinced to purchase funds based on the most
recent performance (Mullainathan et al. [2008]).

Second, I find further evidence of investors in class C being rational with short holding periods.
In addition to chasing style-adjusted past performances, documented in Section 6.1, investors in
this class take past raw fund return into consideration unlike the investors in other classes’. Given
that there is persistence in raw fund returns (for example, Avramov and Wermers [2006]) in the
short-run (1-3 years), class C investors seem to be rationally exploiting this predictability as they
plan to hold shares for short periods. In fact, their stronger responsiveness to style-adjusted past
performance is driven by their sensitivity to raw returns. Because, once I add raw returns to the
model in column (1), the coefficient on Perf;_1xC goes down from 0.43 (p-value of 0.001) to 0.24
(p-value of 0.084).

6.3.2 Outflow

Irepeat my analysis in 6.3.1 with the dependent variable of Out flow; ;, which is equal to $ Out flow; ;
divided by TN A;;_;. In this analysis, I control for Inflow;;. The results are reported in Table 9,
columns (3) and (4). For all classes, I observe a negative relationship between Outflow;; and all
performance variables including raw returns. Contrary to inflows, I do not find outflows to be
differentially related to Perf;_» across classes. I document that class C investors are more respon-
sive to Perf;_1, which is consistent with them having short holding periods, but not as much to
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RawReturn;_y. So, class C investors lay emphasis on raw returns when buying into funds, but
more on style-adjusted performance when selling, compared to the other classes’ investors.

I also investigate the cross class differences in responsiveness to negative raw returns. I include
the dummy variable Negative Raw Return;_;, which is equal to 1 if the fund return at year t — 1 is
negative and interaction terms of this dummy variable with class dummies. The results reported
in column (5) shows that while all investors are likely to sell their shares after a negative fund raw
return, class B investors are significantly less likely to do so. I interpret this result in favor of the
naiveté of class B investors since there is evidence that poor performing funds continue to perform
poorly. It is reasonable to expect that investors with long holding periods are less responsive to
poor performance, yet, there is no obvious reason for class B investors to respond less than class
A investors under the hypothesis that class B investors are rational with either uncertain holding

periods or commitment problems.

7 Robustness Checks

7.1 Differential Taste for Non-Portfolio Characteristics

In section 6, I suggest that product differentiation occurs largely at the fund level. However, if
the taste for some non-portfolio characteristics is correlated with the investor’s holding period,
each class’s investors might systematically value a different set of fund characteristics.”®> Funds
targeting a particular class may have fees that are more strongly correlated with the character-
istics their target class value. Since the bias due to unobservables in this case is not necessarily
equal across classes, I might then find differences in fee sensitivity across classes. Therefore, I in-
vestigate whether my results from the flow-fee sensitivity analysis are driven by class B investors’
differential taste for some non-portfolio characteristics. I analyze a small subset of observable char-
acteristics to show that results are unlikely to be driven by differential taste for some non-portfolio
characteristics.

If tastes are correlated with holding periods, it is not obvious why potential cross class dif-
ferences in taste for non-portfolio characteristics would lead to differences in fee sensitivity only
between class B and the others. If class B investors are uncertain about their holding period, we
would expect them to have weights on characteristics that are a combination of those of investors
with short and long holding periods. Also, if they are long term investors with commitment prob-
lems only, then we expect them to be similar in their taste to investors with long holding periods.
Therefore, if there is any difference in fee sensitivities driven by the differences in taste for non-
portfolio characteristics, I expect to observe larger discrepancies between classes A and C rather
than between B and the others.

However, I still consider the possibility that class B investors have a differential taste for some

55For example, investors with long holding periods might care more about fund’s tax management policies or cus-
tomer services. Also, as short term investors might be willing to rotate their portfolios more often, they might favor
families with a wide variety of funds (Massa [2003]).
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non-portfolio characteristics than do other classes” investors. I examine the relationship between
net flow and the year t — 1 values of my proxies of tax efficiency, fund turnover ratio, family size,
total number of funds, and number of funds in different objectives offered by the family. As in
Elton et al. [2004], I construct a proxy for tax efficiency by taking income distributions (before
expense ratio) as a percentage of net asset value (NAV) and dividing this by its mean value within
the same investment objective and year. I use turnover ratio as reported in CRSP as the minimum
of aggregated sales or aggregated purchases of securities divided by the average 12-month total
net assets of the fund. I include the logarithm of the sum of total assets under family management
to proxy for customer services.

I use the same sample used for fee sensitivity analysis and cluster the standard errors by class-
fund observations. I include the control variables of t — 1 values of expense ratio, load, log(TNA),
and performance measures in year t, t — 1 and square of t — 1 performance. Results are reported
in table 10. Estimates of the cross class differences are reported for each variable of interest in
columns from (1) to (5). I do not find important differences in taste for these attributes across
classes. Only class C investors seem significantly more attentive to tax efficiencies. Investors in

each class similarly prefer big families.

7.2 Alternative Dependent Variables for Flow-Fee Sensitivity Analysis
721 Inflow

I repeat the flow-fee sensitivity analysis in (4) using the dependent variable of Inflow;; which is
equal to $ Inflow;;, as defined in (13), divided by TN A;;_1. Also, I control for Out flow;; given
the mechanical correlation between my measures of dollar outflow and inflow. I report the results
in Table 11 both with and without this control variable in columns (1) and (2), respectively.

The results in columns (1) and (2) are remarkably similar because even though there is a neg-
ative relationship between inflow and outflow, as expected, it is insignificant. I find that the coef-
ficients on the interaction terms between expense ratios and class dummies B and C show, in both
(1) and (2), that In flow; is significantly less related to expense ratios for class B only, with p-values
of 0.021 and 0.018.

7.2.2 Market Share

I propose an alternative empirical model where I use the market share of dollar inflows instead of
net flows as the dependent variable. My market share measure, MS Inflowy, is the dollar inflow
divided by the total dollar inflows within each class given a year and investment style. I use a
similar model in (4) (i.e. Table 5, column (2)). I no longer include log(TNA;_1), style and year
dummies. Also, I include Outflow; interacted with class dummies, as this variable is related to
MS Inflow; differently for each class. As before, I include fixed effects and cluster the standard
errors by class-fund. The results are reported in Table 11, column (3).

