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Abstract

The number of index funds increased drastically from 2000 to 2020, driven in part
by the emergence of exchange-traded funds. Yet, despite the proliferation of near-
identical products, fee dispersion remains large and persistent, implying substan-
tial market power. Motivated by evidence of strong inertia and other demand-side
frictions, we develop a dynamic model of demand and supply for index funds that
incorporates inertia, information frictions, and heterogeneous preferences. Using
a new identification strategy that leverages fund-level new-sales data, we estimate
that only 3–5% of investors update their index holdings each month. However,
counterfactual simulations show that while eliminating inertia alone reduces aver-
age fees by only 20%, eliminating both information frictions and inertia cuts them
by 80%. This highlights that high information frictions—and their interaction with
inertia—are the primary barriers to reallocation. Finally, we show that while ETF
entry reduced expense ratios through both lower costs and product-market compe-
tition, demand-side frictions substantially dampened this competitive effect.

*We thank Malcolm Baker, Matteo Benetton, Rob Clark, Dean Corbae, Ying Fan, JF Houde, Gaston
Illanes, Alex MacKay, Sarit Weisburd, and Hanbin Yang and the seminar participants at American Univer-
sity, the Boston Conference on Markets and Competition, Boston University, Carnegie Mellon University,
the Econometric Society European Meeting, the International Industrial Organization Conference, Lon-
don School of Economics, the Montreal Summer Conference on Industrial Organization, Northwestern,
Ohio State University, Rice University, Singapore Management University, Stanford Institute for Theoret-
ical Economics, Stockholm School of Economics, Toulouse School of Economics, UCI, UCLA, UCR, the
University of Chicago, the University of Florida, the University of Georgia, and the University of Wiscon-
sin IO/Finance Reading Group, the Western Finance Association Conference. We gratefully acknowledge
funding from ANR under grant ANR-17-EURE-0010 (Investissements d’Avenir program).

†University of Michigan & NBER. Email: zachb@umich.edu.
‡Harvard Business School & NBER. Email: megan@hbs.edu.
§Boston University. Email: jjeon@bu.edu.
¶Toulouse School of Economics. Email: chuqing.jin@tse-fr.eu.

||Harvard Business School. Email: alwu@hbs.edu.



1 Introduction

Index funds are widely viewed as a low-cost and transparent alternative to active in-

vestment management and have grown rapidly in popularity. In principle, competition

among funds that track the same benchmark should drive fees toward marginal cost. In

practice, fee dispersion across index funds is large and persistent, and many investors

continue to hold high-fee funds even when nearly identical low-fee alternatives are

available. A striking example comes from BlackRock: in 2012, BlackRock introduced

the iShares Core MSCI Emerging Markets ETF, which tracked the same index as its ex-

isting iShares MSCI Emerging Markets fund but charged only 18 basis points—less than

one-third of the fee for their incumbent fund. Although the two funds were essentially

identical, investors were slow to adopt the lower cost fund and the high cost fund had

substantial assets even a decade later. This pattern is especially striking in light of the

rapid expansion of low-cost exchange-traded funds (ETFs) over the past two decades,

which many expected would trigger a “price war.”1 This paper asks why the entry of

new funds and the growth of ETFs have not eliminated high-fee index products.

The BlackRock example illustrates a broader feature of the market: even when

cheaper index products are available, assets move only gradually, and some investors

continue to select higher-cost products when making active choices. We document

three demand-side frictions that allow index funds to sustain market power. First, in-

vestor holdings are highly persistent: assets remain in high-fee funds for long periods.

Second, even when investors make active choices, search and information frictions

make it difficult to identify and select the cheapest funds. Third, even well-informed

investors view funds as somewhat differentiated, and do not always choose the lowest-

cost fund. We develop and estimate a framework that separately identifies inertia, in-

formation frictions, and horizontal differentiation. We then quantify how each friction

and their interactions sustain fee dispersion and market power.

Disentangling these frictions is crucial for understanding market outcomes and for

designing policy. If information frictions make it difficult for investors to identify low-

cost funds, this would motivate transparency rules—such as the SEC’s recent proposal

to address misleading or deceptive practices—and tools such as the FINRA Fund Ana-

lyzer to facilitate fund comparisons.2 In contrast, if investors remain in expensive funds

1See, for instance, “Index Mutual Funds Face Price War With ETFs”, Wall Street Journal, May 12,
2000.

2See https://www.sec.gov/news/press-release/2022-91 and https://tools.finra.org/fund
_analyzer/.
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due to inertia, then policies such as investor nudges or changes in the tax treatment

of capital gains may have a greater impact.3 Interactions among frictions are also im-

portant. For example, inertia can be much less costly for less sophisticated investors

facing severe choice frictions, because they fail to optimize even when attentive. More

broadly, the effectiveness of regulating product entry, price discrimination, and broker

commissions depends on the specific frictions that investors face.4

We start by documenting that, despite the growth of low-cost ETFs, price dispersion

remains substantial. Using detailed CRSP data and data on 401(k) plans, we docu-

ment three key facts. First, the growth trajectories of new funds suggest that inertia

plays an important role: it often takes roughly five years for low-cost entrants to reach

scale. This pattern indicates that while many investors eventually shift to cheaper al-

ternatives, they do so slowly. Second, information frictions matter: price dispersion in

401(k) plans, where information is standardized and prices are transparent, is about

one-fifth of that in the broader market. The fact that dispersion does not disappear

entirely in the 401(k) setting suggests that investors perceive index funds as differenti-

ated products. Third, within identical portfolios, institutional funds charge nearly one

percentage point less than retail funds, potentially due to institutional investors facing

lower frictions.

We model demand for index funds as a discrete choice over branded funds within

an investment class (e.g., a Lipper Class). The investor’s total allocation to that class

is taken as given, so the model explains substitution across funds within a class rather

than portfolio allocation across classes. Each period, with some probability, investors

are either active (re-optimizing fund choice) or inactive (maintaining prior holdings).

We use ‘inactive’ to capture different mechanisms that produce persistence in holdings

between active reassessments, such as switching costs, persistent consideration sets, or

mechanical rebalancing constraints, and refer to the resulting persistence collectively

as inertia. When active, investors still face information frictions which diminish their

ability to identify the optimal index fund. Our focus is on separately identifying inertia

from information frictions and studying their distinct roles in sustaining market power,

as well as policy implications, rather than distinguishing among specific mechanisms

of inertia.5

3Capital gains from selling assets that are held for less than a year are taxed at a higher rate, which
generates incentives for investors to hold assets for longer periods.

4Regulations of price discrimination and broker commissions are already subject to Securities and
Exchange Commission rule-making. For instance, some forms of price discrimination for mutual funds
are already barred under SEC Rule 22d of the Investment Company Act of 1940.

5Some models suggest that inertia is an endogenous response to information frictions. If investors
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Investors also have heterogeneous preferences over index funds, so the product

space is horizontally differentiated. We allow preferences, the level of frictions, and

the set of available products to vary across two investor types: retail and institutional

investors.6 ETFs are available to both groups, while institutional index funds are pur-

chased only by large asset owners such as pension plans, endowments, corporations,

and governments, as well as intermediaries that aggregate the assets of retail investors.

We estimate the model using fund-level data from CRSP from 2000 to 2020. We

face two key empirical challenges. The first is separately identifying inertia from per-

sistent unobserved preferences, since both give rise to the same empirical pattern of

persistent market shares. We address this challenge by exploiting data on new sales

in estimating inertia, relying on the fact that these data reflect active decisions. On

average, new sales account for roughly 3% of assets under management (AUM), sug-

gesting that demand is quite sticky. Our estimates indicate that roughly 95% (97%)

of retail (institutional) investors are inactive each month, implying that about 46%

of retail investors update their portfolios at least once a year. As a robustness check,

we use an alternative identification strategy based on the persistence of exogenous

demand shocks and obtain similar inertia estimates. Overall, our estimates of inertia

align closely with survey evidence on investor rebalancing frequency.

The second empirical challenge is to disentangle preference heterogeneity from in-

formation frictions, since both reduce observed price sensitivity. We use choices in

401(k) plans as a low-information-friction benchmark. In this setting, investors choose

from a simplified and transparent menu of funds selected by the plan sponsor (i.e.,

the participant’s employer). By law, 401(k) investors receive standardized disclosures

on the menu of options, expenses, and performance, making this a setting with mini-

mal information frictions (Kronlund et al., 2021).7 Experimental evidence from Choi

et al. (2010) suggests that investors are more price-sensitive when fee information is

transparent and salient, as in the 401(k) setting, though investors may still view index

funds as horizontally differentiated products. We jointly estimate demand for index

funds within and outside the 401(k) context using a discrete choice framework (Berry,

1994). We find that demand is more than twice as elastic in the 401(k) setting (3.3

believe that they will not be able to make optimal choices, they may decide to abstain from choosing at
all (Steiner et al., 2017). In Section 4.1, we provide evidence that inertia and information frictions are
linked.

6Previous research such as Hortaçsu and Syverson (2004) and Gavazza (2011) highlight the impor-
tance of differentiating between institutional and retail markets.

7To account for investor inertia, we restrict our attention to new 401(k) plans in which all participants
make an active decision.
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vs. 1.6). The difference in demand elasticities between these two settings allows us

to separately identify the contributions of information frictions and preference hetero-

geneity: for retail investors, information frictions are roughly 75% more important

than preference heterogeneity.

We specify the supply side to understand why competition fails to eliminate market

power. We develop a tractable model that incorporates dynamic incentives by exam-

ining the steady state of a differentiated Nash–Bertrand expense-ratio–setting game.

Consistent with the data, index fund managers can operate multiple funds and price

discriminate across institutional and retail investors by separately offering funds that

are only available to institutional investors. When setting expense ratios, managers

account for investor inertia, information frictions, and preference heterogeneity.

We show that these frictions have distinct implications for optimal pricing. Inertia

has two potentially offsetting effects on steady-state pricing (e.g., Beggs and Klem-

perer, 1992). On the one hand, inertia increases the value of acquiring new customers,

as those who switch to a fund are likely to remain, creating an incentive to set lower ex-

pense ratios to attract investors. On the other hand, inertia makes demand less elastic,

giving managers an incentive to raise expense ratios and harvest existing clients. We

show that with efficient capital markets (e.g., expected returns equal required returns),

these opposing forces exactly offset, leaving equilibrium prices unchanged. However,

in practice, when the growth-adjusted discount factor is smaller than 1, inertia can

lead to higher steady-state expense ratios. An increase in either information frictions

or preference heterogeneity unambiguously leads to higher prices.

We estimate the marginal cost of running an index fund by inverting each index

fund manager’s dynamic first order conditions. Given the presence of demand fric-

tions, the estimates imply substantial market power. The estimated average (median)

marginal cost is 35 (23) basis points, which implies an average (median) markup of 53

(32) basis points.

We use our model estimates to first quantify how demand-side frictions sustain

market power and find that information frictions are the dominant force. Eliminating

these frictions by, for instance, mandating additional disclosure, would lower average

expense ratios for retail investors by 52%. Although 95% of retail investors are inac-

tive each month, inertia alone has a more modest effect–a 22% decline. The limited

demand-side response, which may be surprising, can be attributed to severe informa-

tion frictions: investors cannot effectively optimize even if they are given more fre-

quent opportunities to re-optimize. When both inertia and information frictions are
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eliminated, the average retail expense ratio falls by 81%, and the standard deviation

falls by 71%, underscoring the strong interaction between these two forces.

