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The Mutual Fund Fee Puzzle

Abstract

We find economically large fee dispersion in thetual fund industry, even after controlling for a
comprehensive set of fund characteristics suctegenmance, activeness or risk exposures. Thisedsémn is not
driven by small funds, as it is also substantiabagithe very largest funds (top quintile). It isahot driven by
the early years of the sample; rather in contidispersion measures show a tendency to increagghetate-
90ties, to then stay at elevated levels until #eent financial crisis, and to only decrease diyght most recent
years. Further tests reveal that competition aistidns help explain expected fees but do not sutistly lower
fee dispersion. Interestingly, shocks to US houkkparticipation in the mutual fund industry sigo#ntly predict

future increases in dispersion (and, to a lessengxn average fees).



1. Introduction

A large literature exists that attempts to explahy similar products sell for different prices. rFexample,
Lach (2002) documents considerable price disper&iosimilar refrigerators, chicken, coffee, anduit! He
concludes that because stores change their pricirggregular basis, consumers cannot learn whickssaire the

low cost sellers, and as a consequence, pricerdiepepersists.

In the mutual fund markets, Elton, Gruber, and BU2904) document price dispersion of more tharp2®o
year for essentially identical S&P500 index fun@isey conclude that a combination of the inabildyarbitrage
(i.e., one cannot short sell open-ended mutualduadd uninformed investors is sufficient to hawe law of one
price fail in the S&P500 index fund market. Othesearch, focusing on sub-categories of funds,ges\evidence

of differential prices being charged for funds wétilar characteristics.

In contrast, other papers suggest that the mutuwad markets are more or less competitively pric&ar
example, Khorana, Servaes, and Tufano (2009) examirtual fund fees in 18 countries and find thastned the
cross-sectional dispersion in fees can be expldiyegconomic variables, such as investment objectponsor,
national characteristics, and levels of investoteution® More recently, Wahal and Wang (2011) provide enizk
that incumbents with high overlap in their portédfioldings with entrants subsequently engage semompetition
by reducing their management fees. In additioay thiso find evidence that incumbents with higheutfplio
overlap with entrants have lower future fund inflowl hey conclude that the mutual fund market leaslVed into

one that displays the hallmark features of a coitiyetmarket.” Overall, while the existing litetae provides

! See also Bakos (2001), Brown and Goolsbee (2@ghjolfsson and Smith (2000), Nakamura (1999) ttPed al. (1979),
Scholten and Smith (2002), and Sorensen (2000).

2 See also Elton, Gruber, and Rentzler (1989) whd that public commodity funds exist that underperf the risk free rate,
Christoffersen and Musto (2002) who find a widgpdision in expenses across similar money markelsfitamd Hortacsu and
Syverson (2004) who document fee dispersion wisiimlar equity fund categories and within S&P508ar funds. There
are also several papers that develop theoreticdem®f the mutual fund industry, including endoges fee setting. Nanda,
Narayanan and Warther (2000), for example, conatntin the structure of mutual funds, i.e., ondbeabination of loads
and fees; Das and Sundaram (2002) compare fulaeeemtd incentive fees. Pastor and Stambaugh (26&0heir model to
study the aggregate size of the active managemetutaifund market.

3 See also Khorana and Servaes (2009) who examteendrants of mutual fund family market share. Thegument that
fund families that charge lower style-adjusted e&ges relative to other families and families wheggense ratios decline as
the fund family size grows have higher market shéhey also find that families whose expenses bow@the mean increase
their market share when they lower their expenses.



evidence of price dispersion in specific areashefmutual fund market, there is little existingdmnce on how
widespread the phenomenon is or on how it has @thoger time given the dramatic growth in the mutuad

market.

In this paper, we study the price dispersion ammaogual funds and, specifically, investigate if damifunds,
as measured by important fund characteristics, hayghly similar expenses. To do this, we exartieeresiduals
from yearly, cross-sectional regressions of totahual expenses (i.e., annual operating expensekiding
management fees and 12b-1 fees) on lagged fundathastics, such as risk and performance charsits; extent
of active management, service levels, and fund@izge. On average, these regressions explainaboyt 28%
of the dispersion in expenses, leaving a sizabéxpiained dispersion in expenses. Specificallyfing that the

average spread in residual expenses (betweeri'thed199' percentile) across all funds over the sample43%.

More interestingly, the dispersion in residual exges has not decreased over time. In fact, thesitpge the
case, as dispersion increased until the late-9@hien stayed at high levels for some years angsidwed a slight
decrease in most recent years. In contrast, awdesggevels — after increasing substantially @03 or so — did
experience a noticeable decrease during the lasi 16 years. Importantly, our results hold fothothe largest
total net asset (TNA) funds as well as the smdllA funds; the average spread in residual expeigs&99% for
the smallest quintile of TNA funds and is 1.77%tfoe largest quintile of funds. Our resultsrateust to multiple
variations in the models used to estimate resiep¢nses, aggregation of share classes, the bséooé-expense

performance measures in estimating residual expenad the use of holdings data to identify sinfilexds.

We examine the implications of our findings for@stors. Based on residual expenses, an investongsing
the lowest expense funds would have earned compauaicthormal returns 84% higher than an investatiaging
the most expensive funds. If we do the same eseenasing reported expenses (i.e., a fund’s statatldnnual
expenses), the low fee investor would have beefol@2ead of the high fee investor. As a basis dongarison,
the compounded differences in reported expensegl(@ expenses) over the same period were 17978414

Thus, while the difference in abnormal returns st high expense and low expense funds is lesstligan



cumulative difference in expenses, investors higaificant costs from investing in high expense nalifunds that

are not recouped through higher performance oethesds.

One interpretation of our results on fee dispergdack of competition among mutual funds, comsisivith
Haslem, Baker and Smith (2006), Gil-Bazo and Ruézeli (2009), and Barras, Scaillet and Wermers (ROLO
contrast, however, Wahal and Wang (2011) conclbhdé the mutual fund industry behaves like a coripeti
industry. To shed some more light on these diffgresults, we follow Wahal and Wang (2011) anatere fund-
level competition measure based on holdings inftiona Consistent with their results and econorh&oty, we
find some evidence that funds facing competitioargh lower fees; however, controlling for competitin the

fee regressions does not result in a substantact®n of residual fee dispersion.

Finally, we investigate mechanisms that could pidéiy inhibit competition and boost dispersionnésuch
mechanism relies on the existence of frictions sastsearch costs or barriers to exit from fundse d#fine
empirical proxies for these frictions and find sigoand statistically significant evidence that thegtter for
expected fees — funds that seem to engage in rapalibom of fee changes and funds that make it géstlinvestors
to exit are able to charge higher fees. Intergbtiand surprisingly, however, controlling for tleefactors in the

fee regressions does not reduce the spreads duatsees.

Another mechanism that prevents competition andilghiacrease fee dispersion is based on the existeh
investor clienteles. Here we follow Christoffersamd Musto (2002) and Gil-Bazo and Ruiz-Verdu (90080
argue that performance-sensitive investors withdrassets from poorly performing funds leaving only
performance-insensitive investors as holders offtinels’ shares; in response, poorly performing futehd to
increase their fees. We find no support for theschanism in our sample. Alternatively, we investilgwhether
the time-series dynamics of fee dispersion andeayeclevels of fees are related to the participatfoptail investors
in the mutual fund industry. We find strong eviderthat this is the case: positive shocks to timécgzation of

retail investors resulted in subsequent increasésxei dispersion and average levels of fees.

The above results seem puzzling to us. While aeefae levels have decreased in recent years,stenisi

with competition working well, levels of fee disg@n are still at economically large levels sugipgsthat
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competition does not work that well. Similarly, ¥ehour proxies for frictions help explain feeseyhhave only a
negligible impact on fee dispersion. Maybe ourxgs are not capturing the corresponding frictiomesl or we

are missing important frictions in our analysis.

Alternatively, if one takes it as a given that thetual fund markets are in a competitive equilibrjuhen our
finding of a large dispersion in prices for simiamds still represents a puzzle: what mutual fgmdduct
characteristics, missing from our analysis, cardarsuch large spreads in fees? Stated diffgrentiat omitted
product characteristics can be so important tostors that they are willing to lose 84% or mor¢hef future value

of their portfolio?

We see the broader contribution of this paper eeetbld. First, we show that the S&P 500 indexdfynice
dispersion effects documented in Elton, Gruber,Buske (2004) and Hortacsu and Syverson (2004h@xtethe
entire US equity fund industry. We find that tipeesad in prices among similar funds is pervasivesinvestment
styles, institutional and non-institutional fundsd for small and large TNA funds. In additionspiée enormous
industry growth, the effect has not diminished maghr time. Second, the heterogeneity of fundsuinsample,
relative to prior work in this area using index dign allows us to test a rich set of hypothesesxfbam fee
dispersion, resulting in a deeper understandirfgpef funds set fees. Finally, we show importanester welfare

effects that are industry wide and not just appliedo small subsets of funds.

The remainder of the paper is organized as folldwSection 2 we describe the data used in ouryaisahnd
describe the characteristics of high and low expdnads. In Section 3 we present results that deotmrice
dispersion in the residual expense distributiofunéls and perform tests to quantify the econonfexes of expense
dispersion for fund investors. In Section 4, we w@sious hypotheses to explain the residual exg@drspersion of

funds. Section 5 concludes.



2. Data
2.1 Sample Construction

The sample selection follows Pastor and StambaR@82). Accordingly, we select only domestic equity
funds and exclude all funds not investing primanilyequities such as money market or bond fundsaddition,
we exclude international funds, global funds, bedmhfunds, flexible funds, and funds of funds. T@&®I
classification codes that were used by Pastor &gat&augh (2002) are, however, no longer availableus, we
follow Bessler et al. (2008) who use a combinatibhipper codes, Wiesenberger codes and Stratagight codes
to identify domestic equity funds. Table A in thata Appendix lists the specific codes that wetaddentify the

funds in our sample.

In short, the above screens result in our samplgsiog on active and passive US domestic equitgSurour
sample includes approximately 38% of all funds ceslén the CRSP Mutual Fund Database (our sampisists
of a total of 20,926 funds while the CRSP MutuahériDatabase universe has approximately 55,109 funiis
measured by total net assets, our sample coversxamately 42.5% of the cumulative net assets isgted in

the database. The sample period spans 1966 tce2@ili#he data frequency is yearly, as we focusiod éxpenses.
2.2 Descriptive Statistics

Table 1 Panel A reports summary statistics of ondfsample. Details of the variable constructian be
found in Table B in the Data Appendix. Throughth# paper we distinguish between a pre-1999 (ugntb
including 1998) and a post-1999 (including 1999k because several important variables suchrasfeumily
information (i.e., information on management comeanand flags for institutional funds only becaawailable

in the CRSP Mutual Fund Database in 1999.

The descriptive statistics show the dramatic ineeda mutual funds over the past 30 years. Irpthel999
sample the mean number of funds per year is 10Bile w increases to 7931 in the post-1999 samplete that
the mean fund sizelTNA) also increases from 361 Million USD pre-1999 &) Million USD post-1999. Thus,

the mutual fund industry has experienced a considelincrease in assets under management.



Intuitively, given more funds and thus presumahlyréased competition, we would have expected tbtfiat
the rapid expansion of the mutual fund industry a3® accompanied by a decrease in average expsite—
but this is not the case Average annual expense ratiexgense ratipincreased from 121 basis points (bps) to
138 bps. It is also interesting to observe thatrlyechanges of expense ratioggxpense ratig)are on average
close to zero. This is mostly driven by the f&ettf on average, a similar fraction of funds insesaand decreases
their fees, namely 32% and 33% of all funds in\egiyear, respectively. Thus, if we remove the siginthe fee
changes and calculate the time-series averageosk-sectional meaabsolutefee changes, we find that it

corresponds to 22 basis points; a relatively lamgmber in economic terms.

The average performance of our sample funds, asursé by annual four-factor alphas (Carhart (1993))
negative (-1.4% in pre-1999 and -1.2% in post-1986psistent with Carhart (1997) and others whoastiat
funds do not earn positive abnormal returns nekpenses. The average fund, over both time petiedsa market
beta peta_mkx that is slightly less than 1, a small, negatixpasure to HML beta_hmj, and small positive
exposures to SMBbeta_smpand UMD peta_umil After 1999, funds load more on the market, l@sd on SMB,
HML, and UMD, consistent with an aggregate stratggjt to market indexing. The four-factor modeinks very
well on average in explaining fund returns, yietdiR® of 78% and 87%, in the pre and post-1999 periods,

respectively.

Panel B (pre-1999 sample) and Panel C (post-1999lsa of Table 1 report summary statistics by exgen
ratio deciles. Each year we split all funds inexites by their expense ratios and then reporteropbraneous

means and standard deviations of fund charactaisti

Average expense ratioexpense ratipof decile 10 exceed those of decile 1 by rou@d9 bps, in both the
pre-1999 and post-1999 periods. In the pre-198¥ky average expense ratio changes are most veddlt#

bps) in decile 1 and most positive (42 bps) inléetd. These mean changes become smaller in 8te1p89

4 The averages reported in Table 1 are equal-waighfeve value weight the expenses, we find ahslipcrease from pre to
post-1999. In this case, the corresponding value8a bps for pre-1999 expenses and 78 for pos2-&8penses. Figure 6
shows the complete time-series dynamics for valaiged average fees.



sample: funds in the bottom expense ratio deciteedese their expenses on average by 1 bps in the gaar,

while funds in the top decile increase their expsren average by 6 bps in the same year.