Past performance measures are strong predictors of the next year’s market share. However,
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I do not find a nonlinear relationship between MS Inflow; and Perf;_1. This is consistent with
Spiegel and Zhang [2010] who analytically shows that the nonlinear relationship disappears with
a market share approach. Also, unlike the regressions with the net flow as the dependent variable,
I find that Load;_; and its interaction terms with class B and C dummies are insignificant. This
confirms my previous conjecture that load variables in those regressions capture the differences in
average growth rates of net flows across classes. Regarding cross class differences in expense ratio
sensitivity, I find that, like before, ExpenseRatio;_1xB is significantly positive (p-value of 0.021)
contrary to ExpenseRatio;_1xC. In column (4), I drop the logarithm of assets in same class and
outflow variables to keep the model simpler. ExpenseRatio;_1xB in this case is still positive but
statistically less significant. However, with this model, the adjusted R? substantially declines to
0.03 from 0.116, hence the model presented in column (3) seems more appropriate.

8 Conclusion

This paper investigates whether mutual fund brokers exploit naive investors through their com-
plicated fee schedules, as has been claimed in the marketplace. I document a new finding that
the class B fee schedule, which includes a back-end load and high annual fees, mostly performs
worse than the other schedules for an investor who knows his investment horizon with certainty.
My analysis suggests that while this schedule might, in fact, be optimal for investors with either
uncertain holding periods or long holding periods and commitment problems, brokers use it to
exploit naive investors. I reach this conclusion by documenting three findings regarding class B.
First, class B flows are less sensitive to annual fees, compared to the other classes, which cannot
be explained by class B investors” willingness to pay more for favorable fund attributes. Second,
class B investors have a distribution function of holding periods that is inconsistent with the un-
certain holding period and commitment device hypotheses. Third, in contrast with class A and C,
class B investors are more likely to make purchases based on the last year’s performance only, and
they are less likely to sell after negative fund returns. Analyzing the welfare implications of such

exploitation presents an interest of future research.
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APPENDIX

A. Mutual Fund Distribution Industry The purpose of this section is to describe the evolu-
tion of mutual fund sales methods, that is, distribution channels. In the last decade, there have
been dramatic changes in how mutual funds are distributed to retail investors. Before 1980, funds
sold shares to the retail investors either directly or through an intermediary. Direct sales meant
investors approaching the mutual fund company by a 1-800 telephone contact and opening an
account. Since there was no investment counsel or service provided, it was also called the “do-
it-yourself” channel. Fund distribution through an intermediary, on the other hand, involved a
full-service broker who provided advice, assistance, and ongoing service to the investor. Funds
sold via an intermediary charged sales charges (i.e. load) to compensate for their services. A
decade ago most funds were sold through the intermediary channel.

Starting from the 1990s, there have been several significant changes in the mutual fund dis-
tribution industry. The variety of products made available to investors with considerable facility
and low cost vastly increased through innovated programs. The most prominent new channel
that contributed to the expansion of mutual fund sales in the last decade is the retirement chan-
nel, which refers to mutual fund sales through employer sponsored retirement plans (for example,
401(k)) and IRAs.! In addition to the emergence of a new channel, some developments occurred
within existing traditional channels as well. Starting from 1992, fund and brokerage companies
developed new outlets, called supermarkets (for example, Schwab), offering funds with no loads.
As in the traditional direct channel, the supermarket channel did not provide any advice; however
supermarkets offered investors a cost effective way of purchasing funds from a number of differ-
ent families. This has been a major change in the direct channel; an increasing fraction of new sales
in the direct channel come from the supermarket channel.

In addition to the innovations in the distribution industry, the SEC adopted a new rule 18f-
3 in 1995, which provided funds the flexibility to utilize new distribution channels. This rule
allowed funds to offer multiple classes where each class, by definition, represents claims on the
same underlying portfolio with a different fee arrangement.

Shortly after, full service brokers started new classes, which offered investors alternative meth-
ods to pay for sales charges. The most common classes brokers sell is labeled A, B and C. While
class A is the class with the traditional sales method, which includes a front load, classes B and C
introduced alternative ways to pay for sales charges. Even though multiple class sales strategies
were first initiated within the intermediary channel, funds later used separate classes for distribut-
ing through different channels; hence multiple class strategy also became a multiple distribution
strategy.

It has been common in the intermediary channel that fund manufacturers distributed only their
own funds; fund distributors distributed only one manufacturer’s funds. However, investors’
demands for choice and convenience and distributors’ need to appear independent and objective
have incentivized intermediaries to initiate a new channel called independent financial advisors
(also called “planners”). This channel is served by fee-based, registered investment advisers and
not by brokers in securities firms. Financial advisers charge neither a front nor a back-end load,
but a small 12b-1 fee and an additional asset-based fee.> While many planners recommend mutual
funds to their clients, some recommend portfolios of planner-selected securities. Also, recently
some mutual funds have sold mutual funds in an insurance wrapper through insurance agents.
This new emerging channel is called variable annuity.

In short, we can now classify retail channels as retail or retirement.? The retail channel can be
decomposed into two groups, direct and intermediary. The direct channel can further be grouped
as pure direct (the traditional direct) and supermarket channels. Furthermore, the intermediary
channel can be classified as full service broker-dealer, independent, sales representatives at banks
and savings institutions and insurance agents.

! According to the recent ICI reports, an increasing number of household consider their pension plans their primary
source of purchasing funds. As a consequence, the portion of assets held in these programs increased from 19 to 30 percent
between 1990 and 1999.

2Data on asset based fees charged by independent advisors is not available.