Institutional investors are slightly less active than retail investors but face less se-

vere information frictions and are more price-elastic. Overall, these differences give

fund managers incentives to price discriminate across investor types. We find that

eliminating price discrimination would lower the average expense ratio paid by re-

tail investors by 8 basis points. However, if investors did not suffer from information

frictions and inertia, then price discrimination would have a negligible impact. In an

extension, we also analyze the role of agency frictions in the index fund market and

find a small effect.8

Lastly, we analyze how the introduction of ETFs impacted market competition and

interacted with inertia and information frictions. ETFs differ from mutual funds in two

critical dimensions: they have lower marginal operating costs (Jiang et al., 2023) and

are available to all investors, precluding institutional-retail price discrimination. Our

counterfactual results indicate that the introduction of ETFs lowered the average retail

index fund expenses by 39%; 59% of the effect comes from increased competition, and

41% comes from the cost advantage of ETFs. However, the effect would have been

much larger in the absence of information frictions and inertia since these frictions

limit the uptake of low-cost ETFs, highlighting how consumer frictions can dampen the

competitive gains from product innovation.

Related Literature

It is well documented that even when financial products are similar, substantial price

dispersion persists and consumers often fail to choose the lowest-price option (see

Campbell (2016) and Clark et al. (2021) for an overview).9 One strand of the liter-

ature focuses on the role of search costs and other information frictions in explaining

8Using the framework in Robles-Garcia (2019), we find evidence that financial advisers distort
demand; however, the conflicts of interest we estimate are smaller than have been found in other
settings (Christoffersen et al., 2013; Hastings et al., 2017; Egan, 2019; Bhattacharya et al., 2025;
Robles-Garcia, 2019). This is intuitive given that the index fund market is more transparent than
the other markets in which agency frictions have been studied. Furthermore, we find that remov-
ing conflicts of interest has a limited impact on the expense ratios. This is because, especially in re-
cent times, the incentives financial advisers face are relatively low-powered. For example, no-load
mutual funds without 12b-1 fees accounted for 89% of mutual fund sales in 2021. See https:
//www.ici.org/system/files/2022-03/per28-02_2.pdf.

9Grubb (2015) notes that the failure to choose the lowest price is often observed more generally
when price is complicated and consumers have limited experience in the market.
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these facts. In their seminal paper, Hortaçsu and Syverson (2004) document price dis-

persion in relatively homogeneous S&P 500 index funds and show that modest search

costs can rationalize the observed price dispersion. Roussanov et al. (2021) extend the

search model in Hortaçsu and Syverson (2004) to the market for active funds to study

misallocation in the industry.10 Similarly, Janssen and Thiel (2025) study how search

frictions and preferences contribute to persistent investment in active funds.

However, these models often conflate search costs with other factors such as indi-

vidual preference heterogeneity and switching costs, which cannot be separately iden-

tified in their setting, as noted by Hortaçsu and Syverson (2004). While information

frictions, including search costs, are one explanation for why individuals choose ex-

pensive financial products, several studies argue that they are unlikely to fully explain

choice behavior in certain settings (Woodward and Hall, 2012; Grubb, 2015).

A number of studies have shown that consumer inertia and switching costs play

an important role in settings including retirement fund choice (Madrian and Shea,

2001; Illanes, 2016; Luco, 2019), portfolio choice (Gabaix et al., 2023), mortgage

choice (Allen and Li, 2025; Andersen et al., 2020; Zhang, 2022), and banking choice

(Kiser, 2002).11 Coen et al. (2025) document the importance of inattention in the UK

insurance market and find evidence of an invest-and-harvest strategy: insurers engage

in “price walking,” offering low introductory prices to new customers while raising

prices for existing customers. They also show that a ban on price walking led insurers

to develop new ways to price discriminate, such as introducing new products, between

active and inactive consumers. Benetton et al. (2026) find evidence that banks use

promotional offers and sign up bonuses to try and price discriminate across active

versus sleepy depositors.

Our empirical setting also suggests that both inertia and information frictions may

be responsible for the slow adoption of new low-cost funds and the persistence of high-

fee funds. Our paper, therefore, contributes to these bodies of literature by developing

a tractable model that jointly incorporates these key frictions and by proposing a new

identification approach. This allows us to estimate inertia and information frictions,

each separately from preferences, and ultimately answer why market power persists

even with active entry in this market.

10Honka et al. (2017) and Roussanov et al. (2021) show that search costs may also be affected by
marketing.

11Inertia has been shown to be important for competition in many other settings including electricity
(Hortaçsu et al., 2017), retail gasoline (MacKay and Remer, 2024), cloud computing (Jin et al., 2023)
and health insurance markets (e.g. Handel, 2013; Ho et al., 2017).
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Finally, our paper connects to other studies on the ETF and mutual fund markets,

and more broadly to the growing literature at the intersection of industrial organiza-

tion and finance. An et al. (2023) develop a structural model of the ETF market that

incorporates two-tiered competition between index providers and ETF managers. The

authors document that the index providers (e.g., S&P Dow Jones) that create and li-

cense indices for ETFs to track also have substantial market power in addition to the

ETF managers.12 Gavazza (2011) shows how demand for product varieties and de-

mand spillovers affect the market structure and the level of fees for mutual funds.

While we focus on index fund choice, rather than the more general problem of portfo-

lio choice, our framework relates to the literature using a demand-system approach to

asset pricing (Koijen and Yogo, 2019) and to other financial contexts more generally.13

We show how to extend these frameworks to quantify the role of various frictions in a

dynamic environment characterized by investor inertia, which is an important feature

of many household financial markets.

The remainder of the paper is structured as follows. In Section 2 we describe our

data and present motivating evidence for the frictions incorporated in our model. In

Section 3 we develop our structural model, and we present the corresponding estimates

in Section 4. We present our counterfactual analysis in Section 5. Lastly, Section 6

concludes.

2 Data and Motivating Evidence

2.1 Data

Our base index fund data set comes from CRSP Mutual Fund Database for 2000 to

2020. We restrict our attention to funds classified in CRSP as index funds, including

both mutual funds and ETFs.14 Index funds in the data are defined at the share class
12Baker et al. (2022) and Egan et al. (2022) use similar demand-side approaches to recover investor

expectations in the index fund market.
13Other asset examples include Koijen and Yogo (2026); Bretscher et al. (2026); Benetton and Com-

piani (2024) and Haddad et al. (2025). These IO-type demand systems (e.g., Berry (1994), Berry et al.
(1995), etc.) have been used in other financial settings such as demand for banks (Dick, 2008; Egan
et al., 2017; Xiao, 2020), mortgages (Allen et al., 2014; Benetton, 2021; Robles-Garcia, 2019) and in-
surance (Koijen and Yogo, 2016, 2022).

14We restrict our data set to all funds defined in CRSP as index funds (i.e., index_fund_flag is equal
to "B", "D" or "E"). We focus on index funds given that these products are relatively homogeneous and
form an important part of the market. Because CRSP only started reporting whether a fund is an index
fund in 2003, we define a fund as an index fund if it is ever classified by CRSP as an index fund in the
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level, which means that multiple share classes may represent the same underlying port-

folio. While some of the mutual fund literature aggregates share classes to the fund

level, we keep the unit of observation at the share-class level to capture how retail

and institutional share classes contribute to the observed price dispersion. We observe

monthly data on total net assets and returns and quarterly information on other fund

characteristics such as expense ratios and Lipper classification.

Table 1 displays the summary statistics corresponding to our base data set. We have

roughly 500,000 month-by-fund observations, which covers 5,266 index funds across

150 Lipper Classes. On average, we have roughly 8 years of monthly AUM data for

each fund in our sample and 35 funds per Lipper Class. Consistent with the previous

literature, we find a large degree of price dispersion. The average expense ratio is 77

basis points with a standard deviation of 65.15

An important dimension of heterogeneity in our analysis is investor type. For index

funds structured as mutual funds, CRSP identifies whether the share class is retail

or institutional. For ETFs, which can be purchased by both retail and institutional

investors, we use quarterly 13F holdings data to measure the share of assets held by

institutional investment managers, treating the remaining assets as retail or non-13F

ownership. Roughly 35% of the funds in our sample are retail mutual funds, 26% are

institutional mutual funds, and the remaining 38% are ETFs.

For empirical purposes, we classify institutional ownership as ownership through

institutional mutual-fund share classes or ETF holdings reported by 13F investment

managers. Institutional share classes typically have large minimum investment re-

quirements and are commonly used by large accounts, including pension funds, endow-

ments, insurance companies, pooled plans, retirement plans, and advisory or brokerage

platforms investing on behalf of clients. An important caveat is that our retail-versus-

institutional distinction captures the channel and scale of ownership, rather than a

sharp distinction between unsophisticated households and highly sophisticated institu-

tional investors. Consistent with this interpretation, we find that institutional investors

are more price sensitive but do not appear to be more active in the data, which is not

surprising given the types of institutional investors that hold mutual funds and ETFs

data. We find quantitatively similar results if we restrict our attention to those funds classified as "pure"
index funds as per CRSP (i.e., index_fund_flag is equal to "D").

15Following Hortaçsu and Syverson (2004), we construct load-adjusted expense ratios by adding one-
third of all loads to the reported expense ratio, reflecting that investors update their portfolios roughly
once every three years. This adjustment has only a minor effect because front and rear loads are rare,
especially in recent years; for example, 90% of index funds in our sample had no loads in 2020. Our
results are quantitatively similar if we omit this adjustment or exclude all load-charging funds.
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in our sample. Highly sophisticated investors, such as hedge funds, may instead be

more likely to obtain exposure by directly purchasing the underlying securities or us-

ing separately managed accounts rather than by investing through mutual funds; such

investors would therefore not appear as mutual-fund investors in our sample.

We supplement the CRSP data with information on new sales for mutual funds from

their N-SAR and N-PORT filings, compiled by Morningstar. Mutual funds report new

sales in their N-SAR filings before 2018 and N-PORT filings after 2018. For each mu-

tual fund, we observe the number of new shares purchased (excluding reinvestments

of dividends and distributions) at the monthly level. The new sales reflect new capital

entering the mutual fund market as well as assets moving across funds. We therefore

leverage the new sales data as a key input to identifying investor inertia, as discussed

in Section 4.1.1. The new-sales data are available for 38% of our fund-month obser-

vations for mutual funds, and 55% of market-month pairs have at least one new-sales

observation.

Employer-sponsored investment accounts offer a simplified menu of funds due to

disclosure requirements, providing a setting with minimal information frictions. We

supplement our analysis with data on the menu and allocation of funds within 401(k)

plans from 2009 to 2019 from BrightScope Beacon. The data cover 85 percent of

employer-sponsored investment accounts subject to ERISA. Additional detail on the

data can be found in Egan et al. (2026).16

2.2 Motivating Evidence

2.2.1 Price Dispersion

We start by documenting that there is substantial price dispersion in index funds even

after the advent of ETFs. Because these products are relatively homogeneous, the pres-

ence of price dispersion provides initial evidence of market power. Figure 1 Panel (a)

shows that the number of index mutual funds increased by almost threefold between

2002 and 2020, and ETFs, while almost non-existent initially, eventually outnumbered

mutual funds. Panel (b) illustrates that the market size, measured by total AUM, also

increased substantially over the period.

One might expect such rapid entry would effectively erode market power, yet sur-

prisingly, price dispersion has remained relatively constant over time. Figure 2 displays

the distribution of fund expense ratios over the period with Panels (a) and (b) showing

16Bhattacharya and Illanes (2022) use these data to study the design of defined contribution plans.
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the equal-weighted and asset-weighted distributions, respectively. Panel (a) indicates

that average index fund expense ratios fell from 90 basis points in 2000 to roughly 65

basis points in 2020. The 10th percentile and 90th percentile of expense ratios have

experienced similar declines, which indicates that the decline in average expense ratios

has been driven by a general level shift in the distribution of fund expense ratios. The

interdecile range has also remained relatively constant at 150-160 basis points over the

bulk of our sample.