All of the fund performance variables decrease Xyease ratio deciles. The spread in yearly foateia
Carhart alphas, for example, equals 2.0% pre-19@P1a8% post-1999, which is comparable to the sphiea
expense ratios, especially post-1999. Thus, tlsesple descriptive statistics suggest that fundsh ligher

expense ratios on average underperform their cheapapetitors by approximately their expense ratios

We also find that average fund siZé\N@) in decile 1 is much larger than average sizeerild 10, suggesting
that economies of scale play a role for expensestatThe average size in decile 1 is approximatedyBillion
USD larger in both the pre-1999 and post-1999 pertban the average size fund in expense ratidede@i We
also find a greater concentration of fund fami({ieamily dummieksin the lower expense deciles, although there are
a non-trivial number of funds that belong to lafgad families that reside in the higher expensedle&cFor
example, 57% of the funds in expense decile onéuads that belong to a fund family with more tH20 funds
and 46% in expense decile ten are funds that betwagfund family with more than 100 funtisMoreover, we
also find a greater concentration of institutiofuedds (nstitutional dummyand ETFSETF dummyin the lower

expense deciles.

Finally, Panel D of Table 1 shows pooled correlaibetween fund characteristics. These correktima
consistent with our previous interpretations otgais between expense ratio deciles and otherdlachcteristics.
In general, none of these correlations seem tagiednough to cause worries about multi-collinggsitoblems in

the subsequent multivariate analysis.

Of course, the most important limitation of thisuariate analysis from Table 1 is that it ignoreattexpense
ratios may reflect different fund strategies andrealteristics. This is something that we will éxplin more detalil
in later sections of the paper. These simple sumrsiatistics, however, already suggest that toesentent,

expense ratios can be explained by economic detants. For example, funds’ risk characteristiGnséo be

51n later cross-sectional tests we find that |degrilies charge greater expenses.



correlated with expense ratios: more expensive duadd to exhibit higher absolute loadings on sieshatisk
factors (i.e., on MKT, SMB, and UMD). Similarlyhe averagé® of the four-factor model decreases as we move
from decile 1 to decile 10, suggesting that the agans of the higher expense funds may be followimigue”
strategies, likely in an attempt to outperform.wdwer, these managers also trade much more fiegyrhoveris
much higher for the high expense funds relatiilaédow expense funds), which may contribute tar tlogv return
performance. Overall, these patterns betweerchiakacteristics and expense ratios are intuitivesaiggest that
expensive funds do follow, at least to some extapte active strategies, load more aggressivelpdinidual risk

factors, and implement strategies that go beyoadthindard risk factors.

3. The Pricing of Mutual Funds
3.1 Residual Expense Estimation and the Pricing of Indiidual Fund Characteristics

Our goal is to compare prices (total expense ratiosiding management expenses and 12b-1 feesysacro
funds. Of course, not all funds are the same d#fetehces in fund characteristics might justifycerdifferences.
Thus, we follow Lach (2002) and Sorensen (200@pturol for fund heterogeneity. As controls we tisestandard
fund characteristics that have been shown to beritapt in determining fund expenses (e.g., seeB&ie and

Ruiz-Verdu (2009) and Wahal and Wang (2011)).

We regress fund expenses on lagged fund chardicteiiiscluding performance and risk characteristiés
our set of explanatory variables changes over (arge, fund family information is only availabletef 1998), we
estimate a cross-sectional regression each yaath&r advantage of this specification is thalldves for changing
relationships (i.e., time-varying coefficients) ween fund characteristics and expenses. The @dsidf these
regressions can be interpreted as deviations dféupenses from expected expenses given the cedctcteristics
used in the regression. Thus, using the residwascan compare prices across “identical” fundsjeurthe

assumption that we have controlled for the corfiatl characteristic’.

8 We don't claim to have the absolutely correct exggemodels. We are careful to include fund chariaties that should
matter to the average investor. Many of theseastaristics are related to fund performance — itdras should be the first
order determinants of fund expenses. Mutual famdsafter all, investment portfolios and (mosthR not solely consumption
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In Table 2 we present the details of the yearlgsf®ectional regressions used to estimate thausdsidThe
reported coefficients are time series averagesasisesectional regression coefficients obtainethftbe annual
cross-sectional regressions. We estimate theselmseparately for the full sample and for thedat@nd smallest
quintile of annually-ranked TNA funds. We alsostardize the independent variables to have a miezero and
a standard deviation of one. The standardizedicueits, thus, allow us to discuss a fund feegastimate for a
one standard deviation change in each independeiattle, and also allow us to rank the fund cheréstics in

terms of economic importance.

For the full sample in the pre-1999 period, the ete@xplain approximately 24% of the variationxpenses;
in the post-1999 period, the model explains 28%e $igns of the coefficients are mostly consisteith the
literature: e.g., across the two periods we obstratbetter performing fundgiinual return, less volatile funds
(sdmrej, larger funds TNA), younger fundsfgnd agé, lower turnover fundstrnovel), institutional funds
(Institutional dumm); ETFs ETF dummy, and funds with higheR from the Carhart four-factor model have lower
expenses. Across the pre- and post-1999 periagigsaentially see the same relationships, witlexiception of

some sign switching of the coefficients from tharféactor model.

In terms of economic importance or “pricing” of imdiual fund characteristics, we observe substantia
variation across variables. In the following, wiscdss the fund characteristics from most to leagensive
according to the full sample results in the pof99 period. Looking at the results for the full gdenof funds, in
the post-1999 period, the coefficient on the insitihal dummy is -53.62, suggesting that fund ihmespay an
extra 54 bps for non-institutional funds on avera@iso, investors pay 45 bps to be in non-ETF &urdterestingly,
these prices of the institutional or the ETF featuary significantly across our sub-samples of aaand largest
funds. Specifically, it is roughly speaking twiag expensive to be non-institutional and non-ETRésmall than

in the large TNA fund universe.

products, and thus it seems reasonable to juddgrepdormance using metrics from the asset prititegature. However, we
also include service and other non-performanceaeleharacteristics in the expense models. In @e8ti6, we estimate fees
differences for similar funds using a model freprapch that uses fund holdings information.
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Investors pay 34 bps to purchase an extra unitiod standard deviation of return, which can propéial
viewed as the price of buying a more active ansl tixgersified fund. Interestingly, the price ofiait of standard
deviation is essentially zero within the large TN#oup, and is 69 bps for the small TNA grdufhis pattern,
however, is different in the pre-1999 sample whevestors paid around 25 basis points for an axtiaof fund

standard deviation within the large and the smBllRTsample.

The prices for the R-square variable, with the ithed lower R-square signals a more active furssh fdatures
an interesting pattern: 22 (10) bps more for a ahlower R-square for the small TNA funds and o8I{0) bps
more within the large TNA funds in the post-1998¢4999) sample period. Across all fund groupsétors also
pay more for smaller TNA funds; 24 bps per unitofTNA) for the full sample, with little variatioacross fund
groups, at least in the post-1999 period. Invegtay more for style exposure, but only for valu@igh exposure,
and not size, market, or momentum exposure. Fameple, the price of an extra unit of SMB beta i9p6 for the
full sample, but only 1 to 2 bps for the HML andmentum beta (with slightly larger prices for SMBanket, and

momentum betas for the small TNA funds).

As far as the price that investors pay for fundqrenance are concerned, the results seem couritetiva
because of the negative coefficient on lagged mstim the fee regressions. The negative sign, hemves
consistent with Christoffersen and Musto (2002) &idBazo and Ruiz-Verdu (2008) who argue that @sdf
returns go down, performance sensitive investoisthg fund, leaving a majority of performance insiéve
investors, for whom fund management then raise$etb® (see Section 4.3 for a more detailed disong#i this
mechanism). Fund investors pay 14 bps for a taitdard deviation of lower annual returns, andnaneh more
willing to pay this for the small TNA funds (i.@¢hey pay 40 bps for a one-standard deviation wpestrmance
within the small fund group). Importantly, pashéuperformance does not seem to be of first ordpoitance for

fund fees. At least, in terms of the absolute magiai of its price it consistently does not rank agthe top priced

7 Interestingly, these estimates are quite comparttbthe annual cost of active investing estimdgdrrench (2008) who
guantifies it to be 67 basis points.
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variables, which are the institutional dummy, theFEElummy, fund size, volatility of funds returnsdameta with

respect to the value factor.

Finally, for an extra unit of service (as measurga fund belonging to a large family with 100 aonea funds)
investors pay 13 bps. This premium for service semmainly be concentrated within the large TNAds (19
bps) and is much less for the small TNA funds (8)bpinally, small fund investors pay 60 bps manesan extra

unit of standard deviation of fund age, but lar@eATinvestors pay essentially zero for older or ygeinfunds®
3.2 Detailed Analysis of Fee Dispersion

Our main point of interest, the spread in residiglenses, is presented in Table 3 and in Figurt the
figure, each year we plot the residual expenseaspbetween the 5and 7%, 10" and 9@, and ® and 99
percentile points of the distribution (note that thean residual is zero by construction) and therted expense

spreads. We do this for the full sample and ferléingest and smallest quintile of annually-rank&h funds.

Given the arguably comprehensive array of mutuad ftharacteristics that we include in our fee regjoms,
the residual expense figures are striking. Esalntithese figures show that there exist huge edigpns in
expenses for similar funds across all years. FReiftll sample, the residual expense dispersiotwgen the ¥
and 99 percentile) is large and variable in the 1970-1p6flod, with spreads ranging between 2 and 4%erAf
1990, the spreads stabilize at approximately 2.®%erall, as reported in Table 3, Panel A, the niao 99"
percentile spread from the basic expense modéhéofull sample (see the first row labeBdse-casgis 247 bps.
For the 2% to 75"and 10" to 90" percentile points of the residual expense distidimythe spreads are 62 and 124

bps, respectively.

8 Given the rather vast literature on the lack asj®ence in mutual fund performance (Carhart, 188d many others), some
readers may view it as a mystery that these fuadacheristics are priced, given that they do nllsey predict higher fund
returns. Obviously, fund consumers are willingp&y for fund product characteristics that do nopiméo better performance.
Confirming the previous literature on the lack ofd return predictability, in unreported resultg, @stimate Fama-MacBeth
regressions of annual returns regressed on thedutif lagged fund characteristic from the Tabp®&t-1999 sample. We find
that most of the priced fund fee regression charatics are not significant in the return regressi In the return regressions,
the most important variable, by far, is simply thgged fund expense ratio; the t-statistic on ldgepgpenses is -5.0 for the
full sample in the post 1999 period. Thus, thepdast way to identify a fund that is likely to begh performing fund in the
future (relative to the universe of all funds)asitivest in one with low fees.
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Figure 1 also plots the growth in TNA. We see arcfmttern of enormous growth in the fund indudiryt, no
decrease in the residual expense spread. Indathé largest funds, we actually see an increaske residual
spread: the average spread is approximately 0.5%%0tpre-1990 and grows to an average of approxiynaéé
for the F'to 99" percentile points in the post-1999 period, witlikir patterns for the inner breakpoints of the
distribution. We note that the largest quintile fohds represent 83.6% of the market value of @mpde,

illustrating that high residual fee spreads arebyoiny means confined to smaller funds.

In addition to fund size, we also split the samipt® retail and institutional funds (note that wkcitly
control for this fund characteristic in our basseapecification). Indeed, the literature (seeisbbffersen and
Musto (2002), Bris, Gulen, Kadiyala, Rau (2007) attiers) has shown that institutional funds tenkawee lower
expenses and are presumed to be held by more soateid investors relative to retail funds. Théi$olders of
institutional funds are more educated about fundsb leave a greater influence on prices, it is péesgiat our
results do not hold for institutional funds. Igdre 2, we plot reported expenses and estimateéuasexpenses
separately for both retail and institutional fundBhe reported and residual spreads are indeechigh retail
funds, but we still see evidence of relatively &agpreads in residual expenses for institutionad$uranging from
about 0.98% to 2.4%) with no clear trend of deargasxpense spreads in more recent years. Thusesults

also apply to institutional funds.
3.3 Economic Magnitude of Fee Dispersion

Next, we implement a simple ex-ante trading stratdwat trades funds based on the residual expense
distribution, illustrating the negative wealth effie of investing in similar, but higher expensedsth We assume
no taxes. For comparison purposes, we also repsirnilar strategy using reported expenses. Wepatarthe

returns to a trading strategy that buys funds énltbttom decile and sells funds in the top dedilexpenses. We

9 Of course, this is not an implementable stratéggesone cannot short sell open-ended mutual funds.
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rebalance these portfolios every year and compteamulative four-factor model alphas over thgd& sample

period to equally-weighted portfolid$.

The results are reported in Table 4 and Figurén®restingly, in Figure 3 (see the upper rightcthgraph —
for the “All Funds” sample and the residual expera®s) and in Table 4 Panel A, we observe tr@ahfi968 to
1973, investors actually benefited (i.e., the stigtearned negative alpha, meaning that the hgjdual expense
funds outperformed the low residual expense fufrdsh investing in higher residual expense fundgjgasting
that managers of such funds were able to “earm Keeip.” Over the entire sample, from 1966 to 2@ksed on
residual expenses, an investor purchasing the tomgmense funds would have earned compounded abhorm
returns 84% higher than an investor purchasingibst expensive funds. When we examine a similategy
using reported expenses we see no evidence thaigeet'earn their keep” in the early part of thegke. In fact,
over the entire sample, the low fee investors wbalk outperformed the high fee investors by 168a8% perform
a similar trading strategy using just the annulyked largest quintile of TNA funds. The resutt3 able 4, Panel
B, and in the bottom row of Figure 3, are similathe full sample; large TNA low-residual fee furmgperform
large TNA high-residual fee funds by a cumulatieerffactor model abnormal return of 52% over theydr
sample. Using reported fees, the abnormal retueasgs even greater, at 190%. The cumulative alphanever

negative, so large fund managers never “earn kieeip” within our samplé&

It is interesting to note that the abnormal redifferences in Table 4 between high and low feelfuare quite
persistent from year to year, especially after 1980both the reported expenses and the residyenses. This

seems to deepen the fund fee puzzle since thiestgythat investors were likely to have known alboese large

0 We estimate the cumulative four-factor model alpbdollows. Using monthly returns from the annyaéibalanced low-
fee minus high-fee portfolio, we estimate the mbnthfactor alpha each year and multiply it by d2obtain an estimate of
the annual alpha. We then compound the annual slpher time and report the cumulative alphas.