3The distribution industry also initiated new programs for institutional investors. These programs offer managed ac-
counts which typically “wrap” mutual funds in a service package. Hence, they are commonly called wrap programs.
Similar to the independent advisors, these programs charge an asset-based fee rather than traditional loads for their ser-
vices. Since minimum investment requirements are generally high, this new channel serves only institutional investors
and ultra high net worth individual investors. However, very recently, as initial investment requirements became as low
as $25,000, wrap accounts also started to compete in the retail segment.



Figure 1: Total Net Assets Managed in Classes A, B and C from 1995 to 2008
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This figure displays the year-end total net assets (INA), in billions, managed in each class A, B
and C. The sample includes the diversified U.S equity mutual funds which offer classes A, B and

C between 1995 and 2008. Non-missing data on year-end TNA are required for each class of a
fund-year observation. Funds close to new investors are excluded.



Fee Schedules of a Typical A, B and C Classes
Table 1: Fee Schedules of a Typical A, B and C Classes

Front Load
Back-End Load
Management | Expense
Class 12b-1

Fee Ratio Investment Amount Load

< $50,000 5.75%

$50,000 - $100,000 4.50%

$100,000 - $250,000 3.50% 0%
A 0.25 % 0.75 % 1% $250,000 - $500,000 o

2.50%

$500,000 - $1,000,000 2.00%

> $1,000,000 0.00 %
5% in year 1
4% in year 2
3% in year 3

o, o o, o,

B 1% 0.75 % 1.75 % 0.00% 3% in year 4
2% in year 5
1% in year 6
C 1% 0.75 % 1.75 % 0.00% 1% in year 1

This table provides an example of fee schedules of classes A, B and C for a hypothetical mutual
fund which offers all three classes.



Table 2: Distribution of Winner Class Across Classes A,B and C

This table presents the percentage frequencies of being a winner class for classes A, B and C at holding periods from 1 to 15 years for investment amounts less
than $ 50,000 and up to $ 1,000,000. The sample includes the diversified U.S equity mutual funds which offer classes A, B and C between 1992 and 2008. Funds
close to new investors are excluded. Also, fund-year observations with missing data on any fee in one of the classes are dropped from the sample. Thus, in my
sample, each fund-year observation has three data points corresponding to classes A, B and C. For each fund-year observation, I rank these classes based on their
expected net return (after fee) at each holding periods and investment amounts. To calculate the expected net return, I assume that investors use the most recent
fees to predict the future fees and all class Bs impose the back-end loads on the final price. Since each class shareholder receives the same gross fund return, the
differences in expected net return, thus rank assignment, do not require any assumption on expectations of future fund gross returns. Based on the ranks, I name
the class with the highest expected net return winner class. I report how frequently each class is a winner class at each holding period and investment amount.
Numbers represent percentages.

Class 1lyear 2year 3year 4year 5Syear 6year 7year 8year 9year 10year 1lyear 12year 13year 14year 15 year

<$ 50,000 A 0.06 0.15 0.22 0.60 2.05 715 2219 7931 8149 81.73 81.92 82.01 82.05 82.07 82.09
B 0.00 0.04 0.26 0.50 1.90 6.81 35.68 10.00 1741 17.56 17.60 17.69 17.67 17.69 17.65
C 9994 9981 9953 9890 96.06 86.04 42.12 10.69 1.10 0.71 0.47 0.30 0.28 0.24 0.26
$ 50,000 A 0.06 0.15 0.22 0.67 2.61 935 2775 80.65 8244 82.70 82.81 82.87 82.89 8291 82.93
B 0.00 0.04 0.26 0.50 1.51 6.25 3241 9.09 16.68 16.79 16.85 16.89 16.83 16.87 16.85
C 9994 9981 9953 98.84 95.88 8440 39.84 10.26 0.88 0.52 0.34 0.24 0.28 0.22 0.22
$ 100,000 A 0.06 0.24 0.30 1.92 537 2655 8597 9438 94.70 94.83 94.94 94.98 95.00 95.02 95.02
B 0.00 0.00 0.19 0.47 1.49 5.30 6.92 3.15 4.76 4.80 4.83 4.76 4.85 4.80 4.80
C 9994 9976 9950 97.61 93.15 68.15 7.11 248 0.54 0.37 0.24 0.26 0.15 0.17 0.17
$ 250,000 A 0.11 0.30 1.98 9.87 6225 9076 9647 98.69 98.77 98.84 98.86 98.86 98.88 98.88 98.88
B 0.00 0.00 0.19 0.47 0.71 0.80 1.94 0.90 0.97 0.97 1.01 0.95 0.97 0.99 0.95
C 99.89 9970 9782 89.66 37.04 8.45 1.59 0.41 0.26 0.19 0.13 0.19 0.15 0.13 0.17
$ 500,000 A 2.63 256 11.68 83.69 9716 9836 9879 99.07 99.03 99.05 99.05 99.05 99.05 99.05 99.05
B 0.00 0.00 0.19 0.43 0.56 0.75 0.88 0.67 0.75 0.82 0.80 0.78 0.80 0.75 0.78
C 9737 9744  88.13 15.88 2.28 0.88 0.32 0.26 0.22 0.13 0.15 0.17 0.15 0.19 0.17
$1,000,000 A 1295 1095 8755 9825 9851 98.62 99.01 99.16 99.10 99.10 99.12 99.12 99.12 99.12 99.12
B 0.00 0.00 0.00 0.32 0.45 0.62 0.73 0.67 0.75 0.75 0.71 0.71 0.73 0.73 0.73
C 87.05 89.05 1245 1.42 1.03 0.75 0.26 0.17 0.15 0.15 0.17 0.17 0.15 0.15 0.15




Table 3: Median of within-Fund Performance Rankings for Each Class

This table reports the median of within fund-year observation rankings of classes A, B and C at holding periods from 1 to 15 years for investment amounts less
than $50,000 and up to $1,000,000. The sample includes the diversified U.S equity mutual funds which offer classes A, B and C between 1992 and 2008. Funds
close to new investors are excluded. Also, fund-year observations with missing data on any fee in one of the classes are dropped from the sample. Thus, each
fund-year observation has three data points corresponding to classes A, B and C. For each fund-year observation, I rank these classes in descending order based on
their expected net return (after fee) at each holding periods and investment amounts. So, for example, class with the best performance is assigned rank of 1. To
calculate the expected net return, I assume that investors use the most recent fees to predict the future fees and all class Bs impose the back-end loads on the final
price. Since each class shareholder receives the same gross fund return, rank assignment does not require any assumption on expectations of future fund gross
returns. I report median of ranks for each class at each holding period and investment amount.