Comparing the equal-weighted with the asset-weighted distributions provides prima

facie evidence about investors’ elasticity of demand. The asset-weighted distribution

is shifted downwards relative to the equal-weighted distribution, which suggests in-

vestors are price sensitive. However, there is still substantial dispersion in expense

ratios even when we weight by assets, which suggests that a large fraction of investors

still purchase high-fee index funds.

Some of the observed dispersion in expense ratios could be driven by differences

across index funds or asset classes. For example, index funds classified by Lipper as

commodity-based metals funds are generally more expensive than funds classified as

S&P 500 index funds. Ben-David et al. (2023) highlights that part of the growth in ETFs

has been driven by the expansion of specialized ETFs, which tend to charge higher

fees. To account for these differences, we residualize expense ratios by regressing

them on Lipper Class-by-month fixed effects and plot the residualized expense ratios

in Figure 2 Panels (c) and (d). These fixed effects explain 35% of the variation in fund

expense ratios and 79% of the variation in fund returns, suggesting that much of the

fee dispersion is within Lipper Classes. Even after accounting for differences across

Lipper Classes, funds in the 90th percentile are on average 1 percentage point more

expensive than funds in the 10th percentile. Overall, the results show there has been

substantial price dispersion for seemingly homogeneous products that has persisted

over the 20-year period.

2.2.2 Potential Drivers of Price Dispersion

We wish to provide insight into the drivers of index fund market power and observed

dispersion in prices. Here, we provide initial motivating evidence for three mechanisms

that appear to be important: inertia, information frictions, and price discrimination.

Investor Inertia: It is well documented that investors exhibit inertia. Recent survey

evidence indicates that roughly 12-18% of defined contribution plan investors update
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their portfolio each year.17 Given the introduction of new low-fee ETFs, inertia could

be quite costly for the 82–88% of investors who do not update their portfolios each

year and could help explain the persistent dispersion in expense ratios.

To give a specific example, in 2012, BlackRock introduced a new ETF that tracks the

MSCI emerging market index, called the iShares Core MSCI Emerging Markets ETF. At

that time, BlackRock already had an index fund that tracked the same index, called

iShares MSCI Emerging Markets. The new ETF had an expense ratio of only 18 bps,

while the existing fund had an expense ratio of 68 bps. Despite the fact that the returns

of these two BlackRock funds had a correlation of 0.999, investors did not immediately

switch to the fund with a lower expense ratio. Figure 3a shows it took 5 years for the

AUM of the new fund to exceed the AUM of the old fund. This slow transition suggests

the presence of substantial inertia.

This is not the only example. Figure 3b shows more generally how the average

market share of a newly launched low-cost fund within a Lipper Class evolves over

time. We identify low-cost funds as those in the bottom quartile of the expense ratio

distribution within their Lipper Class at the time of launch. Then, we plot the average

of these funds’ market shares in each month since the fund was introduced. We plot

market share in terms of total assets and new sales separately. The share of total

assets invested in inexpensive funds is initially low and then rises over time, consistent

with the fact that it takes multiple years for investors to switch. After five years, the

average market share of a fund in the bottom quartile of the price distribution is still

only 5%. We find that the share is much higher for new sales, which is also consistent

with a large degree of inertia. The fact that demand for low-cost funds is not higher

in the long run—even after most investors have made an active choice—may reflect

information frictions or preference heterogeneity.

To provide additional motivating evidence on inertia, Figure 4 shows the ratio of

new sales to total AUM. New sales is defined as the dollar value of newly purchased

mutual-fund shares in a given month, excluding reinvested dividends and distributions.

These purchases include both new capital entering the mutual fund market and assets

reallocated across funds, so they are best interpreted as gross active inflows rather than

net flows. For the median market, new sales account for only 4% of AUM for retail

investors and 3% for institutional investors. The small magnitude of these ratios im-

plies that only a limited share of the asset base is exposed to new fund-level purchase

17See https://www.ici.org/system/files/2021-09/21_rpt_recsurveyq2.pdf. ICI reports
rebalancing activity for the first half of the year, which we annualize by multiplying by two.
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decisions in a typical month. As a result, even if active investors increasingly favor

lower-cost funds, aggregate market shares and asset-weighted fees adjust only gradu-

ally. This evidence therefore complements the slow adoption patterns in Figure 3b and

motivates our use of new-sales data in Section 4.1.1 to distinguish active inflows from

the persistent stock of existing assets.

Information Frictions: Previous work highlights the importance of search and in-

formation frictions in the index fund market (Hortaçsu and Syverson, 2004). The

401(k) environment provides a useful contrast: participants are presented with a lim-

ited, transparent menu of 10-30 funds with standardized fee disclosure. Thus, we

expect investors to be more price sensitive in this setting.

We examine price dispersion for 401(k) plans in Figure A1. While the interdecile

range of asset-weighted expense ratios is about 40 basis points in the broad market for

index funds, the range is only 8 basis points at the end of the sample for 401(k) plans.

Given that preference heterogeneity is likely similar in these two settings, lower price

dispersion in 401(k) plans provides initial evidence that information frictions play an

important role in the index fund market.

Price Discrimination: Index fund managers often issue multiple funds and ETFs that

track the same index or underlying portfolio. In particular, mutual funds often have a

share-class structure, which allows intermediaries to explicitly price discriminate across

investor types. Institutional share classes typically charge lower fees than retail ones,

consistent with higher average price sensitivity among purchasers with institutional-

class access. To explore this channel, for a given underlying portfolio (identified in the

data as crsp_portno) and year, we calculate the difference between the average expense

ratio of retail mutual funds and that of institutional mutual funds. Figure 5 displays

the distribution of this difference for those portfolios that are held by at least one retail

and one institutional fund. On average, an institutional fund charges 94 basis points

less than the retail fund within the same portfolio. These results suggest that part of

the observed dispersion in expense ratios is driven by the ability of index managers to

segment the market and further exercise their market power.
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3 Framework

We develop a dynamic model of supply and demand for index funds featuring inertia,

information frictions, and preference heterogeneity. Our objective is to provide new

insight into the mechanisms driving the persistent price dispersion we observe in the

data. The baseline version of the model includes two types of agents: heterogeneous

investors with demand for index funds and fund managers in charge of pricing index

funds. We also consider an extension of the model in Appendix E where we introduce

financial advisers who potentially distort the investment decisions of investors due to

conflicts of interest.

3.1 Investors: Demand for Index Funds

We model index fund choice as a discrete choice among individual branded index

funds within a given investment category or asset class (e.g., small-cap value, mid-

cap growth) as classified by Lipper, taking the investor’s overall asset allocation across

categories as given. For example, we model whether an investor chooses a Vanguard

or a BlackRock S&P 500 index fund, but not the investor’s initial decision of whether,

or how much, to invest in S&P 500 index funds rather than another asset class. In our

counterfactuals, we therefore assume that changes in expense ratios reallocate demand

across funds within a category/asset class without altering investors’ allocations across

categories.

There are two types of investors: retail and institutional. We denote investor type

by (T ) such that T ∈ {R, I} where R denotes retail investors and I denotes investors

or intermediaries with access to institutional share classes. Investor-types differ with

respect to their preference parameters, frictions (e.g., inertia and information frictions),

and product availability. That is, the set of index funds available to retail investors is

potentially different from the set of index funds available to institutional investors.

3.1.1 Investor Preferences

Investor i’s indirect utility from choosing fund j at time t is given by:

ui,j,t = −pj,t +X ′
j,tθT (i) + ξT (i),j,t︸ ︷︷ ︸
ūT (i),j,t

+σϵ,T (i)ϵi,j,t.
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The term −pj,t reflects the dis-utility investors get from paying expense ratio pj,t where,

without any loss in generality, we normalize the coefficient to one. The term X ′
j,tθT (i)

measures the utility generated by other fund characteristics Xj,t where θT (i) captures

investor preferences over those characteristics.

The indirect utility function includes two latent terms. The term ξT (i),j,t measures

unobserved product characteristics that are commonly valued among investors of type

T . The term ϵi,j,t captures preference heterogeneity which varies across investors. This

implies that index funds are horizontally differentiated such that any two investors may

disagree on which index fund is the best. The degree of product differentiation varies

across type T which is captured by the term σϵ,T (i). The horizontal differentiation is

also captured by θT (i) as different types of investors disagree on the relative importance

of the expense ratio and other fund characteristics.18

3.1.2 Information Frictions

Investors may not research all funds or fully understand fund characteristics such as the

expense ratio. We assume that each investor faces information frictions such that the

investor’s perceived utility when selecting a fund may differ from the realized utility

from owning a fund. Investors choose index funds based on their perceived utility ũi,j,t,

which is a noisy signal of their indirect utility function:

ũi,j,t = ui,j,t + νi,j,t (1)

= ūT (i),j,t + σϵ,T (i)ϵi,j,t + νi,j,t.

The term νi,j,t reflects idiosyncratic choice/information frictions that cause individ-

uals to not always choose their preferred index fund. Let V ar[νi,j,t] = π2

6
σ2
ν,T (i), where

σν,T (i) reflects the degree of information frictions. An increase in information frictions

(larger σν,T (i)) makes individuals less likely to choose the lowest cost fund. In the sec-

ond line of Eq. (1), we write perceived utility in terms of the common component of

utility, ūT (i),j,t.

This reduced-form representation of information frictions is consistent with rational

inattention models that have been increasingly used to explain demand for complex

financial products (e.g., Kacperczyk et al., 2016; Brown and Jeon, 2024). As shown

in Appendix B, under common priors across options and homogeneous information

18It is straightforward to incorporate additional taste differences by allowing random coefficients on
the expense ratio, for example.
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costs within type, the rational inattention model yields expected utility equivalent to

Eq. (1). The variance of νi,j,t can then be interpreted as proportional to the unit cost of

information.

Following the literature we assume that νi,j,t is distributed according to Cardell

(1997); i.e., νi,j,t ∼ C(
σϵ,T (i)

ση,T (i)
, σϵ,T (i)) such that the composite error term ηi,j,t = σϵ,T (i)ϵi,j,t+

νi,j,t is distributed Type 1 Extreme Value with scale parameter ση,T (i) =
(
σ2
ν,T (i) + σ2

ϵ,T (i)

)1/2

.

We can then write investor i’s perceived utility as:

ũi,j,t = ūT (i),j,t + ση,T (i)ηi,j,t. (2)

3.1.3 Fund Choice

When individuals make an active choice (and are not subject to inertia as described

below), they maximize perceived utility given by Eq. (2). The market share of fund j

among active type T investors at time t is given by:

sT,j,t =
exp

(
−pj,t+X′

j,tθT+ξT,j,t

ση,T

)
∑

l∈JT,m(j),t
exp

(
−pl,t+X′

l,tθT+ξT,l,t

ση,T

) . (3)

The set JT,m(j),t denotes the investor’s consideration set: the set of index funds avail-

able to a type T investor in market m(j) at time t. Recall that our model is a model

of index fund choice, conditional on an investor’s choice to buy a fund in a given mar-

ket. The above equation is a core part of our estimation strategy below, where we

separately identify investors’ preferences (θT ) as well as decompose the error term into

two components: one due to information frictions (σν,T ) and the other due to product

differentiation (σϵ,T ).

3.1.4 Inertia

In each period, an investor becomes attentive and actively updates her portfolio with

some probability, and remains inactive otherwise, similar to the setup in Beggs and

Klemperer (1992). Inactive investors maintain their investments from the previous

period, while active investors update their portfolios to maximize perceived utility.

Let I Inactive
i,m,t denote an indicator equal to one if investor i remains inactive in market
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m at time t. We model inactivity as:

I Inactive
i,m,t = 1{ψT (i),m,t + ιi,m,t ≥ 0},

where ψT,m,t captures the component of inattention common to type-T investors in

market m at time t (e.g., market-wide shocks to inattention), and ιi,m,t is an investor-

specific inattention shock. The idiosyncratic shock explains why some investors of a

given type in a given market and period remain inactive while others become attentive.