11 We also estimate the monthly four-factor modehalpver the 1966 to 2014 period. To do this, warede a single time-
series regression of the spread portfolio montatyms on an intercept and the four factors. Ferésidual fee strategy, the
alpha for all funds is 9 bps per month (t-statisti?.88) and the alpha for large funds is 8 bpstdtistic = 2.62). For the
reported fee strategy, the alpha for all fundsdibfis per month (t-statistic = 3.62) and the aljphdarge funds is 12 bps (t-
statistic = 2.31). In the post 1999 period, theeads are wider, especially for the large fundscipally, for the residual fee
strategy, the alpha for all funds is 8 bps per indtstatistic = 2.41) and the alpha for large g1l bps (t-statistic = 3.95).
For the reported fee strategy, the alpha for atifuis 16 bps per month (t-statistic = 3.78) ardatipha for large funds is 25
bps (t-statistic = 3.93).
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wealth differences, yet their knowledge of thesteinces did not result in investors shifting tHend allocations

enough to significantly affect residual fee spreads

In Figure 3 and Table 4, we also report that theygmunded differences in reported expenses (residual
expenses) over the period were 179% (146%) forfuthdund sample. Thus, while the difference in abmal
returns between high expense and low expense fardss than the cumulative difference in expeifaéth the
exception for reported fee trading strategy basethmge sample), investors bear significant casts finvesting

in high expense mutual funds that are not recotimedigh higher performance of these futds.
3.4 Robustness Tests: Fund Characteristics

In this section, we examine the robustness of esults to variations in the mutual fund charactiessused
to estimate residual expenses. The first setshafstness tests examine different fund performarezsures. Our
main results use lagged yearly returns, net of es@® as our performance measure. Rows 2 to 8hié B show
that our estimates of expense dispersion do natrmady change if we also includepersistence dumny if we
measure performance in terms of abnormal retureddok at four-factor alphaalpha), the t-statistics of the four-

factor alphastétat alphd andCarhart alpha$®), rather than raw returns.

All the performance measures discussed so faraedoon after-expense returns. The motivatioodod on
after-expense rather than before-expense retutthatisnvestors, in the end, care about after-expeather than
before-expense performance. Nevertheless, BerkGaedn (2004) and others suggest that there may axi
positive link between expense ratios and beforepirformance, as fund managers attempt to extrgerior
performance via fees. As a consequence, thesespsymggest that there should be no or relativélg Eross-fund
variation in after-fee performance. If that is ttzese, then our specification using after-expeagenms might miss

the link between performance and fees. To addhésEoncern, we calculate the same performantistita as

12 In contrast to our results, Ramadorai and Stedtf{2011) find little difference in performanceress high and low
management fees (i.e., the non-performance feeqgbaredge fund expenses) for hedge funds. Theyledecthat high
management fees are “money for nothing” in the bddgd industry.

13 The Carhart alphas use predicted four-factor meapkcted returns in estimating the pricing erRlease see the Data
Appendix for details.
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before but use before-expense returns. The meaadgpsummarized in Table 3 (see rows 6 — 9 laiBlefre-
expense”) show that this does not affect our resthe residual expense dispersion remains queditatsimilar
whether we use before-expense or after-expensmsethext, we examine the robustness of our resulttyle
fixed effects using a combination of Lipper cod&sesenberger codes and Strategic Insight codesTgdae A in
the Appendix for details on the styles includedim sample). Row 10 of Table 3 shows that contrglfor style

fixed effects has very little impact on the spreafithe full sample and the size subsamples.

Finally, we analyze the level of expense disperfmorcases in which we vary the procedure usedtimate
a fund’s abnormal performance (four-factor alpteas] risk exposures (betas). Our main results asedon 3-
year rolling-window regressions. The motivatiorthat via rolling windows we are able to capturedivariation
in coefficient estimates. In contrast, howevegatld be that by looking at relatively short wimgoof data we
end up with noisy estimates of these fund chariasties that potentially inflate our measures ofenge dispersion.
To lessen this concern, we evaluate the followiler@ative estimation strategies: first, we replace rolling-
window estimates with expanding-window estimate® (®ws 11 — 12 labeled “Expanding window”) thatlei
all information available up to a specific datec@ed, we replace all estimates of alphas and lbgt&sif they are
not estimated precisely enough (i.e., if the alisohalue of the t-statistic of any coefficient isldov 3 — see row
13 labeled “Filtered alpha); third, we use all éafle data per fund to estimate these parametertheen use these
full-sample estimates at each point in time inexpense regressions (see rows 14 — 15 labeleds&ulple”). For
all of these variations in how we measure fund grerfince, we do not see evidence in Table 3 of imeadile

reduction in the residual fee spreads.
3.5 Robustness Tests: Aggregation of Share Classes

In our main results we treat each share class daadiwidual fund. If share classes proxy for diffat

distributional channet$ or different investor clienteles, then differehage classes of the same fund could (and

“Bergstresser, Chalmers and Tufano (2009) sugdast between share classes and distribution channel
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often times do) have different expense ratios. sTtue evaluate whether our levels of expense digpeare driven

by different share classes.

Share classes are not automatically identifiediwite CRSP Mutual Fund Database. We use the MREIN
tables that are provided by WRDS for this purpoBee original idea of these tables is to link theds in the CRSP
Mutual Fund Database with the ones covered in th@nBon Reuters Mutual Fund Ownership Database. Our
analysis in this section begins in March of 198 sithat is when the share class data startsr idlftatifying the
individual share classes for a given fund, we agge the share classes (i.e., the expenses, reamdsother
characteristics) into a common fund using equalhatde weighting (using the total net asset vahgs/eights).
To avoid potential expense dispersion from shaaeschggregation, we also perform tests using tgedashare
class only for each fund. We re-estimate our ntests on these new, aggregated samples. Befaresdiag
detailed expense dispersion results, it is intergso look at some descriptive statistics regaydine use of
different share classes in the mutual fund indusEiyst, we find that before 1995 it was very umooon to have
multiple share classes. Second, after aggregatidtiple share classes into funds, we have on geamrsore funds
(798) with than funds without multiple share clas§®42) each year. Third, the average size ofdumithout
multiple share classes (approximately USD 548 ami)liis slightly smaller than the size for aggreddtends with

multiple share classes (approximately USD 759 arillising value-weighted aggregation).

Table 5 summarizes expense dispersion resultbédiutl sample of funds (Panel A), the bottom gjmtile
(Panel B), and the top size quintile (Panel Clifieraggregated funds. Row 1 of each panel reporshare class
aggregation results as a base case (using theexgmnse models of Table 2 on the post 1980 samptejows 2-
4 report results for the three aggregation meth@iegerall, our results are robust to share clagssggtion. Across
different methods of aggregation, and for differsie funds, we see low drops in residual expepseads
compared to the no-aggregation cases; the maximmmid expense dispersion is 27 bps for the toptdeiof

funds using VW aggregation at th&tb 99" percentile point.

Table 5 also re-emphasizes one of our previousgudised results that the spread in residual expdrase

increased over time for the largest TNA-ranked fun@omparing the values in Table 5 (aw of Panel C) to the
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ones reported in Table 3 (agaifirbw of each panel), highlights this point. Rec¢hdt the results in Table 3 use
the entire sample period (1966 to 2014), while &dbbnly looks at more recent years (1980 to 20E4y. the top
guintile of funds, the percentage increase in tedidxpense dispersion in the recent period cordptar¢he full
period is approximately 22% for the"2t® 75" percentile points, 10% for the 1.6 90" percentile points, and 5%

for the F'to 99" percentile points.

Finally, Figure 4 compares the time-series dynaroicthe residual expense distribution for our bease
(share class-level sicolumn) and the fund-level analysi{(2olumn). For reasons of brevity we focus on the
samples including all funds and largest fundsgdneral, the graphs look very similar across cokjrdocumenting
a minor impact of share classes on residual expgispersion. Recall further that one of our keyhssis that
expense dispersion does not decline over timegdnitontrast, it actually increases for the largesds. The

graphs clearly show that share class aggregaties dot have a noticeable impact on this result.
3.6 Robustness Tests: Holdings Based Expense Differesce

In this section, we explore a different approaahidentifying similar funds. Instead of matchingntls by
multiple characteristics using linear regressiovesmatch funds using their holdings. This appraachspired by
Wahal and Wang (2011) who identify similar fundstiteir analysis based on holdings. One impoarwantage
of this approach is that it is completely modekEfree., it does neither depend on the linear pgi¢diamework nor

on specific fund-expense models.

For each fund in our sample we obtain holdingsrimétion from the Thomson Financial CDA/Spectrum
holdings database. This holdings database isdinkiéh the CRSP mutual fund files using the MFLINKiE&
provided by Wharton Research Data Services. Timplgastarts in March of 1980 when the holdings nimfation
becomes available. To match funds in terms ofihgld/e develop a pair-wise measure of fund overMfe use

a simple and intuitive measure, namely the sumgsacall holdings, of absolute differences in wesdgbt a given
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pair of funds. We deem this measure "uniquene¥bé measure is bounded between zero (perfectapjesihd

two (no overlap¥?® It is symmetric in the sense that the orderintheffunds does not mattér.

We calculate this measure yearly for all fund péitghe fund level, not at the share class lgeediggregate,
we use the share class with largest TNA for a gifterd). In total, the uniqgueness measure is egtichfor
approximately 2.9 million pairs per year. For e&ahd, its matched fund is defined as the fund il lowest
uniqueness measure (i.e., the largest overlaprinstef holdings) in a given year. We refer to thésnple of
matched fund pairs as the "full pairs sample." pggorm all our analysis for the full pairs sampled for pair
sub-samples based on quintiles of the uniquenegibdition of matched fund pairs; i.e., based andimilarity in
terms of holdings of the matched pairs. Thus, fpaids in quintile one (five) are “most similar” €&st similar”)
fund pairs. Note that “least similar” fund pains astill relatively similar compared to the averageandomly
drawn fund pairs. Finally, we also define “vergngar funds" as the bottom decile of the uniqueraesasure for

the full pairs sample.

In Panel A of Table 6 we provide summary statisticpair characteristics to provide a sense of well/the
holdings algorithm performs in identifying similamds. For each sample, we report the mean apdjumrtile
range (IQR) for the uniqueness measure and thereliftes in average yearly returAsifualreturn), four-factor
model adjusted R-squareB?}, and beta loadings on the four factors. Theay@muniqueness value for the full
pairs sample is 1.05 with an IQR of 0.58. As wevenyxom quintile five (i.e., “least similar fundsj uniqueness
to quintile one (i.e., "very similar funds”) the areof the uniqueness sorting variable decreases 1rd9 to 0.15.
The differences in R-squareds, returns, and betass fund pairs suggest that the uniqueness needses a
decent job identifying similar funds; all threefdiience metrics decrease as we move from less te similar

fund pairs.

15 For example, consider two funds with holdings milyawo stocks, A and B. If fund 1 holds 100% inafd 0% in B, and
fund 2 holds 0% in A and 100% in B, then the unitgss measure (the sum, across all holdings, ofutbstifferences in
weights) is the absolute value of (1-0) plus (@vhjch is 2, resulting in the funds having no ovprla contrast, if fund A and
B both hold 100% in A and 0% in B, then the uniceenmeasure is 0 (i.e., (1-1)+(0-0) = 0) signifytimg same holdings.

6 1n contrast, the overlap measures used in WalibWamng (2011) are not symmetric: i.e., in theinfeavork it matters which
fund is the incumbent fund and which fund is the/iyeentering fund.
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Next, we examine if funds with similar holdings opasimilar expenses. In Panel B of Table 6, wentethe
absolute difference in reported expense ratiosresidual expenses for matched pairs. The resekp#nses are
from our base-case expense regression models ile PabThe expense differences are large: for titlephirs
sample, the average reported expense different@ lips, 54 bps for the inter-quartile range, 108 fop the 16
to 90" percentile spread, and 219 bps for tHeol99" percentile spread. Expense spreads decrease onaradty
from less similar funds to very similar funds, lané still economically large even for the very $anfunds. For
example, at thesland 99' percentile points, the quintile one uniquenessl foairs have a 176 bps spread, and the

very similar funds have a spread of 174 bps innteplaexpenses.

Thus, matching on holdings gives us qualitativelgilar expense spreads as we get from the modelebas
residual expense spreads of Table 3. In fact, wheeaxamine the model-based residual spreadsdee tihatched
pairs (as reported in the right-hand side of P&nef Table 6), we see that the spreads decreasente extent
relative to the reported expenses (e.g., for dehaine pairs spreads drop from 176 bps to 172 lbpsjistent with
the idea that controlling for fund characteristitas explanatory power on top of holdings, but idirig

characteristics along with holdings still leavdarge unexplained spread in expenses.

In Figure 5 we plot the time-series of the annustirithutions of reported and residual expense difiees for
the full pairs sample, most similar funds (i.ee tjuintile one sample of uniqueness), and leastasifunds (i.e.,
the quintile five sample of uniqueness). In addifithe plots also include the yearly average wemnqss value of
the pairs included in each figure (solid line).m@ar to the time series plots of the residual ageein Figure 1,
there is a lot of time series variation in thesatpbut only a slight drop in average expense wiffees in more
recent years. In fact, for the most similar fungle,see evidence that despite becoming much mwikasin terms
of holdings (i.e., the average uniqueness repredéeny the solid line is decreasing, meaning thasehfunds

become more similar over time), there is no commeie drop in expense differences.

To conclude, the robustness tests show that theopienon of fee dispersion among US equity funds@ng
and unaffected by different residual estimationhuds, different ways of defining similar funds, asitthre class

aggregation. Overall, our finding of large pricidifferences for close-to-identical products acralé$JS equity
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funds is a new finding with wide-spread implicasdior both fund investors and for our understandihpow

prices are set in the mutual fund industry.