Class 1lyear 2year 3year 4year 5year 6year 7year 8year 9year 10year 1lyear 12year 13year 14year 15year

<$ 50,000 A 3 3 3 3 3 3 3 1 1 1 1 1 1 1 1
B 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
C 1 1 1 1 1 1 2 2 3 3 3 3 3 3 3
$ 50,000 A 2 3 3 2 2 3 3 1 1 1 1 1 1 1 1
B 3 2 2 3 3 2 2 2 2 2 2 2 2 2 2
C 1 1 1 1 1 1 2 2 3 3 3 3 3 3 3
$ 100,000 A 2 2 2 2 2 2 1 1 1 1 1 1 1 1 1
B 3 3 3 3 3 3 2 3 2 2 2 2 2 2 2
C 1 1 1 1 1 1 2 2 3 3 3 3 3 3 3
$ 250,000 A 2 2 2 2 1 1 1 1 1 1 1 1 1 1 1
B 3 3 3 3 3 3 3 3 2 2 2 2 2 2 2
C 1 1 1 1 2 2 2 2 3 3 3 3 3 3 3
$ 500,000 A 2 2 2 1 1 1 1 1 1 1 1 1 1 1 1
B 3 3 3 3 3 3 3 3 2 2 2 2 2 2 2
C 1 1 1 2 2 2 2 2 3 3 3 3 3 3 3
$ 1,000,000 A 2 2 1 1 1 1 1 1 1 1 1 1 1 1 1
B 3 3 3 3 3 3 3 3 2 2 2 2 2 2 2
C 1 1 2 2 2 2 2 2 3 3 3 3 3 3 3




Table 4: Summary Statistics

This table reports the summary statistics for expense ratio (in %), year-end total net assets (TNA)
(in $ millions), net flow (% of TNA), and annual raw return (net of expense ratio) for the funds
in my sample. The sample includes the diversified U.S equity mutual funds which offer classes
A, B and C between 1992 and 2008. Funds close to new investors are excluded. Expense ratio,
TNA and annual raw return are as reported in CRSP. Net flow is the growth in total assets under
management net of internal growth as a percentage of previous year-end TNA. This variable is
only calculated for observations with non-missing data on annual return and two consecutive
years of TNA. Table includes minimum, maximum, median, the 25! and the 75" percentiles of
each variable. Statistics are reported for class A, B and C in panels 1, 2, 3, respectively.

Expense Ratio TNA Net Flow Annual Return
(%) ($ millions) (% of TNA)

Panel 1. Class A

Min 0.4 0.40 —0.48 —0.29
P25 1.1 28.60 —0.13 —0.05
P50 1.3 106.80 —0.01 0.00
P75 1.5 384.50 0.27 0.05
Max 5.1 6525.20 20.46 1.79

Panel 2. Class B

Min 1.1 0.10 —0.55 —0.30
P25 1.9 9.60 —0.22 —0.06
P50 2.0 42.00 —0.09 —0.01
P75 22 161.70 0.18 0.04
Max 5.8 6573.00 17.93 1.76

Panel 3. Class C

Min 1.1 0.10 —0.48 —0.30
P25 1.9 4.40 —0.16 —0.06
P50 2.0 16.05 0.01 —0.01
P75 22 66.10 0.40 0.04
Max 5.8 6458.40 20.25 1.76

:Expense ratio is after any fee waivers



Table 5: Summary Statistics: Loads

This table reports the summary statistics for front loads for class A and back-end loads for classes
B and C in panels 1, 2 and 3, respectively, for the funds in my sample. The sample includes
the diversified U.S equity mutual funds which offer classes A, B and C between 1992 and 2008.
Funds close to new investors are excluded. Table displays minimum, maximum, median, the
25" and the 75" percentiles of each variable. Front loads depend on the investor investment
amount. Panel 1 presents the summary statistics for front loads at different investment amounts
(in columns). These investment amounts correspond to the amounts at which front loads are
commonly reduced. Back-end loads are charged upon redemptions within 6 or 7 years and depend
on how long investors hold their shares. Panel 2 and 3 report the back-end loads at holding periods
from year 1to 7.

Panel 1. Class A: Front Loads (in %)

$10,000 $25000 $50,000 $100,000 $250,000 $500,000 $ 1,000,000

Min 25 25 2.5 2.5 2.0 1.0 0.0
P25 53 53 5.0 4.5 3.5 25 2.0
P50 5.8 5.8 5.5 4.5 3.5 25 2.0
P75 5.8 5.8 5.8 4.8 3.8 2.8 2.0
Max 5.8 5.8 5.8 5.8 5.8 5.8 5.8

Panel 2. Class B: Back-End Loads (in %)

1 year 2 year 3 year 4 year 5 year 6 year 7 year
Min 1.0 1.0 1.0 1.0 0.0 0.0 0.0
P25 5.0 4.0 3.0 2.5 2.0 1.0 0.0
P50 5.0 4.0 3.0 3.0 2.0 1.0 0.0
P75 5.0 4.0 3.0 3.0 2.0 1.0 0.0
Max 6.0 5.0 5.0 5.0 5.0 5.0 5.0

Panel 3. Class C: Back-End Loads (in %)

1 year 2 year 3 year 4 year 5 year 6 year 7 year
Min 0.5 0.0 0.0 0.0 0.0 0.0 0.0
P25 1.0 0.0 0.0 0.0 0.0 0.0 0.0
P50 1.0 0.0 0.0 0.0 0.0 0.0 0.0
P75 1.0 0.0 0.0 0.0 0.0 0.0 0.0
Max 4.0 4.0 3.0 2.0 1.5 1.5 1.5