Let ϕT,m,t denote the implied conditional probability that a type-T investor in mar-

ket m remains inactive at time t such that E
[
I Inactive
i,m,t | T,m, t

]
= ϕT,m,t. The object of

interest for estimation is therefore ϕT,m,t, the average probability that a type-T investor

in market m remains inactive at time t. We allow this probability to depend flexibly

on investor type T , market m, and time t, thereby allowing the fraction of inactive

investors to vary across markets and over time with market conditions. The model

is therefore consistent with investors checking their portfolios based on both market

conditions and idiosyncratic factors.

When active, investors choose the fund that maximizes perceived utility, so that

their choice probabilities and market shares are given by Eq. (3). This static choice

problem implies that investors are either myopic or expect their preferences and the

product space to remain constant over time. Conversely, inactive investors maintain

their holdings from the previous period.

At the aggregate level, the assets under management of fund j held by type-T in-

vestors at time t can then be written as

AUMT,j,t = ϕT,m(j),tAUMT,j,t−1(1 + rj,t−1)︸ ︷︷ ︸
AUM Inactive

T,j,t

+ (1− ϕT,m(j),t)MT,m(j),tsT,j,t︸ ︷︷ ︸
AUMActive

T,j,t

. (4)

The first term, AUM Inactive
T,j,t ≡ ϕT,m(j),tAUMT,j,t−1(1 + rj,t−1), captures demand from

inactive investors who maintain their holdings from the previous period; the assets

under management of these holdings grow with the return of fund j from t − 1 to t,

denoted rj,t−1. The second term, AUMActive
T,j,t ≡ (1 − ϕT,m(j),t)MT,m(j),tsT,j,t, measures

demand from active investors, where MT,m(j),t denotes the total assets held by type-T

investors in market m(j) at time t, and sT,j,t is the active choice probability for fund j.
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3.2 Index Fund Managers: Supply of Index Funds

Index funds are created and managed by a set of differentiated index fund managers

k. Index fund managers create three different types of products, retail mutual funds,

institutional mutual funds, and ETFs. The products are functionally equivalent except

that retail mutual funds are purchased only by retail investors, institutional mutual

funds, only by institutional investors, and ETFs by both types.

Index fund managers’ per-period profits in a market m are given by

Πk,m,t =
∑

j∈Kk,m

(AUMR,j,t + AUMI,j,t)(pj,t − cj),

where Kk,m denotes the set of index funds sold by index fund manager k in market m.

The terms AUMR,j,t and AUMI,j,t denote demand for fund j from retail and institu-

tional investors, and cj is the marginal cost of operating fund j.

Index fund managers play a differentiated, multi-product, dynamic, Nash-Bertrand,

expense-ratio-setting game. Ex ante, they know the distribution of the inertia param-

eter, but do not know the realization of the parameter. Let pk,t denote the vector of

prices for funds managed by k in period t. An index fund manager’s problem is to

set the sequence of prices pk,t, pk,t+1,. . . to maximize the expected present discounted

value of future profits.

max
pk,t,pk,t+1....|p−k,t,p−k,t+1...

∞∑
τ=t

βτ−t
∑

j∈Kk,m

E [(AUMR,j,τ + AUMI,j,τ )(pj,τ − cj)] (5)

where the expectation is over inertia (ϕT,m,t) and fund returns (rj,t). We assume that,

within a market m, inertia is i.i.d. over time, with E[ϕT,m,t] = ϕ̄T,m, and that fund

returns are i.i.d. across index funds and over time, with E[rj,t] = r̄m(j).

For tractability, we assume that fund managers observe and condition on the full

sequence of competitors’ prices when setting their own prices. This rules out strategic

pricing actions designed to influence competitors’ future prices, but it does not elimi-

nate the dynamic pricing problem. Managers still internalize that a lower price today

can attract investors who may remain with the fund in future periods because of inertia.

We view this assumption as reasonable in the index fund setting for two reasons.

First, most funds have extremely small market shares (approximately 70% have mar-

ket shares below 1%), so dynamic strategic interactions are likely second-order. Sec-

ond, prices appear quite sticky. As of 2020, only 3.5% of funds, weighted by assets,
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charged expense ratios more than 10 basis points below their 2015 levels. The sluggish

price adjustment implies that a manager’s current pricing decision is unlikely to trigger

meaningful price responses from competitors.

To develop intuition for how firms set prices with consumer inertia, we first consider

the simple case where an index fund manager operates a single retail mutual fund. We

then extend our model to the multi-product and multi-investor-type setting.

3.2.1 Single Product Retail Mutual Fund Manager

Consider a fund manager’s profit maximization problem for retail mutual fund j. The

corresponding first order condition for price pj,t is:

0 =
∂AUMR,j,t

∂pj,t

 pj,t − cj︸ ︷︷ ︸
Static Profits

+
∞∑

τ=t+1

[
β(1 + r̄m(j))ϕ̄R,m(j)

]τ−t
(pj,τ − cj)︸ ︷︷ ︸

Present Value of Future Profits

+ AUMR,j,t.

The first order condition is standard except for the term
∑∞

τ=t+1[β(1+r̄m(j)) ϕ̄R,m(j)]
τ−t(pj,τ−

cj), which captures the effects of inertia. For every investor the fund attracts today (pe-

riod t), there is a ϕ̄R,m(j) chance she remains in period t+1, a ϕ̄2
R,m(j) chance she remains

for at least two periods, and so on. Furthermore, inactive investors’ assets are expected

to grow based on fund expected returns, r̄m(j).

In the static problem (e.g., with no inertia), a firm’s assets today do not affect

its assets tomorrow such that ∂AUMR,j,τ

∂AUMR,j,t
= 0,∀τ ̸= t. As a result of investor inertia,

∂AUMR,j,τ

∂AUMR,j,t
= [(1 + r̄m(j))ϕR,m(j)]

τ−t. Thus, when setting prices, firms account for how

changing prices impact both current and future demand. Inertia puts downward pres-

sure on prices because firms have stronger incentives to attract new investors who are

more likely to remain with the fund in future periods. This is often referred to as the in-

centive to “invest” in new customers. However, inertia also makes demand less elastic.

To see this, note that:

∂AUMR,j,t

∂pj,t
= (1− ϕR,m(j),t)MR,m(j),t

∂sR,j,t

∂pj,t
.

Consequently, all else equal, higher inertia will cause firms to want to set higher prices.

This is often referred to as the incentive to “harvest” current consumers.

We study a steady-state equilibrium where firms’ market shares are constant over
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time such that pj,t = pj and sj,t = sj ∀j and MR,m(j),t = MR,m(j),t−1(1 + r̄m(j)). Thus,

dropping the t subscripts and noting that pj,t− cj +
∑∞

τ=t+1[β(1+ r̄m(j))ϕ̄R,m(j)]
τ−t(pj,τ −

cj) =
pj−cj

1−βϕ̄R,m(j)(1+r̄m(j))
, the manager’s first order condition simplifies to:

pj − cj
pj

=
1− β(1 + r̄m(j))ϕ̄R,m(j)

1− ϕ̄R,m(j)

× 1

−εDj
, (6)

where εDj denotes the elasticity of demand of product j for active investors given prices

for all other funds. Therefore, as equation (6) shows, in steady state the invest and

harvest forces combine into a single markup adjustment whose direction depends on

the growth-adjusted discount factor.

A couple of features of this first order condition are worth noting. First, if inertia is

equal to zero in expectation (i.e., ϕ̄R,m(j) = 0), the first order condition simplifies to a

standard static first order condition. Second, given a growth-adjusted discount factor

of 1 (i.e., β(1 + r̄m(j)) = 1 such that the growth-adjusted discount rate is zero), the

dynamic pricing condition simplifies to the standard static first order condition even if

inertia is greater than zero, and the share of inactive investors does not affect steady-

state prices. Note that this result would hold for any generic demand system given how

inertia works in our model. While the incentive to invest in new consumers can lower

prices and the incentive to harvest existing customers can raise prices, these forces

would perfectly offset when the growth-adjusted discount factor is equal to 1.19

In practice, we would expect the growth-adjusted discount factor to be slightly less

than one, for example, because fee-adjusted growth is lower than the required return.

In our empirical implementation, we therefore set the growth-adjusted discount factor

to be 0.999 on a monthly basis. In this case, the harvest force dominates the invest

force, so inertia raises equilibrium markups relative to the static model.

3.2.2 Multi-product Managers

In the data, index fund managers often issue multiple retail funds, institutional funds,

and ETFs in a single market. Consider the profit maximization problem of manager k

who issues set of index funds Kk,T,m available to type T investors in market m. The

19The CAPM model would imply that we would expect the growth-adjusted discount factor to be close
to 1 because, if expected returns are equal to required returns, it should be the case that βm(j) varies at
the market level such that βm = 1

1+r̄m
.
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corresponding first order condition with respect to pj,tin steady state is given by

0 =1(j ∈ Kk,R,m)
MR,m(j)

MI,m(j)

sR,j

1− 1
ση,R

(1− ϕ̄R,m(j))

1− β(1 + r̄m(j))ϕ̄R,m(j)

pj − cj −
∑

l∈Kk,R,m(j)

sR,l (pl − cl)


+ 1(j ∈ Kk,I,m)sI,j

1− 1
ση,I

(1− ϕ̄I,m(j))

1− β(1 + r̄m(j))ϕ̄I,m(j)

pj − cj −
∑

l∈Kk,I,m(j)

sI,l (pl − cl)

 ,
(7)

where MI,m(j)

MR,m(j)
denotes the relative size of the institutional and retail markets which are

constant in steady state. As before, if either ϕ̄R,m(j) = ϕ̄I,m(j) = 0 or β(1 + r̄m(j)) = 1,

then the firm’s first-order condition for setting prices in the dynamic model simplifies

to the standard first-order condition in the static model.

4 Estimation

We estimate our structural model of demand and supply for index funds using the

data sets described in Section 2.1 in three steps. First, using data on new sales, we

recover inertia. Second, once inertia is pinned down, we jointly estimate preferences

and information frictions, using additional data on choices in 401(k) plans. Finally,

with the demand parameters in hand, we estimate the index fund managers’ marginal

costs of operating index funds based on the pricing conditions implied by dynamic

Nash-Bertrand competition among multi-product managers.

4.1 Investor Demand

4.1.1 Inertia

It is not possible to directly calculate inertia using equation (4) since active assets under

management are not observed. Our key insight is that new sales provide a proxy for

active inflows to the fund.

New sales identify active purchases by investors who did not hold fund j in the pre-

vious period. They therefore capture active inflows into fund j, but not active investors

who reassess their portfolio and choose to remain in fund j. We can write new sales by
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investor type T for fund j at time t as:

NewSalesT,j,t = sT,j,t(1− ϕT,m(j),t)
∑
l ̸=j

AUMT,l,t−1(1 + rl,t−1). (8)

New sales represent active investors who switched to fund j whereas active assets

under management for fund j include both those active investors who switched to

fund j and those active investors who remained invested in it.20 Active AUM in fund j

at time t is given by

AUMActive
T,j,t = sT,j,t(1− ϕT,m(j),t)

∑
l∈JT,m,t

AUMT,l,t−1(1 + rl,t−1). (9)

The only difference between equations (8) and (9) is the relevant lagged asset base:

new sales exclude prior holders of fund j, whereas active AUM includes all prior in-

vestors in the market. Dividing equation (9) by equation (8) therefore scales observed

new sales into active AUM:

AUMActive
T,j,t = NewSalesT,j,t

∑
l∈JT,m,t

AUMT,l,t−1(1 + rl,t−1)∑
l ̸=j AUMT,l,t−1(1 + rl,t−1)

. (10)

Substituting equation (10) into equation (4), we can estimate the market-by-time

level inertia parameter for each investor type as:

ϕ̂T,m,t =
1

∥JT,m,t∥
∑

j∈JT,m,t

AUMT,j,t −NewSalesT,j,t

∑
l∈JT,m,t

AUMT,l,t−1(1+rl,t−1)∑
l ̸=j AUMT,l,t−1(1+rl,t−1)

AUMT,j,t−1(1 + rj,t−1)
, (11)

where ∥JT,m,t∥ represents the number of funds available for type T investors in market

m and time t. We make two assumptions when implementing this estimation step.