4. Discussion
4.1 Fee Dispersion and Price Competition

A potential interpretation of large levels of feespkrsion in the mutual fund industry is lack ofcpr
competition among funds (see among others HasletkeBand Smith (2006), Gil-Bazo and Ruiz-Verdu @00
and Barras, Scaillet and Wermers (2010) to sugpatview). This interpretation, however, is atledvith other
papers that argue that competition works well anfangs. Most prominently, Wahal and Wang (201 X)atoede
that the mutual fund industry behaves like a comipetindustry, as incumbent funds decrease thgieeses when
new funds with similar holdings enter the industifo investigate these conflicting conclusionshart we extend
their idea to all funds and construct a measureoofipetition per fund per year, aggregated from daold’s

holdings overlap with all other funds availableaigiven yeat!

More specifically, our competition measure is bamethe pair-wise uniqgueness measure introducsedtion
3.5. To come up with a fund-level uniqgueness mesadtund Average Unigueness) we calculate the silaygrage
of a fund’s pair-wise uniqgueness measures witbtakr funds. This measure is constructed so thitiacreases
(i.e., average holdings with other funds becoms $isiilar), competition is assumed to decreasdunfl whose
average uniqueness is close to two, has complengdyie holdings and, thus, faces little competitiim contrast,
a fund with a low average uniqueness measure Hdme that are similar to the holdings of manyestfunds

and, thus, it is most likely exposed to substamiahpetition.

17 As an alternative to matching on holdings, we fifgrtompeting funds as funds that have similaabeb a given fund. To
estimate fund betas, we regress the time seriesoothly returns for the fund against an intercdT, SMB, HML and
UMD using 3 years of data from yefto t-2. We require a minimum of 12 monthly returns ttreate the betas. Then we
determine each beta’s quartile and match fundsfibar betas are in the same quartile of theipessive distributions. Results
from this strategy are not reported in the paperdasons of brevity and are available from théaustupon request. However,
these results are similar to the matching on hgkliesults.
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Table 7, Panel A, reports summary statistics ofifamerage uniqueness across deciles of reportezhsep
ratios. There is a monotonically decreasing retabetween fund competition and reported experigesras we
move from low to high reported expense deciles, ftirel average uniqueness increases. Next, we lald t
competition measure to the base-case expense moid&lble 2. If the mutual fund industry behaviée la
competitive market, in the sense of Wahal and W@041), we expect funds that face more competingsuo
have lower expenses; i.e., a positive coefficianttee competition measure. This is exactly whafine for the
pre-1999 period (see Panel B of Table 7). Howefg@rthe post-1999 period (see Panel C of Tableth8,
coefficient on fund average unigueness turns oliietmegative and insignificant suggesting thatnleehanism

became weaker during more recent years.

Panel D, finally, shows that controlling for fundesiage uniqueness has a moderate impact on thedspoé
the residual expense distributions. For examplethfe full sample of funds over the entire sang@dod, the drop
in the residual expense spread is 11 bps at theol®0" points. Interestingly, the reduction in spreadsoisiewhat
more pronounced for the largest funds for whichlttieto-90" spreads drop by 25 basis points (or, 27% in redati

terms).

Bottom line, we find some support for the competitmechanism documented in Wahal and Wang (2011) in
our sample, at least during the earlier yearsuadd with more unique asset holdings tend to chhigjeer fees.
Importantly, however, controlling for this variation competition across funds does not substaptialer the
dispersion in fees. One way to reconcile theseltess to observe that there is an issue of magei: a one
standard deviation shock to our measure of competibrresponds to an expected increase in expatisdy 3.6
basis points (see Panel B of Table 7); comparetedevels of fee dispersion, for example the 10-§fread of
124 basis points, this is a tiny effect. Thus,levipirice competition seems to exist, it does netrs& be strong

enough to narrow down fee spreads in any substavdia
4.2 Fee Dispersion and Frictions in the Mutual Fund Indistry

The results on competition raise another questiamely, what mechanisms might prevent price cormpeti

from taking place? One answer to this questiainésexistence of frictions in the mutual fund insysuch as
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randomized fee changes (Varian (1980, Lach (2002¢gptive investors. The idea of randomized fesnge&

is that they prevent investors from learning altbettrue prices of funds. To explore the imporéaoicthis friction,
we create a random fee changes varidR@flom fee changethat is defined in the following way: for eacmél
and each year, we determine the fraction of pasiivd negative expense changes relative to algelsahat we
have observed for the fund since its first appesgamthe CRSP Mutual Fund Database; then we esaithimum
value as our variable, motivated by the idea thatdomized pricing requires both increases and dseseof

expenses (and not just unidirectional changes).

Panel A of Table 7 shows summary statistics ofihisxy across reported expense ratio deciles. Vi do
not observe a monotonic pattern, we find more remgation of expenses in the top decile than irbibitom decile.
If we include the proxy in our base case regresspetifications, we find significantly positive ¢beients pre-
1999 (Panel B of Table 7) and post-1999 (Panel Tabfe 7). Thus, after controlling for other furtthracteristics,
the influence of randomization on expenses is stasi with theory. An important question, howeveryvhether
controlling for randomization results in a materiatiuction in residual expense dispersion. Panef Dable 7

provides the corresponding results and shows hiats not the case.

The second friction that we consider is relatefutal characteristics that inhibit easy investort éxam or
switching across funds (e.g., rear loads or swilgliosts for pension products), thus creating eaptivestors.
Ideally, one would like to condition directly onetlexistence of such features or the magnitudeaadf sosts but
data availability is usually very poor in this resp However, we conjecture that one implicatiérinoestor
captivity is that flows into captivating funds wile highly auto-correlated. Thus, we estimate -aatoelation
coefficients for the flows of each fund using timtire time-series of monthly flows and use theseffogents as a
proxy for the level of captivity of investors. Aitidnally, we define a second variable, called "gien plans”, as

funds in the top decile of the flow autocorrelatitistribution?®

18 |f investors are less than fully aware of the exges they pay, and given that fund expenses aieatlypsubtracted daily
from mutual fund net asset values, and not paithbyfund holder in one (presumably more salientfjuah payment, it is
plausible that funds could successfully engagesigifent switching of expenses without garneringttention of fund holders.
19 Empirical evidence on flow patterns of pension mpois scarce. Sialm, Starks and Zhang (2014) sfiesly patterns of

defined-contribution (DC) and non-DC money withie same funds and find that DC-money is not highkpcorrelated (due
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Panel A of Table 7 reports the corresponding sumrstatistics across reported expense ratio deaibels
shows that high expense funds have much more autelated flows and a larger fraction of “pensidens” than
low expense funds. This is clearly a desirableetation from a fund manager’s standpoint. PaBedsd C report
coefficient estimates for these variables if wdlide them in our base case expense regressionssismt with
our expectations, we find positive and stronglyhgigant coefficients, especially post-1999 (efgnds in the top
decile of flow autocorrelations add, on averagatlagr 11 bps to their expenses after controllingttie linear
effect of flow autocorrelation on expenses anatder control variables). Surprisingly, howeveg are not able
to substantially reduce the level of residual esgedispersions (see Panel D of Table 7) using thesees for

captive investors.

Thus, we arrive at a similar conclusion as in thevjpus section on price competition: our resuligport the
notion that frictions matter for fund fees, as bptbxies for randomized fee changes and for cajmivestors are

significant in the fee regressions; however, theydt help much in reducing or explaining the disfm in fees.

4.3 Fee Dispersion and Investor Clienteles

As a last empirical test, we investigate whethiemtéle effects are able to explain the dispergidaes. This
is another potential mechanism that might preveitepcompetition. Specifically, we consider twqdg of
clienteles, performance-insensitive investors adilrinvestors. Christoffersen and Musto (2002) &il-Bazo
and Ruiz-Verdu (2008) show that performance-sesitivestors withdraw assets from poorly performfmgds
leaving only performance-insensitive investors alslérs of the funds’ shares. Funds respond tdattethat the
fund flows of the remaining investors are not sivesito fund performance by raising expenses. Vauate

whether this mechanism can help explain fee digpgra/e first estimate each fund’s flow-performaseasitivity

primarily to plan sponsors’ adjustments of plangisiment options) and is sensitive to performance.r&sults in this section
are not dependent on fund flow autocorrelationsiBitng the presence of retirement plan investers;view it as interesting

in its own right that fund flow autocorrelations yriae correlated with fees. An alternative storyddink between fund flow

autocorrelations and fees is related to the “gjiatiee setting hypothesis (SFSH)” discussed im#w section. In the SFSH,
price insensitive investors fail to exit poorly fleming funds and fund managers then raise thedadbese investors. Thus,
it may be that a positive relation between flowoaotrelations and fees may be due to persistert fiovs being a good

proxy for the presence of price insensitive invest&inally, flow autocorrelations might also bévdn by funds’ marketing

and advertising activities and expenses, whichrededed in our measure of total expenses.
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(Flow-perf sensitivity by regressing monthly flows on lagged monthly-ofe¢xpense returns using an expanding
window (with a minimum of 12 monthly observationdgecause monthly TNA data is sparse in early yeaes
only calculate this proxy for our latter sampleipgdr We then regress fund expenses on flow-peidoce

sensitivity (and other controls) and expect to findegative coefficient.

Panel A of Table 7 shows simple summary statistfasur flow-performance proxy across reported exgen
ratio deciles. Looking across deciles, we do imod &t monotonic pattern. Also, comparing the nmedteme
expense deciles, we observe that the most expeiusigts show higher flow-performance sensitivityraates than
the cheapest funds. Similarly, Panel C of Tabieports a positive and significant coefficient loff-performance
sensitivity in our standard expense regressionsalllf, in Panel D of Table 7 we examine if residaapense

dispersion decreases once we control for flow-parémce sensitivity and find no charide.

In our last empirical test we evaluate whetherfthetion of retail investors investing in mutuahfis plays a
role in explaining the level of fund fees and thaispersion. The underlying idea is that retailestors are
considered to be less skilled in picking funds kesd informed about asset management. Unfortynateldo not
observe the fraction of retail investors investedach fund. We only observe the overall fractibretail investors,
i.e., US households, participating in the mutualdfindustry at the yearly frequency starting in@&®m reports
published by the Investment Company Institute @@14). Thus, we need to follow a different emgitistrategy

in evaluating the relevance of this variable.

Specifically, we run time-series regressions inolthive use one of the following four, aggregatedaides
as dependent variable: (i) the equal-weighted @eeexpense ratio, (ii) the value-weighted averagpeese ratio,
(iii) the spread between the'®and 1@ percentile for reported expense ratios, and fig)spread between the"90

and 10" percentile for residual expenses. We run allehregressions using percentage changes of depeamtnt

20n unreported results, we evaluate the dispersfoasidual fees after controlling for our standeoditrols and jointly for all
variables introduced in this section, i.e., fun@&rage uniqueness, randomization of fees, captofityzvestors, and flow-
performance sensitivity of investors, and find mticeable differences to the existing results.
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independent variables and lag the percentage chlang® household participation in the mutual fundustry by

one year. We focus on the full sample of fundslangest funds in this analysis.

Table 8, Panel A, summarizes the descriptive sitatief the above variables in levels and percentéiginges.
Average US household participation in the mutuaddfundustry is 33% during the period 1980 to 20hd a
increased, on average, by more than 7% every yeaarestingly, growth rates of average fees andpeeads are
all positive with the exception of value-weightagteage fees for the full sample. Figure 6 provialesore detailed
view on the dynamics of US household participati@iye-weighted average fees and 90-tti{i€rcentile residual
fee spreads. Roughly speaking, all series shownsewhat hump-shaped pattern peaking around 2008. U
household participation stays at a relatively camstevel of 45% afterwards while value-weighte@rage fees
show a pronounced decrease over the last 15 agass,yesulting in slightly lower levels of averdges in 2014
than in 1980. Over the same period of time, d&parin residual fees shows a flat or slightly @éesing pattern
for the full sample of funds and a substantial otid in spreads for largest funds. Neverthelasboth cases
levels of dispersion at the end of the sample, 28detnoticeably higher than at the beginning efsample shown

in the figure, i.e., 1980.

These patterns further deepen the puzzle aboutaifutnd fees. On one hand, the substantial deer@as
average fees that is particularly pronounced ifuse value-weighting shows that capital tends te fheore into
low-expense funds nowadays. This effect is alssistent with learning by investors and correspogdesponses
by the industry such as the rise of low-fee prossde.g., Vanguard) and low-fee products. On ttherohand,
dispersion in reported and residual fees shows mnediker decreases recently and remains at hidtgritgh
levels indicating that there is still a substanfraktion of capital invested in inefficient, higee funds. These
patterns also imply that relative to average faesdispersion of fees has substantially increaseently. This is
particularly true for largest funds: in the earlti8s the ratio of 90-10spread in residual fees to value-weighted

average fees was around 70% while it jumped toln@a0% in 2014.

2 In unreported results, we also control for addilomacro-economic variables such as GDP growthenbusiness-cycle in
these time-series regressions. As we find our mesalts unchanged, we decided to focus on the simpivariate regressions
to make our point.
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Panel B of Table 8 evaluates whether growth raité$3 household participation help explain growtiesan
average fees and fee dispersions using simpleamdaie time-series regressions. In the case df@iadls, we find
positive coefficients on household participationoas all dependent variables, but the coefficiangssignificant
in only half of the models. In the case of thegémt funds, we find the same result but now cdefiis are
statistically significant across the board (threxleis are significant at the 1% p-value, and ondehis significant
at the 10% level). These results suggest thatiiymshock to US household participation last yieaelated to an
increase in average levels of fees and dispersidegs next year. The effects are economicallyningéul: an
average increase in US household participation2867s related to an expected increase in averalgeweighted
fees of 1.3% and in 90-10esidual fee spreads of 3.0% for largest fuiddQuite impressively, lagged changes in
US household participation are able to explainal#3% of variation in residual and reported feeeags. Thus, it
seems that both average levels of fees and measiuies dispersion are related to the fractionebit investors

participating in the mutual fund industry.