Table 6: Fee Sensitivity Regressions with Net Flow as Dependent Variable

This table reports the mean coefficient estimates and associated standard errors (in parentheses)
from panel regressions of annual class-fund net flows on fees and selected fund characteristics.
Columns (1)-(4) present results from year 1992 to 2008, and column (5) reports results from year
1992 to 2006. These regressions, except the one reported in column (4), include class-fund fixed
effects. The sample covers diversified U.S equity mutual funds which offer classes A, B and C.
Fund-year observations with missing data on any variables in one of the classes are dropped from
the sample. Funds close to new investors are excluded from the analyses. The dependent vari-
able, NetFlow, is the growth in total assets under management net of internal growth as a per-
centage of previous year-end TNA. The independent variables are expense ratio, load (equal to
the maximum front load for class A and maximum back-end load for class B and also for class
C if it has a back end load), logarithm of previous year-end TNA, style-adjusted (i.e. in excess
of average fund return in the same objective style) raw return, Perf, of year ¢, t —1 and t — 2,
style-adjusted raw return squared for year t — 1, logarithm of total family assets held in each class,
Log(AssetsinSameClass), logarithm of class age and the monthly standard deviation of the raw
return over the previous 24 months. B and C are the class dummies which are equal to 1 if it the
observation is a class B and C, respectively. Regressions include interaction terms of class dummies
with expense ratio, load and Per f;_;. The dependent variable is winsorized at the 97.5" percentile.
Each regression includes year and objective style dummies. Standard errors are clustered by fund.



(1) 2) 3) (4) 6)
Expense Ratio;_1 —42.45 % xx  —4217 xxx  —40.30%xx —1529 % *xx  —50.75 % xx
(13.80) (14.39) (14.41) (4.03) (15.95)
Expense Ratio;_1xB 28.22 % 31.40 % * 31.16 % * 9.05 * % 30.42 %
(13.45) (13.90) (14.04) (3.88) (14.99)
Expense Ratio;_1xC 14.86 14.84 10.53 3.49 17.93
(14.12) (14.47) (14.62) (3.93) (17.23)
Load; 1 13.79% 14.59x% 13.40 5.57 % 11.18
(8.08) (8.21) (8.56) (2.48) (9.24)
Load;_1xB —2858 % xx —31.16%**x —3040*%xx  —6.85%* —23.06%
(10.91) (10.83) (11.07) (3.43) (12.32)
Load;_1xC —23.95 % x —26.95 * x —26.25 % —26.84 % xx —22.39%
(11.03) (11.40) (11.51) (5.41) (12.63)
Log(TNA);_; —0.37 %% —038*x*x  —0.38x*%x  —0.08%*xx  —0.38%xx
(0.04) (0.04) (0.04) (0.01) (0.05)
Perf; 0.10 0.10 0.10 0.82 % % 0.05
(0.13) (0.13) (0.13) (0.15) (0.15)
Perf;_4 1.22 % %% 1.23 % %ok 1.10 % %% 1.49 x %% 1.13 % %%
(0.14) (0.14) (0.15) (0.11) (0.17)
Perf; _1xB —0.04 —0.30 * *x 0.06
(0.13) (0.11) (0.16)
Perf;_1xC 0.41 = % 0.40 * 0.46 *
(0.19) (0.15) (0.22)
Perf?, 4 —0.70 % * —0.68 * * —0.67 % * —0.43 —0.73 % %
(0.32) (0.32) (0.32) (0.39) (0.34)
Perf;_» 0.27 * *x 0.27 # ** 0.27 # % 0.43 % *x 0.26 * %
(0.08) (0.08) (0.08) (0.08) (0.08)
Log(AssetsinSameClass); 0.15 % 0.15 % *x 0.15 * #x 0.04 % *: 0.14 * #x
(0.03) (0.03) (0.03) (0.01) (0.03)
Log(Class Age) —0.38 % *x
(0.11)
Std Dev; 4 3.20
(2.21)
B 0.15
(0.18)
C 0.54 * s
(0.15)
Fixed Effects? Yes Yes Yes No Yes
Year Dummies? Yes Yes Yes Yes Yes
Style Dummies? Yes Yes Yes Yes Yes
Observations 6489 6489 6489 6525 5163
Adjusted R? 0.333 0.329 0.331 0.238 0.309

Standard errors in parentheses

*p < 0.10,* p < 0.05,** p < 0.01



Table 7: Summary Statistics: Monthly $ Net Flow, Inflow and Outflow

This table provides summary statistics on monthly $ net flow and my measures of monthly inflow
and outflow. Panels 1 and 2 report for a sample of diversified U.S equity mutual funds which offer
classes A, B and C between 1992 and 2008. Monthly $ net flow is the monthly growth in total assets
under management net of internal growth. Panel 1 presents the percentage frequencies of positive
and negative monthly $ net flow. Panel 2 shows the average number of months with positive and
negative $ net flows within a year. Statistics are displayed for full sample, classes A, B and C
in columns. Panel 3 reports summary statistics on monthly raw returns, net flow, my measures
and actual values of inflow and outflow. Section (i) illustrates what is reported by Cashman et al
(2008) based on a data, called N-SAR, which provides the actual values of inflows and outflows. 1
report my measures of inflows and outflows section (ii) for a similar sample to theirs. My monthly
fund inflow (outflow) measure is equal to (absolute value of) net flow divided by the previous
month-end TNA if net flow is positive, otherwise it is set to zero. Reported statistics are mean,
median, max, minimum, standard deviation, and the 25" and 75" percentiles. Flow variables are
winsorized at the 97.5" percentile.