First, as discussed in Section 2.1, new sales data are available only for mutual funds.

Therefore, when computing the inertia parameter based on equation (11), we take the

average only across mutual funds. We then assign the same inertia level to ETFs in the

corresponding market. Second, to account for growth in total market size, we work

with growth-adjusted versions of current new sales and AUM in equations (4), (8),

and (9).21 This adjustment ensures that growth in assets that is unrelated to investor

20Note that both expressions in equations (9) and (8) are adjusted by (1 + rl,t−1), reflecting our
assumption about growth due to returns.

21Specifically, we measure the growth rate as gT,m,t =

∑
j∈JT,m,t

AUMT,j,t∑
j∈JT,m,t

AUMT,j,t−1(1+rj,t−1)
. Then, we divide
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switching does not mechanically bias the calculation of active demand.

We report the estimated distribution of inertia in Figure 6, for retail investors in

Panel (a) and for institutional investors in Panel (b). The red dashed lines in each fig-

ure correspond to the AUM-weighted medians. In the median Lipper Class and month,

95.0% of retail investors are inactive. Put differently, 46% (= 1 − 0.95012) of retail

investors update their portfolios at least once per year. We find similar rates of inertia

among institutional index fund investors: in the median Lipper Class and month, 97.2%

of institutional investors are inactive. Retail investors also display greater heterogene-

ity in inertia. The slightly higher persistence for institutional investors is perhaps not

surprising considering the types of institutional investors that purchase mutual funds

and ETFs. The types of institutional investors that purchase mutual funds include pen-

sion funds, endowments, insurance companies, pooled plans, retirement plans, which

may have longer investment horizons and more structured allocation processes. For ex-

ample, institutional investors may follow formal asset-allocation policies or investment

mandates that specify benchmark exposures, rebalancing rules, and long-term strategic

allocations; as a result, their index-fund holdings can remain stable over many months

or years.

A natural concern is that our market-level adjustment may misclassify new contribu-

tions to the market: new money could come from existing investors making additional

contributions to their current holdings, or from new investors making active choices,

and each implies a different mapping between new sales and active reallocation. To

assess sensitivity to this concern, we re-derive the inertia estimator under two extreme

assumptions about new flows of assets. At one extreme, we assume all newly-added

assets are automatic contributions by existing investors to their current holdings. At

the other extreme, we assume all newly-added assets come from new active investors

entering the market. We report the resulting inertia distributions in Appendix Figure

A2 and discuss the derivation in Appendix C. Estimated inertia is similar under both

extremes: in the median market and month, 95.4% (97.5%) of retail (institutional) in-

vestors are inactive under the automatic-contribution assumption, and 94.7% (96.6%)

under the new-investor assumption. The baseline estimate of 95.0% (97.2%) falls be-

tween these bounds, indicating that our results are robust to alternative treatments of

new assets entering the market.

A caveat is that our estimator treats an active investor’s choice probabilities as inde-

pendent of the fund she held in the previous period. We allow for persistent common

AUMT,j,t, NewSalesT,j,t, and AUMActive
T,j,t in equations (4), (8), and (9) by gT,m,t.
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product quality, but not for persistent investor-specific tastes for particular funds. The

concern is therefore that some persistence in holdings could reflect stable idiosyncratic

preferences for a fund family or product, rather than investor inactivity. We address

this concern in two ways.

First, new product entry provides untargeted moments that help us distinguish be-

tween these two mechanisms. If the observed persistence in demand were driven by

inertia, a new product entrant would be expected to have a low initial market share

that grows rapidly over the first few periods before stabilizing at its steady state. In

contrast, if the persistence were instead driven by investor-specific utility shocks, new

entrants would reach their steady-state market shares immediately upon entry. Figure

7 compares the model-implied evolution of a low-cost new fund’s market share (dashed

line) with the corresponding patterns observed in the data (solid line). Specifically, we

simulate the market share of a fund with a steady-state share of 6%, assuming that

95.0% of investors are inactive each month. The two align closely—with low initial

market shares that grow quickly before leveling off—implying that inertia is the main

mechanism.

Second, we employ an alternative estimation approach in which inertia is identified

through the persistence of exogenous demand shocks orthogonal to product quality.

This approach yields quantitatively similar estimates of inertia. We discuss the method

and estimates under this approach in further detail in Section 4.3 and present the

results in Appendix Table A1.

4.1.2 Investor Preferences and Information Frictions

Given the inertia estimates from Section 4.1.1, we can estimate demand when investors

make an active choice. We jointly estimate investor preferences and information fric-

tions, taking the inertia estimates as given. A well-known empirical challenge is that

information frictions and preference heterogeneity both appear as reduced price sen-

sitivity in the data, making them difficult to distinguish using choice data alone. To

address this, we draw on investor choices in the 401(k) setting, where information

frictions are likely minimal. In 401(k) plans, investors choose from a simplified and

transparent menu of funds, and regulations require standardized disclosures of expense

ratios and performance. Within each broad asset class (e.g. large-cap US equities), the

average plan offers only about two index funds.22

22Broad asset classes are defined as per Brightscope and include: allocation funds, alternatives, bonds,
cash, international equities, large cap equities, mid cap equities, and small cap equities.
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When investors face market frictions, the logged market share of fund j at time t

among type T investors relative to the outside good is given by:

ln sT,j,t − ln sT,0,t =
1

ση,T

(
−pj,t +X ′

j,tθT + ξT,j,t
)
. (12)

When investors do not face market frictions (as in the 401(k) setting), the correspond-

ing logged market share—denoted in capitals as ST,j,t—relative to the outside good

is:

lnST,j,t − lnST,0,t =
1

σϵ,T

(
−pj,t +X ′

j,tθT + ξT,j,t
)
. (13)

Given the observed active market shares of funds with and without information fric-

tions, along with product characteristics pj,t and Xj,t, we jointly estimate investor pref-

erences (θT ), and two components that introduce noise into choices: preference het-

erogeneity (σϵ,T ) and information frictions (σν,T ).

We jointly estimate equations (12) and (13) using the Generalized Method of Mo-

ments (GMM) and the standard OLS moment conditions. We calculate market shares

when investors face information frictions using the full dataset, defining market shares

at the Lipper-class-by-month level. We also calculate market shares in the absence of

information frictions using investor choices in the 401(k) setting at the plan-by-year-

by-asset-class level.

There are two empirical challenges associated with directly estimating equations

(12) and (13). First, fund expense ratios (pj,t) are potentially endogenous. For ex-

ample, if an index fund manager anticipates high latent demand for their fund (i.e.,

high ξT,j,t), they may optimally choose to charge a higher expense ratio. This behavior

would bias OLS estimates of price sensitivity, αT , downward—making investors appear

less price-sensitive than they truly are. To address this potential endogeneity, we in-

strument for expense ratios using Hausman (1996)-type instruments. Specifically, the

expense ratio that an index fund manager k charges on its fund j at time t is instru-

mented with the average expense ratio that manager k charges on all of its other funds

in markets other than m(j) at time t. For example, we instrument for the fee that

BlackRock charges on its large-cap value funds using the average fees it charges on its

non–large-cap value funds, such as BlackRock’s high-yield bond funds. The instrument

is relevant because BlackRock’s costs of managing its large-cap equity funds are corre-

lated with its costs of managing its high-yield bond funds. The instrument is exogenous

under the assumption that the fee BlackRock charges on its high-yield bond funds is
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uncorrelated with demand shocks for its large-cap value funds. More generally, the

instrument relies on the assumption that demand shocks for fund j are uncorrelated

with the average expense ratios charged by the same manager across other markets.

A potential threat to identification is that firm-level demand factors, such as firm-wide

advertising campaigns, brand reputation, or unobserved manager quality, or demand

spillovers (Gavazza, 2011) could simultaneously affect both demand for fund j and

prices for the same manager’s other funds, biasing the estimated price coefficient to-

ward zero. In Section 4.3, we use alternative cost-shifter instruments and find that our

main inferences remain unchanged.

The second challenge in directly estimating equations (12) and (13) is that the left-

hand-side variables in both equations are active market shares, which are not always

directly observable. In the 401(k) setting, we restrict attention to plans in their first

year of introduction, such that all investors are active in the initial period.

In the non-401(k) setting, we construct active market shares using our estimates

of ϕT,m,t. While the realized active market shares depend on the specific realization

of ϕT,m,t, our demand system in equation (12) predicts expected choice probabilities

among active investors, as the right-hand side of the equation does not depend on

ϕT,m,t. That is, ϕ affects only the scale of active AUM, not the relative choices made

by active investors. Because ϕ̂T,m,t is estimated from new-sales data, it may contain

measurement error and sampling noise. We therefore integrate over the empirical

distribution of feasible values of ϕT,m,t recovered in Section 4.1.1, where feasible values

are those that imply nonnegative active AUM. This produces expected active market

shares sT,j,t while avoiding reliance on a single noisy realization of ϕ̂T,m,t.23

We stack the OLS moment conditions from the retail sample and from the 401(k)

sample and minimize the corresponding GMM objective function to jointly estimate

the retail investors’ preferences and information frictions. Estimation follows a two-

step procedure: the first step uses the inverse of the inner product of the instrument

matrix as the weighting matrix; and the second step uses the inverse of the variance

matrix from the first step as the optimal weighting matrix. Because the full set of fixed

23In practice, we compute expected active AUM as

E
[
AUMActive

T,j,t

]
=

∫
[AUMT,j,t − ϕAUMT,j,t−1(1 + rj,t)]

× dF (ϕ |AUMT,j,t ≥ ϕAUMT,j,t−1(1 + rj,t)) .

Expected active market shares for fund j are then constructed by dividing expected active AUM for fund
j by the sum of expected active AUM across all funds in the market.
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effects (µ, µ̃) includes more than 40,000 parameters, we use a nested algorithm. In

the outer loop, we optimize over the nonlinear parameter ση,R and σϵ using a BFGS

quasi-Newton algorithm. In the inner loop, given values of the nonlinear parameters,

we optimize over the linear parameters θR, µ and µ̃ using a linear regression with fixed

effects.

Our empirical specification controls for: 1-, 3-, 6-, and 12-month cumulative re-

turns; the log number of funds offered by the management company; the standard

deviation of daily fund returns over the past 12 months; and indicator variables for

whether the fund is an ETF, has a front load, or has a rear load. We also include market-

by-time fixed effects, defined at the Lipper-class-by-month level for the full dataset and

at the plan-by-year-by-asset-class level for the 401(k) setting.

Table 2 displays our baseline demand estimates. We report the estimated price co-

efficient for retail investors (− 1
ση,R

) in column (1), for institutional investors (− 1
ση,I

)

in column (2), and for the retail investors in the 401(k) setting (− 1
σϵ

) in column (3).

In each specification, as expected, we estimate a negative and significant relationship

between expense ratios and demand. As shown in the bottom row of the table, the

implied elasticity of demand under information frictions is 1.6 for retail investors and

2.5 for institutional investors. Consistent with intuition, institutional investor demand

is substantially more elastic than retail investor demand (by 56%). In the 401(k) set-

ting, retail investors are more than twice as elastic as in the main sample, implying

severe information frictions. We estimate the preference heterogeneity parameter σϵ
to be 0.16 (= 1

6.506
), so the information friction parameter for retail investors σν,R is

0.28 (=
√

1
3.1432

− 1
6.5062

). This indicates that information frictions are roughly 75%

(= (0.28− 0.16)/0.16) more important than preference heterogeneity in the index fund

market.