5. Conclusion

In this paper we examine how mutual funds pric& $ervices for a large cross-section of mutuabgii.e.,
all mutual funds that focus on investing in US ¢igs) and a long time-series of 49 years. Surgglgj after we
control for a variety of fund characteristics retato performance, service, and other featuresitiastors are
likely to care about, we find that the unexplaipedtion of fund expenses exhibits considerableatispn and that
this dispersion has not declined over time, with &xception of small decreases during the lastyieavs. The
level of dispersion that we find is huge in econoterms. For example, the costs for getting itngre investing
in high expense funds when close-to-identical loywemse funds are available — are large; we shotvatthaw-
expense fund investor would have earned approxiyn@feto 162% more in cumulative abnormal retutmanta

high-expense fund investor over our sample period.

22 The value of 7.2% represents the average %-chard8 household participation as shown in Panef Aable 8. We then
plug this number into the time-series regressiomsraultiply it with the reported coefficients inid B; i.e., 0.18 for value-
weighted average fees and 0.42 for the 90-10 rek&kpense spread.
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While we find it already puzzling not being ableexplain more of the variation in reported fundsfethe
puzzle becomes even deeper once we investigaerafitf explanations. For example, average feelseiriund
industry dropped considerably during recent yeadg#cating an increase in competition or learningrisestors.
However, over the same period of time levels ofdispersion only experienced very moderate andomiparable
decreases. Thus, while average fees at the e2@lldfare as low as or even slightly lower tharhendarly 80ties,
the level of fee dispersion is much higher. Sirhjlawe also find evidence that expected fund faeesrelated to
frictions in the fund market but controlling foretke frictions has basically no impact on the dsiperin fees. One
variable that seems to be strongly related to fgeedsion is the participation of US householdghamutual fund
industry. Unfortunately, however, this measureri/ available at the industry level and, thus,caanot directly

control for it in our fund-fee regressions.

Overall, our results pose an important and muhiatisional puzzle regarding the fees charged imilteal
fund industry. Potential explanations of our resake, of course, that we do not control for tomplete set of
fund characteristics that affect fund f€esr that we do not capture relevant characteristiahie fund industry
such as frictions accurately. While we are unébleompletely rule these out, we also find it imnysiole to expect
them to substantially reduce the enormous spreaftes, particularly given the comprehensive sebbiistness

tests that we employ in the paper.

One explanation for the large fee dispersion, foictv we find some empirical evidence, is relatetht@stor
clienteles and, specifically, the dramatic inflofvretail investors with limited knowledge of findat products
during the sample period. Thus, issues such asdial literacy and advising of households shoeldtfirst order
importance for regulators. Of course, it is notiobs that enabling (retail) investors with theibaeols to select
funds would solve the issue of fee dispersion. pdisted out by Carlin and Manso (2011) funds matynaglly
react to investor learning by increasing the lefebbfuscation (i.e., by making it harder for intggs to learn).

They argue, however, that an increase in competiimuld lower the incentives for obfuscation ghds, should

2 One specific example for such a fund characteristtrust in the fund manager. Gennaioli, Shieifad Vishny (2015)
develop a model in which investors pick portfoliamagers on performance and trust. Investor trustedrmanager lowers an
investor’s perception of the portfolio's risk, amtbws managers to charge higher expenses to orgesho trust them more.
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enable investors to learn more quicKly.Thus, from a regulator’'s perspective it is alsportant to increase

transparency and comparability in the industry.

24 Ellison and Wolitzky (2012) develop a static mod&bbfuscation and find that competition mightuadly lead to more
confiscation, increased search costs and more gispersion.
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Data Appendix

Table A. Sample Selection

We follow Bessler et al. (2008) who use a comborabf Lipper codes, Wiesenberger codes and
Strategic Insight codes to identify domestic eqtutyds. Specifically we include funds in our sample
with the following classification codes:

1. Lipper: CA, El, EIEIl, G, GI, I, LCCE, LCGE, LCVE, M, MCCE, MCGE, MCVE, MLCE, MLGE,
MLVE, SCCE, FS, H, NR, S, SESE, TK, TL, UT.

2. Wiesenberger: AGG, G, G-I, G-I-S, G-S, G-S-1, GGRI, GRO, IG, I-G-S, I-S, I-S-G, IEQ, ING,
LTG, MCG, S-G, S-GlI, S-I-G, S-I, SCG, ENR, FIN, HLTCH, UTL.

3. Strategic Insight: AGG, GMC, GRI, GRO, ING, SCG,¥ENIN, HLT, NTR, SEC, TEC, UTI.
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Table B. Variable Construction and Definitions

Variable Name

Variable Definition Source

(expense ratip

Annual return

Beta:hml
Beta _smb
Beta umd

Carhart alpha

Yearly change in the expense ratio. Calculated

Ratio of the total assets attributed to marketimgj distribution costs. CRSP MF
Available since 1992. Database

Four factor alpha. For each December and each we@stimate a  Calculated
monthly four-factor alpha using three years of rhbnafter-expense,
excess fund returns. Alpha is the estimated moralplga (i.e., the
constant in the time-series regression) multipbigd 2.Before-
expense alphaare estimated in the same way using monthly before
expense fund returns, which are calculated by agdithe total

expense ratio to monthly after-expense retuexpanding window
alphasare estimated from an expanding estimation windaitver

than a rolling window of three yeafsltered alphasreplace alpha
estimates by zero when the corresponding t-stati$tihe alpha
estimate is below three in absolute terfdl sample alphasire
unconditional alphas estimates exploiting all aaié data per fund.

Annual fund flow. It is estimated as Calculated
Flow =(TNA- TNA,,(1+return))/TNA,,and is winsorized at the 1%

Annual fund return. Calculated by compounding mbnéfter- CRSP MF
expense returns within the previous 12 months. Myneturn values Database and
are calculated as a change in NAV including reiteeslividends Calculated

from one period to the next. NAVs are net of allnagement
expenses and 12b-fees. Front and rear load feexelteled Before-
expense annual retur@ge calculated as the sum of annual after-
expense returns and the total expense ratio. Ametiain is in
decimal form, that is 0.01 is 1%.

Fund betas from the four-factor model. Each Decerabd each Calculated
fund, we estimate the monthly four-factor modebsaising 3 years

of monthly after-expense excess return. Refereaartformation on

the calculation oAlphafor details regardinbefore-expense,

expanding window, filteredndfull sampleestimates of betas.

For each month, and for each fund, we first esgnaatnonthly after- Calculated
expense alpha as the difference between the fafidisexpense

excess return in montrand the realized risk premium, defined as the

vector of betas times the vector of contemporanéatsr

realizations in month(see Carhart (1997) and Gil-Bazo and Ruiz-

Verdu (2009)). Betas are estimated from 3 yeamafithly after-

expense fund returns and lagged by one month. ‘Bnlea@ alpha that

we use in the analysis is yearly and is calculagedompounding

monthly Carhart alphas estimated over the previdusionths. Refer

to the information on the calculation Afphafor details regarding



Variable Name Variable Definition Source
before-expense, expanding window, filteaadifull sampleestimates
of Carhart alphas. Carhart alpha is in decimal fdhat is 0.01 is 1%.

Expense ratio Annual ratio of total investment that shareholdeay for the fund’'s CRSP MF
_____________________________ operating expenses, which include 12b-1fees. ~ Database
Familyl dummy A dummy variable equal to 1, O else, if a fundastf a Calculated.

Familyl0 dummy management company with more than 1 (10) [100] J266ds
Familyl00 dummy associated with it. The standard case in our aisalySamily100
Family250 dummy dummy

_First expense ratio_Total yearly expense ratio in the year when thelfwas initiated. Calculated
Flow This is the autocorrelation of monthly fund flowse flow Calculated
autocorrelation autocorrelations is estimated using the entire 8erees of monthly

flows.
Flow-perf For each fund and each year, we estimate the fuiodVs Calculated
sensitivity performance sensitivity as the coefficient of lagjgeonthly

performance in a regression that explains montbilyd. The
regression starts with 3 years of monthly datauwses an expanding
_____________________________ window.
Front load Front loads for investments represent maximum sddasges. They CRSP MF
often change with the level of investment. The fload value is the Database
equal weighted average of all front loads charged fund across

different investment levels.

Fund age Age of fund calculated as the difference betweereot year and Calculated
_____________________________ year of fund initiation. .
Institutional A dummy variable equal to 1, O else, if a fundngrastitutional fund, CRSP MF
dummy or open to new investment, or is an ETF. Database
Open dummy
ETRdummy
In(MgmtComp The natural log of each December’s sum of totalassets of all Calculated
TONA) funds belonging to the same management company.
In(INA) The natural log of total net assets per fund dsemfember-end. __ Calculated
Pension Plan A dummy variable equal to 1, O else, if a fund’sntindy Calculated
dummy autocorrelation is in the top decile of all funds.

Persistence dummyA dummy variable equal to 1 for a given fund inyed the fund is  Calculated
among the top-20% funds with respect to yearlypeetormance in
years t-1 and t-2. The terrbéfore-expense persistence durhmy
refers to a persistence dummy that is based ors getsrns rather
_____________________________ than netreturns.
R? For each December and each fund, we estimate tinddotor model Calculated
using 3 years of monthly fund returns. Then weeamlthe adjusted
_____________________________ Reofthesemodels.
Random fee For each fund and each year, we determine thadraot positive Calculated
changes and negative fee changes for the fund since gsdppearance in the
CRSP Mutual Fund Database. “Random fees changdis€ is

minimum value of the frequency of positive and riegafee changes.
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Variable Name Variable Definition Source
Rear load The rear load is a fee charged by the fund whenastor withdraws CRSP MF
funds. The rear load typically varies by investmerel and duration Database
of the investment. The rear load value is the egegdhted average
_____________________________ across all reported rear load values across thesendions.
Sdmret Standard deviation of monthly returns calculatesnfi3 years of Calculated
monthly fund returns. Sdmret is in decimal formattls 0.01 is 1%.

Style Fixed Effects Fund styles are defined using the classificatmtes described in CRSP MF

_____________________________ Table A of the Data Appendix. ~  Database
TNA Total net assets as of December-end in milliond$D. CRSP MF
________________________________________________________________________________________________________________________ Database
Tstat alpha The t-statistic associated widttpha.Refer to the information on the Calculated

calculation ofAlphafor details regardingxpanding windovandfull
sampleestimates of Tstat alpha.

Turnover Annual fund turnover is calculated as the minimudraggregated CRSP
sales or aggregated purchases of securities, dilagehe average 12-Mutual Fund
_____________________________ month total netassets of thefund. ~~~~ Database
Unigueness It is the sum, across all holdings, of absolutéedé#nces in weights

for a given pair of funds, estimated yearly. Theamee is bounded

between zero (perfect overlap) and two (no overl@pg uniqueness

variable is based on fund holdings which are ab&lat the fund

rather than the share class level. As a consequalhcesults that

involve this variable are at the fund level. Focleéund, its

uniqueness value is defined as the value of thisfeu the fund pair

_____________________________ that results in the maximal holdings overlap.

Fund average For each fund, this is the average olitsquenessvith all other
uniqueness funds, estimated yearly.
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Table 1. Summary Statistics

The table reports summary statistics and a coieléble of our sample of domestic equity mutualds
(see Table A in the Data Appendix for a detailedcdption of the sample). The standard deviations i
Panels A and B are computed as the mean of yearbg-sectional standard deviations. The data covers
the period of 1966 to 2014 and is a yearly panatidbles are defined in Table B in the Data Appendi
The table focuses on the variables used in our skl of fund expense ratios. Some information is
only available after 1999 (e.g., information on m@@ment companies) and, thus, we split the samtale i
a pre-1999 and a post-1999 subset. Panel A presdinteriod summary data. Panel B and C summarize
the sample by expense ratio deciles in the pre-pmst1999 periods, respectively. Panel D contains
correlations. The last column in Panel B and C ragbe difference between decile 1 and decileSifxs
indicate significance at the 1% (***), 5% (**) artD% (*) level. Annual return, Carhart alpha, the R-
Squaredthe standard deviation of monthly retur8slinrel and all summary statistics of dummies are in
decimal form, that is 0.01 is 1% nnual Flowand Turnoverare in percentage&Expense ratioand
(Expense ratipare in basis points.