Panel 1. Distribution of Positive and Negative $ Net Flow

Full Sample A B C
$NetFlow<0 50.47 5248 5815  48.82
$NetFlow>0 49.53 47.52 41.85 51.18

Panel 2. Average # of Months with Positive and Negative $ Net Flow

Full Sample A B C
$NetFlow<0 6.24 6.43 713 6.06
$NetFlow>0 5.76 5.57 4.87 5.94

Panel 3. N-SAR versus My Measures

Mean Median Max P75 P25 Min Std Dev
i. N-SAR
Raw Return 0.015 0.016 1.172 0.087 —0.061 —0.65 0.133
Net Flow 0.02 0.004 0.426 0.029 0.008 —0.116 0.06
Inflow 0.054 0.028 0.477 0.065 0.013 0.001 0.068
Outflow 0.034 0.023 0.395 0.04 0.013 0.000 0.037
ii. My Measures
Raw Return 0.080 0.076 3.139 0.267 —0.131 —-0.760 0.275
Net Flow 0.010 0.001 0.250 0.020 —-0.011 —0.093 0.044
Inflow 0.020 0.003 0.254 0.021 0.000 0.000 0.038
Outflow 0.009 0.002 0.097 0.012 0.000 0.000 0.016
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Table 8: Holding Period Regressions

This table shows the mean coefficient estimates from pooled OLS regressions of annual $ outflows
in year t on annual $ inflows from year ¢ to t-10. Panel 2 regressions restrict the coefficients on
annual $ inflows from year t — 1 to t — 10 to be positive and add up to 1. Results are presented for
class A, B and C in columns. Sample for these regressions include mutual funds in all objective
styles (equity, non-equity etc.) which offer classes A, B and C. Sample periods are from 2001 to 2008
for class A and from 2002 to 2008 for classes B and C. Funds close to new investors are excluded
from the analyses. Annual $ outflow is equal to absolute value of sum of negative monthly net $
flows in a given year. Monthly $ net flow is the monthly growth in total assets under management
net of internal growth. Annual $ inflow is equal to sum of positive monthly net $ flows in a given
year, multiplied by the cumulative monthly return from the end of the month through the year.
To calculate the annual $ inflows and outflows, 10 months of non-missing data on monthly $ net
flows are required. Annual $ inflows and outflows are winsorized at the 97.5th percentile. Each
regression includes year and objective style dummies. Standard errors are clustered by fund.
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Panel 1. Regressions with no Restrictions

A B C
$ Inflow; —0.299 * *x —0.283 * % —0.213 * *x*
$ Inflow;_1 0.117 % xx —0.168x 0.160 * *
$ Inflow;_» 0.072 * % 0.150 * = 0.044
$ Inflow;_3 0.124 * xx 0.083 x* * 0.020
$ Inflow;_4 0.060 0.186 * *x 0.195 % xx
$ Inflow;_5 0.075 * xx 0.126 * —0.034
$ Inflow;_¢ 0.051 * * 0.169 * *x* 0.098 * *
$ Inflow;_» 0.119 * xx 0.139 * 0.126 * %
$ Inflow;_g 0.030 0.173 # *x 0.039
$ Inflow;_g 0.076 * % 0.060 * *x 0.065
$ Inflow;_1p 0.090 * s 0.093 * s 0.091 x* %
Year Dummies? Yes Yes Yes
Style Dummies? Yes Yes Yes
Observations 2507 1481 647
Adjusted R? 0.334 0.739 0.627

Panel 2. Regressions with Restrictions

A B C
$ Inflow; —0.372 % %% —0.433 * ** —0.296 * **
$ Inflow;_1 0.202 0.0001 0.232
$ Inflow;_» 0.085 * x 0.053 0.079 x x
$ Inflow;_3 0.135% 0.112 % *x* 0.029 % *x*
$ Inflow;_4 0.064 * xx 0.121 * % 0.191
$ Inflow;_5 0.074  #x 0.121 # % 0.0001
$ Inflow;_¢ 0.053 * 3 0.157 * s 0.091 *
$ Inflow;_» 0.149x 0.140 * 0.160 * =
$ Inflow;_g 0.049 % %% 0.136 * *x* 0.031 * *x*
$ Inflow;_g 0.085 * *x* 0.068 * *x 0.114
$ Inflow;_1g 0.103 % *x* 0.090 % *x* 0.074 % *x*
Year Dummies? Yes Yes Yes
Style Dummies? Yes Yes Yes
Observations 2507 1481 647
Log Likelihood 5733.98 4189.66 1970.39

*p < 0.10,* p < 0.05,** p < 0,01
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Table 9: Inflow and Outflow Responsiveness to Past Performance