4.2 Index Fund Managers: Supply

We estimate the supply side of the model by inverting the index fund manager’s first

order condition to solve for the marginal cost that rationalizes the manager’s chosen

expense ratio. Given our demand specifications, we rewrite the first order condition in

Eq. (7) in matrix form as

MR,tsR,t +MI,tsI,t = (MR,tΩR,t +MI,tΩI,t)× (pt − ct)
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where elements of matrix ΩT,t(p) are given by

Ω(j,l)(p) =

− 1−ϕ̄T,m(j)

1−β(1+r̄m(j))ϕ̄T,m(j)

∂sj
∂pl

(pt) if j, l ∈ Kk(j),m(j)

0 else

In the data we directly observe the scalars MR,t and MI,t and the vectors sR, sI , and

p. Given β × (1 + r̄), we can then use our inertia and demand estimates to compute

the matrices ΩR,t and ΩI,t. We assume managers’ annualized growth-adjusted discount

rate is 1%, which implies that, on a monthly basis, β × (1+ r̄) = 0.999. For each period

t, we then directly solve for implied costs as:

ct = pt − (MR,tΩ̂R,t +MI,tΩ̂I,t)
−1(MR,tsR,t +MI,tsI,t).

We report the estimated distribution of marginal costs and markups for mutual

funds and ETFs in Appendix Figure A3.24 To account for outliers, we winsorize marginal

costs at the 5% level.25 The mean (median) marginal cost is 35 (23) basis points, and

the mean (median) markup is 53 (32) basis points. Mutual funds and ETFs have simi-

lar markup distributions. The marginal costs of mutual funds are, on average, 47 basis

points higher than those of ETFs and are also more dispersed. Notably, many mutual

funds have similar costs to ETFs, but their distribution has a heavier right tail. These

differences in marginal costs contribute to the impact of ETF introduction, which we

explore in Section 5.26

4.3 Robustness

We evaluate the robustness of our estimates by examining how the key results behave

under alternative specifications.

24For computational ease, we restrict our attention to those index funds with an active market share
such that sR,j,t + sI,j,t ≥ 1e− 6.

25Our estimates imply that some funds have negative marginal costs. One explanation for this is that
mutual funds generate revenue by lending the shares that they own for a fee, which offsets the costs of
running the fund. For example, State Street estimates that securities lending increases the yield of SPY
by 7.5 bps per year (https://www.ssga.com/us/en/individual/etfs/insights/unlocking-the-s
ecurities-lending-potential-of-spy). The large fund families return these fees to investors: see
for example https://www.vanguard.ca/documents/securities-lending-considerations.pdf.

26We decompose the estimated marginal costs by regressing them on fund fixed effects and year-month
fixed effects. We find that much of the variation (39%) is unexplained by these fixed effects.
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Estimating Inertia: We explore an alternative method of estimating inertia that does

not rely on the new sales data. Without new sales, identification must rely on the

serial correlation in AUM, but lagged AUM is endogenous due to persistent investor

preferences. To address this, we use past monthly fund returns as an exogenous source

of persistence in holdings. The idea is that if a fund experienced strong returns two

months ago, for example, it mechanically increases lagged AUM. How these past return

shocks carry over into current AUM reveals the degree of investor inertia.

A potential concern is that if investors chase returns, then past monthly returns

could impact current demand for a fund. To account for this, we control for 1, 3, 6,

and 12-month cumulative returns and year-to-date returns, with the idea that investors

chase returns according to these horizons since they are the horizons reported in fund

marketing documents. We implement this by estimating variants of the following em-

pirical analog of equation 4:

AUMT,j,t = ϕTAUMT,j,t−1(1 + rj,t−1) +X ′
j,t−1Γ + ιT,j,t, (14)

where observations are at the fund-by-month-by-investor type level. We instrument for

lagged assets using the past twelve monthly returns while controlling for the reported

returns described above. The resulting inertia estimates closely match our baseline

values: 95.9% of retail investors and 97.3% of institutional investors are inert (vs.

95.0% and 97.2% in the baseline). Appendix Table A1 reports the full set of results.

Alternative Measures of Active AUM: We also consider an alternative way of con-

structing active AUM, which serves as an input for estimating preferences and infor-

mation frictions. Instead of integrating over the distribution of ϕT,m,t in market m that

implies positive active AUM, we use the estimated market-by-time level inertia ϕT,m,t

directly and drop observations that produce non-positive active AUM. As shown in Ap-

pendix Table A2, our demand estimates remain similar.

Alternative Instruments: We next show that our demand estimates are robust to in-

cluding cost shifters as instruments for expense ratios. In particular, we include asset-

weighted average trading cost as measured by the bid-ask spreads of securities held

by each index fund as an additional instrument. We also construct an additional cost

shifter by proxying fund managers’ markup with the sum of adviser fees and distribu-

tion fees, and then using the difference between expense ratio and the markup proxy
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as an instrument, following Janssen and Thiel (2025). Appendix Table A3 and A4

summarize the demand estimates obtained with these instruments.

Preference Heterogeneity Across 401(k) and Non-401(k) Investors: Lastly, we es-

timate preference parameters for the 401(k) and main samples separately, allowing

preferences to differ across the two samples. As shown in Appendix Table A5, the esti-

mates are similar to our baseline estimates: the implied elasticity of demand is 1.6 for

retail investors and 5 in the 401(k) setting (vs. 1.6 and 3.3 in the baseline). The implied

preference heterogeneity here is 0.10 (= 1/9.956), which is lower than our baseline es-

timate (0.16); and the implied information friction here is 0.31 (=
√

1
3.0942

− 1
9.9562

),

which is higher than our baseline estimate (0.28). This is because allowing utility pa-

rameters in the 401(k) sample to be different from the retail sample explains part of

the unobserved preference heterogeneity. Nevertheless, given the small differences in

estimates, we maintain the baseline specification for ease of interpretation.

5 Counterfactuals

We conduct counterfactual simulations based on our model estimates with three main

goals. First, we assess how frictions faced by investors, namely inertia and information

frictions, impact market outcomes. Understanding these frictions individually and how

they interact with each other can inform policy design. Second, we examine the effects

of price discrimination and how it interacts with these frictions. Third, we examine

how the introduction of ETFs impacted the index fund market. Given the dramatic

increase in the number of ETFs since their first introduction in the 1990s and the cost

advantage of ETFs, the persistent price dispersion in the market remains a puzzle.

For each counterfactual, we first consider a partial-equilibrium analysis in which we

keep fund expense ratios fixed. We then consider a general equilibrium analysis where

we allow fund managers to optimally update their expense ratios, and we solve for a

new equilibrium. Separating the demand- and supply-side response is useful for under-

standing the full implications of each friction. Appendix D provides full implementation

details.
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5.1 Quantifying Frictions

To quantify the impact of frictions, we simulate counterfactual distributions of expense

ratios when these frictions are eliminated individually and simultaneously. Table 3

summarizes results and Figure 8 shows the full distribution of expense ratios under

each counterfactual scenario.

First, we consider eliminating inertia by setting the share of inactive investors to

zero for both types: ϕR = ϕI = 0. Given that we find only about 5% of retail investors

update their portfolio in a median market-month, one might expect this to have a large

effect on expense ratios.

In the partial equilibrium where expense ratios are fixed, removing inertia reduces

average expense ratios from 27 basis points to 22 basis points for retail investors as

shown in the first column of Table 3. The fact that eliminating inertia only reduces

expense ratios by 5 basis points is surprising. As discussed further below, this modest

effect is in part because retail investors are not very good at selecting optimal funds

in the first place. In other words, due to large information frictions, allowing them to

select funds more frequently (i.e., removing inertia) has limited effect on their actual

fund choices.

When we allow for supply-side response, eliminating inertia reduces average ex-

pense ratio by roughly 6 basis points, from 27 to 21 basis points. This is shown in

the third column of Table 3. Recall from Section 3, that if index fund managers use

a growth-adjusted discount factor of 1 (i.e., β(1 + r̄m(j)) = 1), inertia would have no

impact on the price setting behavior of managers. However, given a growth-adjusted

annual discount factor of 0.99, the optimal price index fund managers charge is in-

creasing in investor inertia.

Removing inertia not only reduces the average price, but also the price dispersion.

The second and fourth columns of Table 3 show that eliminating inertia reduces price

dispersion, as measured by the standard deviation of expense ratios, by 12 basis points

from 48 basis points to 36 basis points.

Overall, our results imply that removing investor inertia lowers the average expense

ratio by 22% and price dispersion by 25%, accounting for the supply-side response.

Second, we consider the counterfactual where we eliminate information frictions.

We implement this counterfactual by setting αT , investor price sensitivity, to the value

we recover from our estimates using the 401(k) data for both retail and institutional
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investors (Table 2).27 Eliminating information frictions reduces the average expense

ratio that retail investors pay by 44% from 27 basis points to 15 basis points in the

partial equilibrium; and further to 13 basis points when accounting for the supply-

side response. Thus, removing information frictions has a larger effect than removing

inertia despite the high level of inertia.28

Third, we consider the counterfactual distributions of expenses that investors would

pay if both inertia and information frictions are simultaneously eliminated. Here, elim-

inating inertia has a much larger effect on the expense ratios retail investors pay after

information frictions are eliminated. For example, in partial equilibrium, if information

frictions remain, eliminating inertia reduces the average expense ratio retail investors

pay only modestly from 27 to 22 basis points. In contrast, if we eliminate inertia and

investors face no information frictions, the average expense ratio retail investors pay

falls to 12 basis points. This result is intuitive: removing inertia and allowing investors

to shop for index funds more frequently is more valuable when investors are better

informed and can identify low-cost funds more effectively. This is also reflected in

the standard deviation of prices, which falls from 48 basis points to 15 basis points.

Furthermore, if we allow firms to adjust their prices, then eliminating both inertia and

information frictions lowers the expense ratios paid by retail investors to 5 basis points.

Collectively, these results suggest that the high level of inertia may not be as costly as

it appears at first glance, because investors also face relatively severe information fric-

tions.29

While we focus on retail investors, we also report the corresponding findings for

institutional investors in Figure A4 and Panel B of Table 3. We find qualitatively sim-

ilar results: eliminating inertia would lower the average expense ratios institutional

27Alternatively, we can eliminate information frictions by re-scaling the unobserved component of the
utility such that its variance is equal to our estimates from the 401(k) setting, i.e., σν,T = 0, and we get
qualitatively similar results. To the extent that information frictions are still present in the 401(k) setting,
this counterfactual can be interpreted as the effect of making the index fund market as transparent as the
401(k) setting. In this case, counterfactual estimates would be a lower bound of the effect of completely
removing information frictions.

28We also experiment with reducing information frictions by half, e.g., setting the price coefficient to
the average of the estimates from the baseline setting and the 401(k) setting (see Figure A8 and Table
A7). Compared to eliminating information frictions entirely, reducing information frictions by half leads
to three-quarters of the decrease in expense ratios in the partial equilibrium, and nearly all of the effect
in the general equilibrium.

29For illustrative purposes, we separately change information frictions and inertia in our decomposi-
tion; however, our estimates show that the two frictions are correlated. It would be relatively straight-
forward to extend the model to endogenize the level of inertia. Estimating such a model would require
richer variation in information frictions, however.
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investors pay by 20%, from 20 basis points to 16 basis points; eliminating information

frictions would lower their average ratios by 35%, to 13 basis points; eliminating both

would lower their average expense ratios by 65%, to 7 basis points. Quantitatively,

these effects are somewhat smaller than those we find for retail investors. The smaller

effect of removing information frictions is expected, given that institutional-share-class

investors face less severe, but still economically meaningful, information frictions on

average. More surprisingly, eliminating inertia also has a smaller impact on institutions,

despite their marginally higher inertia. This likely reflects the fact that institutional in-

vestors face narrower price dispersions in the baseline, so there are fewer expensive

funds for them to get attached to in the first place.