Panel A. Full Sample

Pre - 1999 Post - 1999
Mean SD Mean SD

Number of funds per year 1051 968 7931 1157
Expense ratio 121.000 99.000 138.000 98.000

(Expense ratio) 7.000 81.000 0.000 56.000
Annual return 0.130 0.181 0.075 0.232
Carhart alpha -0.014 0.101 -0.012 0.092
Beta_mkt 0.857 0.309 0.978 0.331
Beta_smb 0.226 0.440 0.161 0.361
Beta_hml -0.012 0.420 -0.008 0.378
Beta_umd 0.055  0.289 0.018  0.195
R 0.779 0.241 0.870 0.155
Annual flow 1.008 4.696 0.972 4.878
IN(TNA) 3.699 2.293 3.537 2.592
TNA 361.379 1679.748 530.320 2849.820
Fund age 8.088 8.612 8.985 8.169
Sdmret 0.047 0.032 0.051 0.025
Turnover 1.009 2.551
In(MgmtComp TNA) 8.864 2.657
Familyl dummy 0.882 0.323
Familyl0 dummy 0.802 0.399
Family100 dummy 0.524 0.499
Family250 dummy 0.250 0.433
Institutional dummy 0.232 0.422
Open dummy 0.727 0.446
ETF dummy 0.020 0.139
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Panel B. Summary Statistics by Expense Ratio Decile-- Pre - 1999 Sample

Decile 1 Decile 3 Decile 5 Decile 7 Decile 10 Dedi - 10

Mean SD Mean SD Mean SD Mean SD Mean SD Diff

Expense ratio 31 28 75 29 104 21 136 28 268 154 -237***
(Expense ratio) -14 58 -3 33 2 27 4 39 42 149 -56***
Annual return 0.171 0.215 0.137 0.157 0.135 0.169 0.135 0.183 0.118 0.209 0.053***
Carhart alpha -0.010 0.080 -0.010 0.072 -0.010 0.084 -0.016 0.109 -0.030 0.137 0.020***
Beta mkt 0.856 0.407 0.842 0.287 0.853 0.279 0851 0.282 0.858 0.346 -0.002
Beta_smb 0.072 0.446  0.113 0.330 0.197 0.392 0.273 0.432 0.384 0.540 -0.312%**
Beta _hml 0.034 0.469  0.002 0.316 -0.018 0.383 -0.013 0.406 -0.041 0.536 0.075***
Beta umd 0.008 0.254 0.034 0.209 0.053 0.245 0.072 0.288 0.085 0.396 -0.077***
R? 0.810 0.268 0.809 0.235 0.797 0.225 0.765 0.242 0.702 0.256 0.108***
Annual flow 1.213 5.292 0.568 3.382 0533 3.026 0.769 3.744 1.203 4.709 0.010
In(TNA) 4,916 2433 5.113 1.892 4477 1638 3890 1.686 2.370 1.740 2.545%**
TNA 1550.352 5290.461 691.041 1775.102 285.858 766.173 198.393 669.415 46.796 133.216 1503.556***
Fund age 9.778 10.120 12.047 9.861 11.178 9.026 8.490 7.369 6.753 7.154 3.024***
Sdmret 0.037 0.032 0.039 0.017 0.042 0.018 0.046 0.020 0.051 0.023 -0.014***
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Panel C. Summary Statistics by Expense Ratio Decile-- Post - 1999 Sample

Decile 1 Decile 3 Decile 5 Decile 7 Decile 10 Dedi - 10

Mean SD Mean SD Mean SD Mean SD Mean SD Diff

Expense ratio 37 19 95 9 123 11 157 17 261 238 -224%**
(Expense ratio) -1 9 -1 9 -1 10 -1 13 6 173 o G
Annual return 0.076 0.195 0.081 0.226 0.080 0.229 0.075 0.238 0.064 0.265 0.012%**
Carhart alpha -0.004 0.069 -0.008 0.087 -0.010 0.089 -0.013 0.096 -0.022 0.116 0.018***
Beta mkt 0.899 0.285 0.995 0.268 0993 0.246 0983 0.358 0.987 0.497 -0.088***
Beta_smb 0.058 0.315 0.123 0.334 0.187 0.352 0.201 0.376 0.257 0.405 -0.199***
Beta _hml 0.048 0.306 -0.001 0.364 0.008 0.359 -0.023 0.398 -0.090 0.471 0.138***
Beta umd -0.005 0.155 0.017 0.191 0.024 0.184 0.021 0.205 0.025 0.237 -0.029***
R? 0.878 0.195 0.880 0.144 0.878 0.132 0.867 0.148 0.823 0.185 0.055***
Annual flow 1.019 4872 1.215 5,688 0.935 4548 0946 4564 0.833 4.550 0.186**
In(TNA) 5.147 2.628 4.292 2582 3.723 2443 3.041 2430 1919 1.982 3.23%**
TNA 1958.091 6605.952 674.114 2390.214 321.450 978.862 185.910 652.200 36.535 124.755 1921.556***
Fund age 8.851 8.706 10.431 9.907 9424 8.724 8.207 7.146 7.703 6.071 1.148***
Sdmret 0.044 0.022 0.050 0.024 0.051 0.023 0.053 0.025 0.059 0.030 -0.015%**
Turnover 0.405 0.512 0.815 0.793 0936 1472 1180 2.619 1.738 4.861 -1.333***
In(MgmtComp TNA) 10.134 2.486  8.947 2618 8595 2559 8.611 2.765 8.000 2.714 2.134***
Familyl dummy 0.888 0.316 0.860 0.347 0.883 0.321 0.884 0.320 0.889 0.315 -0.001
Family10 dummy 0.861 0.346  0.780 0.414 0.776 0.417 0.787 0.410 0.792 0.406 0.069***
Family100 dummy 0.573 0.495 0.510 0500 0482 0500 0517 0500 0.461 0.499 0.112***
Family250 dummy 0.243 0.429 0.272 0.445 0.240 0.427 0.240 0.427 0.173 0.379 0.070***
Institutional dummy 0.471 0.499 0.417 0.493 0.221 0.415 0.142 0.349 0.014 0.117 0.458***
Open dummy 0.744 0.437 0.741 0.438 0.737 0.441 0.732 0.443 0.680 0.467 0.064***
ETF dummy 0.128 0.334 0.013 0.112 0.000 0.009 0.001 0.024 0.001 0.022 0.127***
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Panel D. Pooled Correlation

li);i%ense e(rEa)t(ti))()ens rAer;S:J:I ;;a):]r:lrt ?eta_mk |Beta_hm Eeta_sm dBeta_um R? ]:’lxgvr\}ual In(TNA) Z;gd Sdmret Turnove
Expense ratio
(Expense ratio) 0.54%+*
Annual return -0.05*** -0.03%+*
Carhart alpha -0.08*** L0.04%* .38+
Beta_mkt 0.03%+* L0.01%*  -0.01*** 0.07%**
Beta_smb 0.10%+* 0.01*  0.08** _0.02%+* 0.17%+*
Beta_hml -0.03%+* 0 -0.03** _0.06%+* _0.16%+* 0.01*+*
Beta_umd 0.02%+* L0.01%*  -0.01*** -0.08%** 0.07*** 0.10%+* -0.09%**
R? -0.09%** -0.02%** 0 -0.02%** 0.37%+* 0.02%+* -0.10* ** _0.05%**
Annual flow 0 0.01*  0.08** 0.07%** 0 0.01%+* 0.01%+* 0.02%%* - (Q.02%*
In(TNA) -0.25%** -0.03*** 0.10*** 0.05*** -0.04%x* -0.05%** 0.02%** 0 -0.01**  -0.06***
Fund age _0.05%+* L0.01%*  0.04%+* 0.01%** L0.06%*  -0.07* * _0.02%+* J0.03%*  -0.01**  -0.16%*  0.42%*
Sdmret 0.13%* 0.02%* 0. 10%** _0.05*** 0.47%+* 0.32%+* . 0.21% 0.05%*  0.11** 0  -0.09%* -0.08**
Turnover 0.11%+* 0 -0.03** 0,01+ 0.02+* 0.03%** -0.04% * 0.03**  -0.10%*  0.02%* -0.00%* -0.05%* (.13* *
In(MgmtComp TNA) -0.09%+* _0.07*+* -0.01* 0.03%+* 0.09%+* -0.10%** 0 S0.04%* Q.17 -0.04%*  0.31%*  0.20%* 0 -0.02% **
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Table 2. Base-Case Fund Expense Regressions

The table reports results of Fama-MacBeth regrassiowhich yearly expense ratios are regressddgged fund characteristics (see Table
A in the Data Appendix for a detailed descriptidritee sample). The data covers the period of 18684 and is a yearly panel. Variables
are defined in Table B in the Data Appendix. Altighles are lagged by one year. Expense ratiodgipendent variable in all regressions) is
in basis points. We split the sample into pre-aost{1999 subperiods since information on managem@mipanies is only available after
1999. The specifications reported in this tableespnt the base-case specifications. Beta estiragddsne series averages of cross-sectional
regression betas obtained from annual cross-settiegressions. We perform the regressions onulhedmple of mutual funds and for the
largest and smallest quintile of annually rank&tA funds. Panel A reports the regression resultssiéedardize all the independent variables
to mean 0 and standard deviation 1 using the &rtiile mean of each variable’s yearly cross-sedtimean and SD. In Panel B, in column
(1) we report the time-series average of the csessional mean, in column (2) the time-series stethdeviation of the cross-sectional mean,
and in column (3), the time-series average otthes-sectional SD that are used to standardizedependent variables in panel A.
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Panel A. Base Regression with Right-Hand-Side Varides Standardized

Pre - 1999 Post - 1999
Full Largest Smallest Full Largest Smallest
Sample Funds Funds Sample Funds Funds

Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat

(Intercept)
Annual return .1

Beta _mkt.;

Beta smbh.q
Beta_hmls

Beta _umd:1

R?w1

flow 1

IN(TNA) 1

Fund agei1
Sdmret.q

Turnover 1
In(MgmtComp TNA) w1
Family100 dummy
Institutional dummy

Open dummy
ETF dummy

# of Obs.
Avg. R-Squared

120.18 30.92 11545 1862 11568 11.17 173.80 30.200.99 39.49 21215 24.48
-7.23  -451 -2.68 -2.24 -16.25 -394 -1444 -390 762 -1.97 -40.05 -3.03
-0.59 -0.35 -6.21  -1.12 2.52 0.40 -4.32  -1.77 -1.51:0.29 -11.85 -1.40
5.93 3.60 0.24 0.04 7.24 1.48 19.66 1.82 16.11 2.285.15 2.54
-0.80 -0.60 6.02 2.61 -4.22  -1.21 1.70 0.81 -3.692.43 12.55 1.95
2.92 2.37 5.02 3.71 6.00 1.61 1.27 0.61 -4.38 -1.967.16 1.17
-3.12 -2.62 -0.21 -0.10 -1096 -293 -11.14 -851 575 932 -2210 -5.92
0.34 0.29 4.46 1.35 -0.46 -0.09 -0.90 -2.56 -2.423.23 3.25 211

-30.80 -25.72 -1843 -23.11 -47.18 -582 -23.74 /20 -2521 -22.96 -22.26 -3.63
1.31 1.35 -7.36  -4.77 19.39 2.86 3.04 2.59 -1.35 .321 59.89 5.17
16.12 3.15 25.69 1.26 25.38 1.45 34.30 3.32 0.46 150. 69.13 3.69

1.70 3.03 11.09 5.84 -1.63  -1.02

-3.79  -7.41 -6.43 -15.63 -5.21  -3.67
13.41 7.44 19.03 7.46 2.79 0.68
-53.62 -20.70 -38.23 -10.94 -61.90 -15.04
10.57 2.61 4.59 1.98 10.38 1.29
-44.85 -32.23 -36.63 -2091 -79.16 -4.31

30168 6017 6047 104560 20907 20917
24% 31% 20% 28% 35% 26%




Panel B. Time Series Average (SD) of Cross-Sectidiean and SD

Pre - 1999 Post - 1999
Full Sample Largest Funds Smallest Funds Full Samgl Largest Funds Smallest Funds

1) 2) (3) 1) 2) 3) 1) (2) 3) 1) 2) @ 11X (2) 3) 1) 2) (3)
Annual return 1 0.118 0.150 0.038 0.124 0.142 0.104 0.101 0.151 310.1 0.079 0.199 0.073 0.089 0.201 0.114  0.065 0.198111
Beta_mkti1 0.845 0.059 0.057 0.831 0.097 0.287 0.836 0.080 420.3 0.989 0.041 0.047 0971 0.034 0.247 1.000 0.051298
Beta_smbx 0.228 0.089 0.116  0.108 0.067 0.286 0.312 0.152 340.5 0.167 0.031 0.018 0.121 0.033 0.326  0.166 0.03%365
Beta_hmlt -0.013 0.046 0.093 -0.020 0.053 0.303 0.026 0.09348& -0.001 0.073 0.085 0.009 0.093 0.356 -0.01508@. 0.371
Beta_umdt 0.074 0.065 0.106 0.064 0.055 0.193 0.064 0.106 840.3 0.017 0.050 0.060 0.019 0.048 0.163  0.014 0.03¥190
R?1 0.775 0.040 0.038  0.810 0.084 0.234 0.714 0.069 440.2 0.871 0.035 0.021 0.878 0.027 0.150 0.870 0.04B138
flow 1 0.596 0.581 2.095 0275 0.324 1.455 1.037 1.236 208.3 0.958 0.402 1.002 0.350 0.164 2.356  1.150 0.594135
In(TNA) t1 3.836 0.480 0.203  6.409 0.547 0.776 1192 0.475 980.8 3.617 0.284 0.084 7.019 0275 1.025 -0.114 0.356260
Fund age:1 9.630 3.187 3.269 13.056 4.182 6.094 7.093 3.3440245. 8.965 1.876 0.467 14518 1.428 10.871  5.154 501.8 4.235
Sdmrett 0.046 0.009 0.004 0.041 0.008 0.017 0.050 0.011 220.0 0.052 0.015 0.009 0.050 0.014 0.017  0.053 0.01B018
Turnover 1 1.022 0193 1.229 0.661 0.115 0.683  1.378 0.293 743.5
In(MgmtComp TNA) 1 8.888 0455 0.249 10.300 0.334 2.85 8.038 0.759  3.063
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Table 3. Residual Expense Spreads

Using the residuals from the Table 2 fund expeegeessions, this table presents the time-seriesge®f the
cross-sectional residual spreads, in basis pdims)( between percentiles of the residual expeissebdition for
our sample of mutual funds (see Table A in the Rgtpendix for a detailed description of the sampRgnel A
reports mean residuals for the full sample, Panet@rts residuals spreads for the bottom quintilannually
ranked TNA funds, and Panel C reports mean resghralads for the top quintile of annually rankedATiNNds.
The data covers the period of 1966 to 2014 and/saay panel. The variables are defined in Tabtef Bie Data
Appendix. In each panel, the first row reportsdaal spreads for the “base-case” regression madelable 2.
The other rows report robustness tests for modeldich we vary the fund characteristics used tionege residual
expenses. Rows 2 to 5 report residual expensedspreaying fund performance measures. Rows 6 &p8rt
results of specifications that use gross (i.e gteeéxpense) rather than net performance measuittes fegressions
to explain expense ratios. Row 10 reports the t®fol a specification that includes fund styleetixeffects. Rows
11 to 12 report results that use performance measigrived from expanding rather than rolling winddqusing
beta estimates from expanding windows). Rows L% teport mean expense spreads for specificatimsaduce
the estimation noise in four-factor alphas and $efta row 13 we set the estimated alpha and bet&sit the
corresponding t-statistic is below 3 in absolutengeand in rows 14 and 15 we use full sample estisnaf these
asset pricing parameters (i.e., for each fund wienate these parameters using all available dalatean use the
same parameters each year to explain expense)ratios