This table reports the mean coefficient estimates and associated standard errors (in parentheses)
from pooled OLS regressions of annual class-fund inflows, or outflows, on past performance and
selected fund characteristics. The sample covers diversified U.S equity mutual funds which offer
classes A, B and C from 1992 to 2008. Funds close to new investors are excluded from the analyses.
Columns (1) and (2) include the dependent variable of annual inflow, which is the sum of positive
monthly net $ flow in a given year, divided by the previous year-end TNA. The dependent variable
in columns (3)-(5) is annual outflow, which is the absolute value of sum of negative monthly net
$ flow in a given year, divided by the previous year-end TNA. Independent variables in these
regressions include style-adjusted raw return (i.e. in excess of average fund return in its objective
style) in year t, t — 1 and t — 2, squared style-adjusted raw return of year ¢t — 1, raw return in year
t — 1, a dummy variable which takes a value of 1 if the fund had negative raw return in year ¢ — 1,
logarithm of previous year-end TNA, logarithm of class age, the monthly standard deviation of
the raw return over the previous 24 months, expense ratio and load (equal to the maximum front
load for class A and maximum back-end load for class B and also for class C if it has a back end
load). B and C are the class dummies which are equal to 1 if it the observation is a class B and C,
respectively. Regressions include interaction terms of class dummies with style-adjusted returns of
year t — 1 and t — 2, raw return and negative raw return dummy. Regressions with the dependent
variable of annual inflow (outflow) include annual outflow (inflow) as a control variable. Both
dependent variables are winsorized at the 97.5" percentile. Each regression includes year and
objective style dummies. Standard errors are clustered by fund. Logarithm of class age, standard
deviation of monthly returns, fee variables, class dummies, and outflow and inflow (when added
as control variables) are not reported on the table for expositional purposes. A more detailed
version of the table is available upon request.
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Inflow Outflow
O ) (©) 4) (5)
Perf; 0.61 % xx 0.61 * xx —0.11 % %% —0.11 % %% —0.08 * *x
(0.13) (0.12) (0.02) (0.02) (0.02)
Perf;_4 1.04 % xx 0.87 x *x —0.28 * *x —0.13 % *x —0.16 * *x
(0.11) (0.18) (0.03) (0.05) (0.05)
Perf; _1xB —-0.17 -0.17 —0.01 —0.05 —0.01
(0.12) (0.12) (0.03) (0.04) (0.03)
Perf;_1xC 0.43 * *x 0.24x% —0.17 * %% —0.14 % *xx —0.17 % %%
(0.13) (0.14) (0.04) (0.05) (0.04)
Perf?,_; 0.00 —0.04 0.33 * *x 0.35 % % 0.36 * xx
(0.40) (0.40) (0.04) (0.05) (0.05)
Perf;_» 0.35 * *x 0.36 * *x* —0.14 % *x% —0.14 x xx —0.15 x *x
(0.08) (0.08) (0.02) (0.02) (0.02)
Perf; _,xB —0.24 * % —0.24 * % 0.01 0.01
(0.11) (0.11) (0.02) (0.02)
Perf; ,xC —0.13 —0.13 —0.04 —0.04
(0.10) (0.10) (0.03) (0.03)
Raw Return;_1 0.18 —0.15 * *x —0.13 % %%
(0.17) (0.04) (0.04)
Raw Return;_1xB 0.00 0.03
(0.05) (0.02)
Raw Return;_1xC 0.17 % * 0.03
(0.07) (0.02)
Negative Raw Return 0.03 * *
(0.01)
Negative Raw ReturnxB —0.01x
(0.01)
Negative Raw ReturnxC 0.01
(0.01)
Log(TNA);_1 —0.08xxx  —0.08%*x  —0.03%xx  —0.03%%x  —0.03% xx*
(0.01) (0.01) (0.00) (0.00) (0.00)
Year Dummies? Yes Yes Yes Yes Yes
Style Dummies? Yes Yes Yes Yes Yes
Controls? Yes Yes Yes Yes Yes
Observations 6679 6679 6679 6679 6679
Adjusted R? 0.246 0.247 0.240 0.241 0.242

Standard errors in parentheses
*p <0.10,* p < 0.05,*** p < 0.01
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Table 10: Differential Taste for Some Non-Portfolio Characteristics

This table reports the mean coefficient estimates and associated standard errors (in parentheses)
from pooled OLS regressions of annual class-fund net flows on selected fund characteristics. The
sample covers diversified U.S equity mutual funds which offer classes A, B and C from 1992 to
2008. Funds close to new investors are excluded from the analyses. The dependent variable,
NetFlow, is the growth in total assets under management net of internal growth as a percentage of
previous year-end TNNA. The key independent variables are income yield, turnover ratio, number
of funds offered by the family, number of funds offered by the family in distinct objective styles
and the logarithm of family TNA. Income yield is the income distributions (before expense ratio),
as a percentage of net asset value, divided by its mean value across funds in the same objective
style. B and C are the class dummies which are equal to 1 if it the observation is a class B and
C, respectively. Regressions include interactions terms of class dummies with key independent
variables. Regressions also include control variables of expense ratio, load (equal to the maximum
front load for class A and maximum back-end load for class B and also for class C if it has a back
end load), logarithm of previous year-end TNA, style-adjusted raw return (i.e. in excess of aver-
age fund return in its objective style), Perf, of year t, t — 1 and t — 2, and style-adjusted raw return
squared for year ¢ — 1. Dependent variable is winsorized at the 97.5" percentile. Each regression
includes year and objective style dummies. Standard errors are clustered by fund. Estimated co-
efficients on control variables are not reported for expositional purposes. A more detailed version
of the table is available upon request.
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1) 2) ©) (4) (5)
Income Yield; 1 —0.02 —0.07 —0.04 —0.07 —0.04
(0.04) (0.05) (0.05) (0.04) (0.05)
Income Yield;_1xB —0.11
(0.08)
Income Yield; _1xC —0.16 %
(0.07)
Turnover Ratio; 1 0.03 —0.03 0.01 0.03 0.01
(0.04) (0.04) (0.03) (0.04) (0.03)
Turnover Ratio;_1xB 0.11x
(0.06)
Turnover Ratio;_1xC 0.09
(0.09)
# of Funds 0.0009 0.0009 0.001
(0.002) (0.002) (0.001)
# of FundsxB 0.0003
(0.0015)
# of FundsxC —0.0006
(0.002)
# of Funds in Distinct Styles 0.003 0.002 0.005
(0.007) (0.007) (0.006)
# of Funds in Distinct StylesxB 0.004
(0.008)
# of Funds in Distinct StylesxC —0.0003
(0.009)
Log(Family TNA);_4 0.03x
(0.02)
Log(Family TNA);_1xB —0.01
(0.02)
Log(Family TNA);_1xC —0.02
(0.02)
Fixed Effects? No No No No No
Year Dummies? Yes Yes Yes Yes Yes
Style Dummies? Yes Yes Yes Yes Yes
Controls? Yes Yes Yes Yes Yes
Observations 978 978 2130 978 2041
Adjusted R? 0.304 0.303 0.265 0.302 0.266

Standard errors in parentheses
*p <0.10,* p <0.05**p <0.01
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Table 11: Fee Sensitivity Regressions with Alternative Dependent Variables