5.2 Price Discrimination

The frictions we document have important implications for the supply side and price

discrimination. Retail investors face larger information frictions but have slightly lower

inertia. Given that information frictions are dominant, there are larger markups for

retail investors. As documented in Section 2.2, managers’ ability to charge higher

prices for inelastic retail investors and lower prices for elastic institutional investors

contributes meaningfully to the dispersion in fund expense ratios.

To study the role of price discrimination and how it interacts with demand-side

frictions, we consider a counterfactual policy in which price discrimination is banned

in the index fund market. We require index fund managers to charge the same expense

ratio for all funds that share the same underlying portfolio (as defined by the CRSP

portfolio identifier) and to operate these funds at the minimum marginal cost across

share classes of the portfolio. We then solve for a new equilibrium. This counterfactual

therefore combines two effects: pooling retail and institutional demand into a single

market, and eliminating cost differences across share classes of the same portfolio. In

this environment, institutional and retail investors buying the same portfolio pay the

same fee.

As reported in Table 3, eliminating price discrimination would lower the expenses

retail investors pay by 30% (8 basis points) (see Panel (d) of Figure 8 for the full

expense-ratio distributions). Because demand in the institutional-share-class segment

is, on average, more price-sensitive, the market for institutional funds is more com-

petitive. Retail investors therefore benefit from pooling with institutional investors and

purchasing the same funds. This finding is also consistent with our motivating evidence
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that fund managers charge higher prices to retail investors than institutional investors

for most portfolios (Figure 5). Institutional investors also see a modest decline in fees

because the counterfactual forces fund managers to operate at the minimum marginal

cost across share classes of the same portfolio. The final row of Table 3 shows that

price discrimination would have virtually no effect in the absence of information fric-

tions and inertia. In other words, if investors are well informed and never inert, there

is no scope for price discrimination.

In Appendix E, we explore other supply-side frictions and extend the model to study

the role of financial advisers and the potential conflicts of interest that arise from their

involvement. We find modest conflicts of interest, which is consistent with the rela-

tively high transparency, and thus less scope for agency issues in the index fund market

compared to other settings analyzed in the literature.

5.3 The Introduction of ETFs

Lastly, we examine how the introduction of ETFs has impacted market competition and

how frictions faced by investors shape this effect. ETFs are distinct from mutual funds

along two key dimensions. First, ETFs generally have lower marginal costs. Second,

ETFs are inherently available to both institutional and retail investors, which precludes

price discrimination.

We compare the baseline equilibrium, which includes ETFs, to a counterfactual

equilibrium in which ETFs are removed from the product space and managers reprice

the remaining mutual funds. We plot the distributions in Figure A7 and report means

and standard deviations in Table 4. Relative to the no-ETF counterfactual, ETF avail-

ability lowers average retail index mutual fund expense ratios by 39%, from 44 to 27

basis points. Part of the effect is driven by the lower cost of ETFs and the other part

comes from the competitive effect of ETFs.

To separate these channels, we consider a counterfactual in which ETFs are present

but are forced to have the same (asset-weighted) average marginal cost as mutual

funds in the same Lipper Class and month. In that case, the average retail expense

ratio would be 10 basis points lower than in the baseline case without ETFs. This

suggests that the competitive effect of ETFs accounts for 59% of the overall effect for

retail funds, while the cost effect accounts for the rest.

Many expected the introduction of ETFs to have larger competitive effects. To iso-

late the role of frictions, we compare the no-ETF and ETF equilibria with and without
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frictions in Table 4. With the estimated frictions, ETF availability lowers average retail

mutual fund expense ratios by 17 basis points, from 44 to 27 basis points. Without

inertia, the analogous decline is 15 basis points, from 36 to 21 basis points. Without

both inertia and information frictions, ETF availability lowers fees by 6 basis points,

from 11 to 5 basis points. Thus, demand-side frictions help explain why fees remain

high after ETF entry, but the incremental ETF effect should be interpreted relative to

the no-ETF equilibrium in the same friction environment.

6 Conclusion

We quantify the key frictions in the index fund market and show how they support an

equilibrium with substantial market power, even with the entry of low-cost funds. We

develop a tractable model featuring investor inertia, information frictions, and hetero-

geneous preferences, with forward-looking fund managers setting prices in response

to these frictions. Using fund-level choices, new-sales data, and 401(k) menus, we

separately identify inertia, information frictions, and investor preferences.

Our estimates imply that both inertia and information frictions give firms signifi-

cant market power, but information frictions are the dominant force behind high and

dispersed fees. Even though most investors are inactive in a given month, eliminating

information frictions alone reduces expense ratios much more than eliminating inertia.

This is because inertia matters most when investors are well informed and better able

to identify low-fee funds. These results suggest that policy should prioritize reducing

information frictions. Disclosure policies, rule-making that reduces misleading prac-

tices, or more effective comparison tools such as FINRA’s Fund Analyzer, could lead to

a meaningful reduction in market power and increase welfare.

We also show that mutual fund providers take advantage of these frictions by price

discriminating between institutional and retail investors. In the presence of informa-

tion frictions and inertia, price discrimination is quite costly for retail investors; how-

ever, its effect is negligible without these other frictions.

Finally, ETF entry affected the market by introducing a lower-cost technology and

intensifying competition with similar mutual funds. However, demand-side frictions

substantially muted these effects. Without inertia and information frictions, ETF entry

would have generated larger reductions in equilibrium fees.

Taken together, our results help explain why expensive index funds maintain some

market share despite the availability of cheap alternatives and why new entry has not
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eliminated fee dispersion. Because many financial markets share similar features—

complex products, limited attention, and segmented demand—these mechanisms are

likely to apply more broadly and illustrate the importance of understanding how dis-

tinct frictions interact with firms’ pricing incentives when diagnosing the sources of

market power.
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Figure 1: Growth of Index Funds
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Figure 1 displays the growth of index funds over time. Figure 1a shows the number of index
mutual funds and ETFs over time. Figure 1b displays the AUM of index mutual funds and ETFs,
along with the ETF share of total index fund AUM.
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Figure 2: Distribution of Fund Expense Ratios over Time

(a) Expense Ratios (b) Expense Ratios (Weighted)

(c) Residualized Expense Ratios (d) Residualized Expense Ratios (Weighted)

Figure 2 displays the distribution of index fund expense ratios over time. Figure 2a and Figure
2b display the equal weighted and asset-weighted distribution of expense ratios. Figure 2c and
Figure 2d display the equal weighted and asset-weighted distribution of residualized expense
ratios, where we residualize expense ratios by regressing them on Lipper Class × Month fixed
effects. Figure 2c and Figure 2d therefore display the within Lipper Class × Month variation in
expense ratios.
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Figure 3: Time to Switch to Low-Cost Funds

(a) BlackRock Clone Fund Example
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Figure 3a displays the AUM of two BlackRock funds that both track the MSCI emerging mar-
ket index: iShares MSCI Emerging Markets and the lower-cost iShares Core MSCI Emerging
Markets ETF. Figure 3b shows all newly launched low-cost funds by month since introduction.
Low-cost funds are defined as those in the bottom quartile of the price distribution in their
Lipper Class at the time of launch which survive at least 5 years. Because new-sales data are
available only for mutual funds, the figure is based on mutual-fund sales.
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Figure 4: Mutual Fund Sales
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Figure 4a and Figure 4b display the distribution of the total net asset value of new shares
purchased relative to total AUM calculated at the Lipper-class-by-month level for retail and
institutional investors. To account for outliers we restrict the data set to those observations
with positive sales, and we censor the distribution at the 99% level (weighted by assets). The
red dashed line in each figure corresponds to the median observation.
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Figure 5: Within Portfolio Variation in Expense Ratios
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Figure 5 displays the within portfolio dispersion in expense ratios across retail and institutional
funds. We focus on differences between retail and institutional funds. For a given underlying
portfolio (identified in the data as crsp_portno) and moment in time, we calculate the dif-
ference in the average expense ratio of retail funds and that of institutional funds for those
portfolios that are held by at least one retail and one institutional fund. Observations are at the
fund portfolio-by-year level.
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Figure 6: Investor Inertia
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Figure 6a and Figure 6b display the distribution of inertia at the market-by-month level over
the period 2000–2020 for retail and institutional investors. To account for outliers, we censor
the distribution at the AUM-weighted 5th and 95th percentiles. The red dashed line in each
figure corresponds to the AUM-weighted median observation.
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Figure 7: Market Share of a Newly Launched Low-Cost Fund: Model vs. Data
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Figure 7 displays the average market share of a newly launched low-cost fund in the data versus
the model. The dark red line shows the market share of a newly launched low-cost fund which
survives at least 5 years by month since introduction. Low-cost funds are defined as those in
the bottom quartile of the price distribution in their Lipper Class at the time of launch. The
dashed red line displays the market share of a newly launched low-cost fund as implied by our
estimates of inertia. We simulate the market share assuming that, consistent with our estimates
for retail investors, 95.0% of investors are inactive each month. We also keep all funds and
characteristics fixed and assume that the steady-state market share for the new entrant is 6%.
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Figure 8: Counterfactuals: Retail Investors

(a) Eliminating Inertia (b) Eliminating Information Frictions

(c) Eliminating Inertia and Information Frictions (d) Eliminating Price Discrimination

Figure 8 displays the estimated distribution of asset-weighted expense ratios in the baseline
and counterfactual simulations where we eliminate inertia, information frictions and price dis-
crimination.
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Table 1: Summary Statistics

Count Mean Std. Dev. Median
Total Net Assets ($mm) 564,218 1,372.07 7,887.25 61.60
Expense Ratio (bp) 564,218 96.27 91.72 63.00
Exp Ratio (Unadj. for Loads; bp) 564,218 76.53 64.63 60.00
Annual Returns (%) 507,091 5.54 23.05 6.13
Retail Mutual Fund 564,218 0.35 0.48 0.00
Institutional Mutual Fund 564,218 0.26 0.44 0.00
ETF 564,218 0.38 0.49 0.00
ln(# of Funds in Same Mgmt. Company) 564,218 4.04 1.41 4.34
12b-1 Fees (bp) 564,218 13.74 28.94 0.00
Has Front Load 564,218 0.07 0.26 0.00
Has Rear Load 564,218 0.13 0.34 0.00
Std. of Daily Returns (pp, annualized) 559,562 18.56 13.79 15.06
Number of Index Funds 5,266
Number of Lipper Classes 150

Note: Table 1 displays summary statistics corresponding to our main sample, all CRSP
mutual funds and ETFs flagged as index funds for 2000–2020. Observations are at the
fund-by-month level. The variables Retail Mutual Fund, Institutional Mutual Fund, and
ETF are all indicator variables. Expense ratios are load-adjusted as described in Section
2.1.
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Table 2: Investor Preferences and Information Frictions

Retail Institutional 401k

Expense Ratio −3.143∗∗∗ −4.929∗∗∗ −6.506∗∗∗

(0.036) (0.093) (0.506)

Observations 111,152 109,758 32,777
Mkt-Time FE X X X
IV X X X
Elasticity of Demand 1.6 2.5 3.3

Note: Table 2 displays the baseline demand estimates. Observations are at the index fund-by-
month-by-investor type (i.e., retail vs. institutional) level in columns (1) and (2). Observations
are at the index fund-by-401(k) plan-by-asset-class-by-year level in column (3). In all speci-
fications we control for: the log number of funds offered by the management company; the
standard deviation of daily fund returns over the past 12 months; 1-, 3-, 6-, and 12-month cu-
mulative returns; and whether the fund is an ETF, has a front load, or has a rear load. Standard
errors are in parentheses. Columns (1) and (3) are jointly estimated and report GMM asymp-
totic standard errors: the retail GMM moments in column (1) are clustered at the portfolio-
by-month level, while the 401(k) observations in column (3) are treated as a separate cluster.
Column (2) reports standard errors clustered at the portfolio-by-month level. *** p<0.01, **
p<0.05, * p<0.10.
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Table 3: Quantifying Frictions: Mean and Standard Deviation of Expense Ratios

Panel A: Retail Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.27 0.48

Counterfactuals Without Supply Response With Supply Response

No Inertia 0.22 0.36 0.21 0.36
No Info Frictions 0.15 0.21 0.13 0.41
No Inertia or Info Frictions 0.12 0.15 0.05 0.14
No Px Discrimination 0.19 0.38
No Inertia, Info Frictions, or Px Discrimination 0.05 0.16

Panel B: Institutional Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.20 0.25

Counterfactuals Without Supply Response With Supply Response

No Inertia 0.17 0.22 0.16 0.22
No Info Frictions 0.16 0.20 0.13 0.31
No Inertia or Info Frictions 0.13 0.17 0.07 0.15
No Px Discrimination 0.16 0.25
No Inertia, Info Frictions, or Px Discrimination 0.07 0.16

Note: Table 3 displays the mean and standard deviation of asset-weighted expense ratios in-
vestors pay in each counterfactual. Expense ratios are expressed in decimals; 0.27 corresponds
to 0.27% (27 basis points).
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Table 4: The Introduction of ETFs: Mean and Standard Deviation of Expense Ratios

Panel A: Retail Investors
Mean Std. Dev. Mean Std. Dev.