Panel A. Full Sample

Mean Residual Spread (bps)

Expense Models 25" to 75" 10" to 90" 1" to 99"
P Percentile Percentile Percentile
1 Base-case 62 124 247
2 Annual returs persistence dummy 62 124 247
3 Alpha + persistence dummy 62 125 249
4 Tstat alpha + persistence dummy 61 122 242
5 Carhart alpha + persistence dummy 62 123 245
6 Before-expense annual return 62 124 246
7 Before-expen_se annual return+ before- 62 124 246
expense persistence dummy
8 Befo're-expense alpha + before-expense 61 1292 243
persistence dummy
9 Before-expense Carhart alpha+ before- 61 1292 249
expense persistence dummy
10 Style fixed effects + annual return 62 122 246
11 Expanding window alpha 61 123 244
12 Expanding window Tstat alpha 61 122 243
13 Filtered alpha 61 123 251
14 Full Sample alpha 62 123 244
15 Full sample Tstat alpha 62 122 243
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Panel B. Bottom Size Quintile of Funds

Mean Residual Spread (bps)

Expense Models 25" to 7.5h 10" to 9.Oh 1" to 9gh
Percentile Percentile Percentile
1 Base-case 95 180 399
2 Annual retur+ persistence dummy 95 180 398
3 Alpha + persistence dummy 97 183 414
4 Tstat alpha + persistence dummy 93 175 383
5 Carhart alpha + persistence dummy 94 178 401
6 Before-expense annual return 94 178 403
~ Before-expense annual return+ before- 95 179 401
expense persistence dummy
3 Befo.re-expense alpha + before-expense 97 185 413
persistence dummy
9 Before-expense Carhart alpha+ before- 94 182 403
expense persistence dummy
10 Style fixed effects + annual return 90 170 388
11 Expanding window alpha 93 175 388
12 Expanding window Tstat alpha 92 175 382
13 Filtered alpha 88 164 402
14 Full Sample alpha 98 187 414
15 Full sample Tstat alpha 97 185 406
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Panel C. Top Size Quintile of Funds

Mean Residual Spread (bps)

Expense Models 25" to 75h 107 to g.oh 1" to ggh
Percentile Percentile Percentile
1 Base-case 42 93 177
2 Annual retur+ persistence dummy 42 93 177
3 Alpha + persistence dummy 42 93 177
4 Tstat alpha + persistence dummy 42 92 177
5 Carhart alpha + persistence dummy 42 93 177
6 Before-expense annual return 42 93 178
~ Before-expense annual return+ before- 42 93 177
expense persistence dummy
8 Befo.re-expense alpha + before-expense 42 92 177
persistence dummy
9 Before-expense Carhart alpha+ before- 41 92 177
expense persistence dummy
10 Style fixed effects + annual return 42 92 176
11 Expanding window alpha 42 94 177
12 Expanding window Tstat alpha 42 93 178
13 Filtered alpha 42 93 178
14 Full Sample alpha 42 92 176
15 Full sample Tstat alpha 42 92 176
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Table 4. Trading Strategy

The table summarizes a trading strategy that buydsf in the bottom decile of reported expense satio
(residual expense ratios), and sells funds in dipediecile of reported expense ratios (residual es@e
ratios). We form the portfolio based on last yeaxpenses and rebalance each year. Residual expense
ratios are estimated using the base-case expegsess®n models from Table 2. Funds are equally-
weighed within portfolios. Using monthly returnsiin each year, we estimate the 4 factor alphadon e
year and then convert it into an annual alpha bitiptying by 12. We then compound the annual alphas
over time and report the cumulative alphas. Thietalso reports the compounded spread betweengevera
reported expense ratios (residual expense ratiosinds in the top and the bottom decile. The sampl
consists of domestic equity mutual funds (see TAllethe Data Appendix for a detailed descriptain
the sample). The data covers the period of 19@®1d@ and is a yearly panel. Panel A reports thrica
strategy based on full sample of funds. Panel Bntejhe same strategy based on large funds (t@p siz
quintile).

Panel A. All Funds

Reported Expense Ratio Residual Expense Ratio
Expense Expense Expense Expense
Year Year Year Year
Spread Spread Spread Spread
1966 0.83% 1.04% 1991 56.36%  67.82% 1966 0.62% 0.89% 1991  30.76% 58.57%
1967 5.78% 229% 1992 61.21%  7251% 1967 5.07% 2.00% 1992  32.04% 63.05%
1968 11.03%  3.48% 1993 4959%  76.84% 1968  -0.22% 3.29% 1993  29.21% 66.59%

1969 3.92% 4.79% 1994 57.98% 80.85% 1969 -11.97% 4.53% 1994 34.16% 69.83%
1970 5.70% 6.28% 1995 69.71% 84.88% 1970 -11.06% 5.89% 1995 40.00% 73.20%

1971 8.69% 8.19% 1996 74.29% 88.83% 1971 -5.66% 7.58% 1996 42.08% 76.46%
1972 17.12% 10.47% 1997 92.42% 92.86% 1972 1.82% 9.53% 1997 41.50% 79.73%
1973 14.69% 12.69% 1998 97.98% 97.26% 1973 -4.33% 11.50% 1998 49.45% 83.80%
1974 25.39% 15.19% 1999 93.65% 101.97% 1974 3.26% 13.70% 1999 58.06% 88.03%
1975 21.34% 17.61% 2000 94.98% 106.44% 1975 5.39% 15.84% 2000 62.18% 91.92%
1976 18.17% 20.03% 2001 97.73% 110.59% 1976 4.72% 17.93% 2001 65.22% 95.09%
1977 27.64% 23.07% 2002 105.35%  115.26% 1977 6.82% 20.67% 2002 68.65% 98.70%
1978 31.50% 25.90% 2003 109.76%  120.51% 1978 7.56% 23.17% 2003 69.98% 102.79%
1979 22.30% 28.55% 2004 112.83% 126.21% 1979 0.48% 25.22% 2004 73.31% 107.26%
1980 22.86% 31.22% 2005 112.92%  131.32% 1980 2.41% 27.45% 2005 74.61% 111.00%
1981 21.98% 33.81% 2006 121.63%  136.54% 1981 3.21% 29.40% 2006 71.14% 114.82%
1982 27.03% 36.57% 2007 123.71%  142.05% 1982 7.89% 31.47% 2007 66.44% 119.89%
1983 37.05% 39.42% 2008 132.99%  147.27% 1983 6.63% 33.66% 2008 72.09% 123.76%
1984 44.27% 42.03% 2009 133.19%  152.38% 1984 8.40% 35.71% 2009 74.70% 127.47%

1985 46.40% 44.64% 2010 138.82% 157.81% 1985 11.92% 37.88% 2010 78.16% 131.42%
1986 46.84% 47.56% 2011 146.65%  163.24% 1986 12.84% 40.36% 2011 81.55% 135.32%
1987 42.09% 50.42% 2012 152.07%  168.56% 1987 10.39% 42.77% 2012 86.02% 139.06%
1988 45.49% 54.07% 2013 153.14% 173.98% 1988 12.21% 46.08% 2013 81.00% 142.83%
1989 51.02% 58.51% 2014 161.91%  179.45% 1989 23.23% 50.07% 2014 84.22% 146.72%
1990 55.96% 63.13% 1990 27.97% 54.42%
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Panel B. Large Funds (Top Size Quintile)

Reported Expense Ratio

Residual Expense Ratio

Expense Expense Expense Expense
Year ear ear
Spread Spread Spread Spread
1966  2.17% 0.48% 1991 43.52% 2456% 1966 1.68% 0.30% 1991  0.86% 18.95%
1967 10.68% 0.92% 1992 50.54% 26.64% 1967 1.71% 0.64% 1992  6.00% 20.68%
1968  13.90% 1.40% 1993  49.19% 28.61% 1968 3.92% 0.93% 1993  557% 22.38%
1969 21.03% 1.99% 1994 52.70% 30.46% 1969 5.77% 1.23% 1994  9.79% 23.93%
1970 37.21% 2.70% 1995 62.25% 3250% 1970  12.08% 1.57% 1995 11.67% 25.64%
1971  44.28% 3.47% 1996 66.36% 3466% 1971  15.21% 2.03% 1996  12.12% 27.39%
1972 61.03% 4.40% 1997 84.13% 36.94% 1972  17.77% 2.68% 1997  13.30% 29.26%
1973  60.27% 537% 1998 93.32% 39.15% 1973  22.36% 3.31% 1998  16.88% 31.07%
1974 63.47% 6.24% 1999 93.39%  41.48% 1974  27.05% 3.88% 1999  20.32% 33.04%
1975 61.55% 7.08% 2000 93.30%  43.86% 1975  23.81% 4.52% 2000 19.78% 35.13%
1976  68.20% 7.80% 2001 97.86%  46.28% 1976  29.07% 5.10% 2001  23.62% 36.89%
1977 64.90% 8.42% 2002 115.33%  48.92% 1977  28.53% 5.58% 2002  29.73% 38.79%
1978  62.50% 9.09% 2003 123.34%  51.79% 1978  27.77% 6.01% 2003  31.81% 40.85%
1979  47.77% 9.77% 2004 126.75%  54.77% 1979  22.12% 6.48% 2004  35.17% 42.99%
1980 40.59%  10.44% 2005 122.61%  57.68% 1980  19.65% 6.98% 2005  33.11% 45.13%
1981 26.41%  11.23% 2006 132.27%  60.67% 1981 7.26% 7.55% 2006  34.11% 47.29%
1982 3555%  12.04% 2007 135.73%  63.60% 1982 9.36% 8.23% 2007  34.86% 49.42%
1983 34.42%  12.85% 2008 147.70%  66.43% 1983 4.27% 8.86% 2008  40.63% 51.53%
1984 31.21%  13.87% 2009 144.11%  69.25% 1984 2.74% 9.70% 2009  41.01% 53.63%
1985 40.39%  14.97% 2010 147.37%  72.10% 1985 4.93% 10.68% 2010  43.00% 55.80%
1986 34.35%  16.09% 2011 164.92%  74.79% 1986 5.51% 11.62% 2011  49.55% 57.84%
1987 29.63%  17.29% 2012 166.81%  77.38% 1987 5.13% 12.70% 2012  49.61% 59.84%
1988 30.38%  18.93% 2013 176.36%  79.98% 1988 5.87% 14.14% 2013  46.80% 61.78%
1989 38.00%  20.69% 2014 190.14%  82.55% 1989 7.90% 15.64% 2014 51.76% 63.73%
1990 44.93%  22.67% 1990 0.84% 17.31%
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Table 5. Share Class Aggregation and Expense Dispersion

This table presents the time-series average ofribgs-sectional residual spreads, in basis pooms)(
between percentiles of the residual expense disioib for our sample of mutual funds (see TablenA i
the Data Appendix for a detailed description of $henple) for share class aggregation. Panel A tepor
mean residuals for the full sample, Panel B repasgluals spreads for the bottom quintile of atipua
ranked TNA funds, and Panel C reports mean resghrahds for the top quintile of annually rankedATN
funds. The sample period covers 1980 to 2014. Rowehach panel reports the results from the base-ca
specification in which we do not aggregate acréssesclasses. Rows 2-4 report results for samples i
which we aggregate share classes using three afffeaggregation schemes: equal-weighting
(specification 2), value-weighting (specificatiopnahd selection of the largest share class (spatibn
4).

Panel A. Full Sample

Mean Residual Spread (bps)

250 to 75" Percentile 10" to 90" Percentile 1" to 9" Percentile

No Aggregation 63 125 243
Aggregated Share Classes (EW) 63 126 268
Aggregated Share Classes (VW) 58 122 265
Aggregated Share Classes (Largest) 55 117 266

Panel B. Bottom Quintile of Funds
Mean Residual Spread (bps)
25" to 75" Percentile 10" to 90" Percentile 1" to 9" Percentile

No Aggregation 91 184 386
Aggregated Share Classes (EW) 110 222 492
Aggregated Share Classes (VW) 107 221 490
Aggregated Share Classes (Largest) 107 218 498

Panel C. Top Quintile of Funds
Mean Residual Spread (bps)
25" to 75" Percentile 10" to 90" Percentile 1" to 9" Percentile

No Aggregation 50 101 184
Aggregated Share Classes (EW) 45 89 164
Aggregated Share Classes (VW) 40 79 157
Aggregated Share Classes (Largest) 37 77 158
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Table 6. Differences in Reported Expense Ratios and ResiduBkpense Ratios for Holdings-matched Fund Pairs

The table reports mean absolute differences inresgéresidual) ratios and spreads of absoluterdiftes in expense (residual) ratios for matched fun
pairs. The matching is based on holdings’ overl@asuared in terms of “uniqueness.” For each pos#iloi@ pair, we estimate, yearly, the sum, acrdss al
holdings, of absolute differences in weights. Factefund, its uniqueness value is defined as theevaf this sum for the fund pair that results hie t
maximal holdings overlap. The uniqueness measuseusded between zero (perfect overlap) and twaoyeslap). We refer to this sample of matched
fund pairs as the "full pairs sample." We rank ueitess into quintiles, where quintile 1 contaimsrtiost similar fund pairs and quintile 5 contahmes least
similar funds pairs. We also define “very similanéls" as the bottom decile of the uniqueness meabuPanel A we present mean absolute differences
and interquartile ranges (IQR) for fund charactessof the matched pairs. In Panel B we presemadsolute differences, interquartile ranges ate-i
percentile spreads for reported expense ratiosresidual expense ratios, in basis points. The uasidxpense ratios are from the base-case expense
regression of Table 2. All variables are contempeoals to the matching of fund pairs.