This table reports the mean coefficient estimates and associated standard errors (in parentheses)
from fixed effects regressions of annual fund inflows, or market share of $ inflows, on fees and
selected fund characteristics. The sample covers diversified U.S equity mutual funds which offer
classes A, B and C from 1992 to 2008. Funds close to new investors are excluded from the analyses.
Columns (1) and (2) include the dependent variable of annual inflow, which is the sum of posi-
tive monthly net $ flow in a given year, divided by the previous year-end TNA. The dependent
variable in columns (3) and (4) is MSInflow, which is the annual $ inflow divided by the total of
annual dollar inflows within each class given a year and objective style. The independent variables
include expense ratio, load (equal to the maximum front load for class A and maximum back-end
load for class B and also for class C if it has a back end load), logarithm of previous year-end TNA,
style-adjusted raw return (i.e. in excess of average fund return in its objective style), Perf, of year
t,t —1and t — 2, style-adjusted raw return squared for year t — 1, logarithm of total family assets
held in each class and annual outflow in year t. Annual outflow is equal to is the absolute value of
sum of negative monthly net $ flow in a given year, divided by the previous year-end TNA. B and
C are the class dummies which are equal to 1 if it the observation is a class B and C, respectively.
The regressions include interactions of class dummies with expense ratio, load and outflow. An-
nual inflow and outflows are winsorized at the 97.5" percentile. Regressions reported in columns
(1) and (2) include year and objective style dummies. Standard errors are clustered by fund.
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Inflow MS Inflow
1) 2) ©) 4
Expense Ratio;_ —39.94 x xx —39.96 * xx —1.38 s % —0.73%
(13.57) (13.59) (0.44) (0.43)
Expense Ratio;_1xB 31.45 % 32.02 * % 1.12 % % 0.90x
(13.59) (13.53) (0.48) (0.48)
Expense Ratio;_1xC 20.40 20.63 0.67 0.20
(14.88) (14.89) (0.42) (0.39)
Load;_1 15.88 * * 16.09 * * —0.22 —0.21
(6.51) (6.53) (0.19) (0.18)
Load;_1xB —31.76 % * —32.41 %% 0.12 —0.02
(14.34) (14.17) (0.27) (0.28)
Load;_1xC —28.41x —29.13 % * 0.54x 0.48
(14.63) (14.21) (0.30) (0.32)
Log(TNA);_ —0.37 * % —0.37 * %
(0.04) (0.04)
Perf; 0.03 0.03 0.00 0.01
(0.11) (0.11) (0.00) (0.01)
Perf;_4 0.99 * % 1.02 % %% 0.02 * * 0.03 * *x
(0.14) (0.13) (0.00) (0.00)
Perf?; —0.51 %% —0.53 % % —0.00 —0.01
(0.25) (0.25) (0.01) (0.01)
Perf;_» 0.18 * x 0.19 % % 0.01 * *x 0.01 *
(0.07) (0.07) (0.00) (0.00)
Log(AssetsinSameClass); 0.10 * #x 0.10 * *x 0.00x
(0.02) (0.02) (0.00)
Outflow; —0.07 —0.20 % **
(0.13) (0.03)
Outflow;xB 0.00
(0.05)
Outflow;xC —0.22x%
(0.12)
Fixed Effects? Yes Yes Yes Yes
Year Dummies? Yes Yes No No
Style Dummies? Yes Yes No No
Observations 6111 6111 6147 6147
Adjusted R? 0.328 0.328 0.116 0.033

Standard errors in parentheses

*p <0,10,* p < 0,05, ** p < 0,01
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Table 12: Summary Statistics: Monthly $ Net Flow Across Months within a Year

This table shows the distribution of positive and negative monthly $ net flow across 12 months. Row figures represent percentages and sum to 100. This table
also reports the mean values of my measures of monthly $ inflows and outflows in each month. The sample includes diversified U.S equity mutual funds which
offer classes A, B and C between 1992 and 2008. Funds close to new investors are excluded. My monthly inflow (outflow) measure is equal to (absolute value of)
monthly $ net flow if it is positive, otherwise it is set to zero. Monthly $ net flow is the monthly growth in total assets under management net of internal growth.
Results are displayed for full sample, classes A, B and C in panels 1, 2, 3, and 4, respectively.

Jan Feb March April May June July Aug Sept Oct Nov Dec

Panel 1. Full Sample

$ Net Flow <0 7.4 74 7.8 8.14 8.03 8.25 8.17 8.6 8.89 9.00 8.85 9.49
$ Net Flow>0 8.39 8.57 8.32 8.15 8.38 8.34 8.58 8.26 8.11 8.36 8.58 7.96
Mean $ Inflow 4.64 422 4.26 4.07 4.20 3.95 4.08 413 3.83 4.25 4.14 4.18
Mean $ Outflow 3.11 2.89 3.11 3.09 2.79 2.96 2.88 2.73 2.90 2.93 2.70 3.22

Panel 2. Class A

$ Net Flow <0 7.7 7.71 7.87 8 8.14 8.12 8.29 8.64 8.8 8.85 8.75 9.12
$ Net Flow >0 8.4 8.56 8.48 8.5 8.42 8.57 8.51 8.21 8.12 8.15 8.26 7.83
Mean $ Inflow 4.39 413 4.20 4.06 3.94 3.96 4.02 4.06 3.73 413 4.03 4.05
Mean $ Outflow 3.30 3.10 3.29 3.25 3.20 3.12 3.11 3.03 3.07 3.21 2.98 3.59

Panel 3. Class B

$ Net Flow<0 7.57 7.73 8.02 7.92 8.05 8.26 8.46 8.62 8.81 8.81 8.78 8.98
$ Net Flow>0 8.57 8.54 8.34 8.69 8.62 8.48 8.35 8.21 8.04 8.12 8.17 7.87
Mean $ Inflow 247 244 2.56 245 244 2.35 240 2.35 2.33 2.34 224 2.19
Mean $ Outflow 2.39 2.29 2.57 2.26 217 2.32 2.28 2.13 2.20 2.10 2.00 2.29

Panel 4. Class C

$ Net Flow<0 7.45 7.44 7.75 7.94 8.02 8.14 8.35 8.74 8.85 9.11 9.04 9.18
$ Net Flow>0 8.25 8.45 8.37 8.42 8.45 8.51 8.46 8.21 8.28 8.17 8.28 8.15
Mean $ Inflow 2.06 2.00 2.11 1.95 1.97 1.87 1.78 1.83 1.73 1.86 1.81 1.84

Mean $ Outflow 1.16 1.11 1.24 1.09 1.05 1.04 1.09 1.10 1.09 1.16 1.10 1.26
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