Panel A. Differences in Fund Characteristics for Mitched Pairs

Avg. # of Uniqueness Annual
9. (Matching R? Beta_mkt Beta_smb Beta _hml Beta umd
fund oo return
. Criterion)
pairs/year
Mean IQR Mean IQR Mean IQR Mean IQR Mean IQR MeamRI Mean IQR
Fggmpgigs 1145.4 1.05 058 007 007 008 008 016 018  0.230.25 0.2 023 012 013
Ver]}[jf]'dns“'ar 114.94 015 012 003 003 003 002 015 015 0.080.08 0.09 009 005 0.5
; 1 229.41 032 042 003 003 003 003 013 015  0.090.1 0.1 011 0.06  0.07
8 g 2 229.12 0.9 034 005 005 005 005 013 014 014014 016 017 0.1 0.1
‘é’E 3 229 1.18 0.2 006 006 006 006 016 016 018 901 0.2 021 012 012
5 3 4 229.12 136 018 008 008 009 009 018 018 027029 025 026 014 0.5
5 228.71 149 025 011 012 013 014 022 023 045052 031 033 018 0.8
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Panel B. Differences in Expenses for Matched Pairs

Reported Expense Ratio Residual Expense Ratio
10"
15'to 15'to
Spreads Mean IQR 10"to 9od" 9gh Mean IQR to 9gh
90"
Full pairs
sample 49 54 103 219 46 47 94 206
Very similar
tunds 41 48 94 174 38 41 84 167
w 1 42 49 101 176 40 41 83 172
§ 2 2 43 51 98 192 40 43 84 176
% = 3 47 52 98 204 45 48 93 190
5 & 4 51 55 104 240 50 52 104 214
5 63 57 111 321 56 53 105 274




Table 7. Testing Explanations of Residual Expense Spreads

The table reports results for tests of various hypses formulated to explain the dispersion in @luund expenses. Panel A reports means
and standard deviations of the variables usedstdhe hypotheses, sorted by reported expensedetites. The last column in Panel A reports
the difference between decile 1 and decile 10 ciamatics. Stars indicate significance at the ¥%)(5% (**) and 10% (*) level. Panel B
(pre-1999) and C (post-1999) report coefficient®wfthese variables when they are added indivigualljointly to the base-case expense
regressions from Table 2. We standardize all tdependent variables to mean 0 and standard devihtising the full-sample mean of each
variable’s yearly cross-sectional mean and SD. IFameports mean residual expense spreads foruthedmple and for the bottom and top
quintile of annually ranked TNA funds after incladithe hypothesis variables individually or joinitythe expense regressions. In Panel D we
report the spreads for 3 periods: Pre-1999, Pd3®,1&nd Full Period. Variables are defined in Tdbla the Data Appendix. All variables are
measured at the share class level, except forduarthge uniqueness (i.e., our measure of fund ditiopgthat is estimated at the fund level.

Panel A. Summary Statistics of Proxies by ReporteBxpense Ratio Deciles

Decile 1 Decile 3 Decile 5 Decile 7 Decile 10 edde 1-10
Mean SD Mean SD Mean SD Mean SD Mean SD Diff.

o Fund average uniqueness 1.858 0.087 1.883 0.0661.903 0.061 1.919 0.059 1.933 0.057 0.074***
< Random fee changes 0.074 0.125 0.172 0.1550.198 0.157 0.181 0.155 0.130 0.149 0.057***
o) Flow autocorrelation 0.220 0.340 0.223 0.3210.243 0.332 0.288 0.356 0.321 0.375 0.101***
o Pension plan dummy 0.074 0.262 0.058 0.2330.067 0.250 0.118 0.323 0.116 0.320 0.042***
o Fund average uniqueness 1.839 0.119 1.855 0.0931.879 0.084 1.896 0.081 1.904 0.080 0.065***
X Random fee changes 0.085 0.115 0.142 0.1400.143 0.137 0.133 0.138 0.156 0.142 0.071***
;) Flow autocorrelation 0.241 0.302 0.244 0.2870.284 0.311 0.321 0.349 0.345 0.378 0.104***
5 Pension plan dummy 0.080 0.272 0.061 0.2400.096 0.294 0.146 0.353 0.188 0.391 0.108***
Flow-perf sensitivity -0.088 14.620 0.080 1.5920.147 1.548 0.076 1.693 0.189 1.910 0.277***
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Panel B. Coefficients in Expense Regressions (Préab)

Controlling for... Competition Randomization Captivity
Coeff. t-stat Coeff. t-stat Coeff. t-stat
Fund average uniqueness 3.59 3.08
Random fee changes 7.06 7.11
Flow autocorrelation 2.11 2.60
Pension plan dummy 5.29 1.23
Family Fixed Effects No No No
Other Controls Like Table 2 Like Table 2 Like Table 2
# of years 18 34 34
# of obs. 14629 29836 27698
Avg. R-Squared 30.89% 25.35% 29.33%
Panel C. Coefficients in Expense Regressions (Pd$199)
Controlling for... Competition Randomization Captivity Flow-Perf. Sas.
Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat
Fund average uniqueness -1.65 -0.80
Random fee changes 7.71 10.36
Flow autocorrelation 11.73 50.99
Pension plan dummy 12.03 10.46
Flow-perf sensitivity 7.19 2.44
Family Fixed Effects No No No No
Other Controls Like Table 2 Like Table 2 Like Table 2 Like Table 2
# of years 15 15 15 15
# of obs. 36422 104559 104559 104548
Avg. R-Squared 29.18% 28.93% 30.80% 27.99%
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Panel D. Average Expense Spreads in Basis Points

Full Sample Smallest Funds Largest Funds
25" to 10" to 15tto 25" to 10" to 15tto 25" to 10" to 15tto
75h ooh ggh 75h ooh ggh 75h goh ggh
Base Case 62 124 247 95 180 399 42 93 177
Fund average unigueness 54 113 260 114 232 580 33 68 144
Random fee changes 62 122 245 95 180 397 42 92 174
Flow autocorrelation + pension plan 59 118 240 93 176 391 a1 88 174
dummy
Flow-Perf Sensitivity (only post- 63 123 232 90 170 369 a4 95 180

1999)
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Table 8. US Household Patrticipation, Average Fee Levels arfeee Dispersion

This table investigates the time-series relatiawben US household participation in the mutual fintiistry and average fees or measures of
fee dispersion, respectively. Panel A reports sumistatistics of the variables in levels and petaga changes. Panel B presents the regression
results in which all variables are included as petage growth rates (i.e., relative changes). UBsHloold participation is the percentage of
US household owning mutual funds. The data is obthifrom the Investment Company Institute (ICl)9pective Report (2014) and is
available starting in 1980. VW (EW) average fees BHKA-weighted (equally-weighted) averages of regmbexpense ratios. 90-10 reported
(residual) expense spread is thd' @@rcentile of reported (residual) expenses mihasl®" percentile of reported (residual) expense. The
percentiles of reported fees are derived from theiecal fee distribution of each yearly cross-gmtt Residual fees are derived from the
regressions reported in Table 2.

Panel A. Descriptive Statistics

Full Sample Largest Funds
Levels %-Changes Levels %-Changes
Mean SD Mean SD Mean SD Mean SD
US Household participation 3251% 13.39% 7.17% 1%2
VW Average Fees 0.79% 0.12% -0.05% 7.19% 0.74% 9%.12.05% 7.38%
EW Average Fees 1.26% 0.23% 0.98% 9.88% 0.94% O0.1I®W1% 6.27%

90-10 Reported Expense Spread 1.47% 0.32%  1.72%14%1. 1.06% 0.33% 3.59% 13.52%
90-10 Residual Expense Spread 1.24%  0.32%  2.39%96%6. 0.84% 0.24% 3.67% 12.84%
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Panel B. Time-Series Regressions

Full Sample Largest Funds
90-10 90-10 VW EW 90-10 90-10
Reported Residual Reported  Residual
VW Average EW Average Average Average
Expense Expense Expense Expense
Fees (growth) Fees (growth) Fees Fees
Spread Spread (growth) (growth) Spread Spread
(growth) (growth) 9 9 (growth) (growth)
Growth in US Household Patrticipation 0.19 0.15 0.34 0.27 0.18 0.20 0.46 0.42
[1.86] [1.06] [2.23] [1.09] [1.69] [2.38] [2.56] [2.42]
Constant -0.01 0.00 -0.00 0.00 -0.01 -0.01 0.00 0.00
[-0.96] [0.03] [-0.29] [0.10] [-0.86] [-0.44] [0.12] [0.10]
Adj. R-squared 7.4% 0.4% 11.4% 0.6% 5.6% 13.1% 15.2% 13.6%
# of Years 32 32 32 32 32 32 32 32
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Figure 1. Fund Expense Dispersion

These figures show the dispersion of expense rdlidis column) and residual expense ratios (right
column) across funds and over time. The graphs shewanges between the"2&nd 75th (darkest grey),
10"and 9¢' (medium dark grey) and'and 99 percentile (light grey) points of the distribut®rGraphs

in the top row also plot the aggregate TNA of alids in the graph in Billions of USD (red line).rimws

2 and 3, the red line represents the fraction gregate TNA represented by funds in the bottom size
quintile (row 2) and the top size quintile (rowd)our sample. The residual expenses are definéaeas
regression residuals of the expense models speaifi€able 2. Our sample consists of domestic gquit
mutual funds (see Table A in the Data Appendixafdetailed description of the sample). The dat&i=v
the period of 1966 to 2014 and is a yearly panel.
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Figure 2. Fund Expense Dispersion of Institutionaand Retail Funds

These figures show the dispersion of reported esgeatios (left column) and residual expense ratios
(right column) across funds that are institutiofuadds (top row) and funds that are retail fundsttioo
row). The graphs show the ranges between tHea®8 75th (darkest grey), ?@nd 9¢' (medium dark
grey) and 1 and 99" percentile (light grey) points of the distribut®rThe residual expenses are defined
as the regression residuals of the expense mopletsfied in Table 2. Our sample consists of dongesti
equity mutual funds (see Table A in the Data Appefat a detailed description of the sample). Théad

in this analysis covers the period of 1999 to 28dd is a yearly panel.
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Figure 3. Evaluation of Trading Strategy

These figures show the cumulative Carhart alpreadtiid line) of a strategy that buys funds inlib&om
decile of reported expense ratios (residual expestsas) and shorts funds in the top decile of rigmb
expense ratios (residual expense ratios). Thedggalso reports the cumulative spread betweengaera
reported expense ratios (residual expense ratio)nds in the top and the bottom decile (the ddshe
line). The residual expenses are defined as thessign residuals of the expense models specified i
Table 2. Our sample consists of domestic equityualuunds (see Table A in the Data Appendix for a
detailed description of the sample). The data otles period of 1966 to 2014 and is a yearly panel.

Larg

year year
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Figure 4. Fund Expense Dispersion at the Share Clasind Fund Level

These figure show residual expense ratios acrostsfand over time for aggregated and non-aggregated
share classes. In th& "% column, the sample consists of observationsesstiare class (fund; if a fund
has multiple share classes we select the largast siass) level. The graphs reported in theo are
based on all observations, while the graphs ir2fAeow only consider the top-20% share classes/funds
in terms of fund TNA at the beginning of each y&are graphs show the ranges between tifea2il

75th (darkest grey), ftand 9¢" (medium dark grey) andland 99" percentile (light grey) points of the
distributions. The residual expense is definechas¢gression residual of the expense models sgukcif

in Table 2. Our sample consists of domestic equityual funds (see Table A in the Data Appendixafor
detailed description of the sample). The data otlee period of 1980 to 2014 and is a yearly panel.
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Figure 5. Fund Expense Dispersion for Holdings-mated Fund Pairs

These figures show the interquartile spread (deek)g 10" to 90" percentile spread (medium grey) and
15tto 99" percentile spread (light grey) for the absoluféedénces in reported expense ratics¢alumn)

and residual expenses'{2olumn) for holdings-matched fund pairs. The miaighs based on holdings’
overlap measured in terms of “uniqueness.” For gaagsible fund pair, we estimate, yearly, the sum,
across all holdings, of absolute differences inghts. For each fund, its uniqueness value is defase
the value of this sum for the fund pair that resutt the maximal holdings overlap. The uniqueness
measure is bounded between zero (perfect overtapjveo (no overlap). The first row shows reported
expense ratio spreads for the full sample of ptiessecond row shows the most similar pairs Guantile

1 of uniqueness) and the third row shows leastlaimairs (i.e., quintile 5 of uniqueness). Thadsoéd
lines show the sample’s mean uniqueness measuheyeac. The residual expense is defined as the
regression residual of the expense models spegifid@dble 2. Our sample consists of domestic equity
mutual funds (see Table A in the Data Appendixafdetailed description of the sample). The dat&i=v
the period of 1980 to 2014 and is a yearly panel.
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Figure 6. Yearly Time-Series of Average Fees, Sprésiin Residual Fees and US Household
Participation in the Mutual Fund Industry

This figure plots 3 time-series: (1) the residwa spread (the solid line), calculated as tHe@dcentile
minus the 1Y percentile of the residual fee distribution exteacfrom the regressions reported in Table
2, (2) the TNA-weighted average reported expense (dashed line), and (3) the percentage of U.S
household ownership of mutual funds (dotted lind)e graphs share their axes. Series (1) and (2)
correspond to the left y-axis while series (3) épidted on the right y-axis. The US household data
obtained from the ICI Research Perspective Re@0i4). The data spans the period from 1980 to 2014.

63