Without ETF With ETF

Baseline 0.44 0.58 0.27 0.48
No Inertia 0.36 0.49 0.21 0.36
No Info Frictions 0.17 0.39 0.13 0.41
No Inertia or Info Frictions 0.11 0.22 0.05 0.14
No ETF Cost Advantage 0.34 0.52

Panel B: Institutional Investors
Mean Std. Dev. Mean Std. Dev.

Without ETF With ETF

Baseline 0.28 0.31 0.20 0.25
No Inertia 0.24 0.29 0.16 0.22
No Info Frictions 0.19 0.31 0.13 0.31
No Inertia or Info Frictions 0.15 0.22 0.07 0.15
No ETF Cost Advantage 0.24 0.31

Note: Table 4 displays the mean and standard deviation of asset-weighted mutual fund expense
ratios investors pay in each counterfactual. Expense ratios are expressed in decimals; 0.44
corresponds to 0.44% (44 basis points).
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Online Appendix

A Additional Figures and Tables

Figure A1: Distribution of Expense Ratios for 401(k) Plans over Time

(a) Expense Ratios (b) Expense Ratios (Weighted)

(c) Residualized Expense Ratios (d) Residualized Expense Ratios (Weighted)

Figure A1 displays the distribution of index fund expense ratios in 401(k) plans over time. Fig-
ure A1a and Figure A1b display the equal weighted and asset-weighted distribution of expense
ratios. Figure A1c and Figure A1d display the equal weighted and asset-weighted distribution
of residualized expense ratios, where we residualize expense ratios by regressing them on Cat-
egory × Year fixed effects. Figure A1c and Figure A1d therefore display the within Category ×
Year variation in expense ratios.
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Table A1: Robustness of Investor Inertia Using Persistence of Exogenous Demand
Shocks

(a) Retail Investors

(1) (2) (3)
VARIABLES

Lag AUM 0.971*** 0.960*** 0.959***
(0.003) (0.004) (0.004)

Observations 371,660 357,129 355,111
R-squared 0.996 0.996 0.996
IV X X
Year-Month FE X X
Year-Month-Mkt FE X

(b) Institutional Investors

(1) (2) (3)
VARIABLES

Lag AUM 0.986*** 0.973*** 0.973***
(0.002) (0.003) (0.003)

Observations 324,099 313,415 311,598
R-squared 0.996 0.996 0.996
IV X X
Year-Month FE X X
Year-Month-Mkt FE X

Note: Table A1 displays the estimates corresponding to a linear regression model (Eq. 14).
Observations are at the index fund-by-month level. The dependent variable is assets under
management. The independent variable of interest is AUMj,T,t−1(1 + rj,t−1), where rj,t−1 re-
flects the monthly return of the fund from t − 1 to t. In Panel (a) we restrict our attention to
retail investors/AUM and in Panel (b) we restrict our attention to institutional investors/AUM.
We address the endogeneity of Lag AUM using an instrumental variables approach in columns
(2)-(3) using the past 12 monthly dollar returns of the fund. In all specifications we control for
the log number of funds offered by the management company, the standard deviation of daily
fund returns over the past 12 months, and whether the fund is an ETF, has a front load, or has
a rear load. In columns (1)-(2) we control for 1-, 3-, 6-, 12-month, and year-to-date cumulative
returns. In columns (3), where we include year-by-month-by-market fixed effects, we control
for 1-month and year-to-date cumulative returns because the year-by-month-by-market fixed
effects capture much of the variation in returns. Robust standard errors are in parentheses. ***
p<0.01, ** p<0.05, * p<0.10.
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Figure A2: Robustness of Investor Inertia Under Alternative Assumptions About Market
Growth
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Figure A2 displays the distribution of inertia at the market-by-month level over the period
2000–2020 for retail and institutional investors under different assumptions about market
growth. Figure A2a and Figure A2b assume that newly-added assets are investors’ automatic
contributions to their existing holdings. Figure A2c and Figure A2d assume that newly-added
assets are from new active investors. To account for outliers, we censor the distribution at the
AUM-weighted 5th and 95th percentiles. The red dashed line in each figure corresponds to the
AUM-weighted median observation.
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Table A2: Robustness of Investor Preferences Using Only Observations With Positive
Active AUM

Retail Institutional 401k

Expense Ratio −2.792∗∗∗ −4.505∗∗∗ −5.983∗∗∗

(0.041) (0.134) (0.484)

Observations 76,799 56,530 32,777
Mkt-Time FE X X X
IV X X X
Elasticity of Demand 1.7 2.7 3.6

Note: Table A2 displays the demand estimates using only observations with positive revealed
AUM from active investors. Observations are at the index fund-by-month-by-investor type (i.e.,
retail vs. institutional) level in columns (1) and (2). Observations are at the index fund-by-
401(k) plan-by-market-by-time level in column (3). In all specifications we control for: the log
number of funds offered by the management company; the standard deviation of daily fund
returns over the past 12 months; 1-, 3-, 6-, and 12-month cumulative returns; and whether the
fund is an ETF, has a front load, or has a rear load. Standard errors are in parentheses. Columns
(1) and (3) are jointly estimated and report GMM asymptotic standard errors: the retail GMM
moments in column (1) are clustered at the portfolio-by-month level, while the 401(k) obser-
vations in column (3) are treated as a separate cluster. Column (2) reports standard errors
clustered at the portfolio-by-month level. *** p<0.01, ** p<0.05, * p<0.10.

Figure A3: Estimated Marginal Costs and Markups
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Figure A3 displays the estimated equal-weighted distributions of marginal costs and markups
for mutual funds and ETFs. The solid line represents ETFs and the dashed line represents
mutual funds. To account for outliers, both distributions are censored at the 5% and 95% level.
Panel (a) displays the density of marginal costs, and panel (b) displays the density of markups.
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Table A3: Robustness of Investor Preferences Including Spread Instrument

Retail Institutional 401k

Expense Ratio −3.497∗∗∗ −5.393∗∗∗ −12.671∗∗∗

(0.062) (0.148) (2.699)

Observations 37,885 51,232 15,111
Mkt-Time FE X X X
IV X X X
Elasticity of Demand 1.4 2.1 5

Note: Table A3 displays the demand estimates using asset-weighted average trading cost (bid-
ask spreads) of the securities held by the fund as an instrument for expense ratios in addition
to the standard Hausman instrument. Observations are at the index fund-by-month-by-investor
type (i.e., retail vs. institutional) level in columns (1) and (2). Observations are at the index
fund-by-401(k) plan-by-market-by-time level in column (3). In all specifications we control
for: the log number of funds offered by the management company; the standard deviation
of daily fund returns over the past 12 months; 1-, 3-, 6-, and 12-month cumulative returns;
and whether the fund is an ETF, has a front load, or has a rear load. Standard errors are in
parentheses. Columns (1) and (3) are jointly estimated and report GMM asymptotic standard
errors: the retail GMM moments in column (1) are clustered at the portfolio-by-month level,
while the 401(k) observations in column (3) are treated as a separate cluster. Column (2)
reports standard errors clustered at the portfolio-by-month level. *** p<0.01, ** p<0.05, *
p<0.10.
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Table A4: Robustness of Investor Preferences Using Markup Instrument

Retail Institutional 401k

Expense Ratio −2.032∗∗∗ −1.368∗∗∗ −6.921
(0.398) (0.055) (31.745)

Observations 191,016 166,369 21,563
Mkt-Time FE X X X
IV X X X
Elasticity of Demand 1 0.68 3.4

Note: Table A4 displays the demand estimates where we construct an instrument for expense
ratios by proxying fund managers’ markups. We proxy fund managers’ markups using adviser
fees and distribution fees, and then use the difference between expense ratios and the sum of
adviser and distribution fees as an instrument. Observations are at the index fund-by-month-
by-investor type (i.e., retail vs. institutional) level in columns (1) and (2). Observations are
at the index fund-by-401(k) plan-by-market-by-time level in column (3). In all specifications
we control for: the log number of funds offered by the management company; the standard
deviation of daily fund returns over the past 12 months; 1-, 3-, 6-, and 12-month cumulative
returns; and whether the fund is an ETF, has a front load, or has a rear load. Standard errors are
in parentheses. Columns (1) and (3) are jointly estimated and report GMM asymptotic standard
errors: the retail GMM moments in column (1) are clustered at the portfolio-by-month level,
while the 401(k) observations in column (3) are treated as a separate cluster. Column (2)
reports standard errors clustered at the portfolio-by-month level. *** p<0.01, ** p<0.05, *
p<0.10.
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Table A5: Robustness of Investor Preferences Estimating Retail and 401(k) Demand
Separately

Retail Institutional 401k

Expense Ratio −3.094∗∗∗ −4.929∗∗∗ −9.956∗∗∗

(0.039) (0.093) (2.315)

Observations 105,499 109,758 32,777
Mkt-Time FE X X X
IV X X X
Elasticity of Demand 1.6 2.5 5

Note: Table A5 displays the demand estimates corresponding to an instrumental variable re-
gression model (Eq. 12 and Eq. 13). Observations are at the index fund-by-month-by-investor
type (i.e., retail vs. institutional) level in columns (1) and (2). Observations are at the index
fund-by-401(k) plan-by-market-by-time level in column (3). In all specifications we control
for: the log number of funds offered by the management company; the standard deviation of
daily fund returns over the past 12 months; 1-, 3-, 6-, and 12-month cumulative returns; and
whether the fund is an ETF, has a front load, or has a rear load. Standard errors are in paren-
theses. They are clustered at portfolio-by-month level in columns (1) and (2). *** p<0.01, **
p<0.05, * p<0.10.

B Information Frictions and Rational Inattention

This section highlights the connection between our model of information frictions and

the rational inattention model. Starting from the general discrete choice problem with

costly information acquisition presented in Matějka and McKay (2015), one can derive

conditions under which our model is equivalent.

As in Section 3.1.1, consider investor i’s utility from choosing fund j at time t

ui,j,t = ūi,j,t + σϵ,T (i)ϵi,j,t

where ūi,j,t is the observable part of utility and σϵ,T (i)ϵi,j captures preference hetero-

geneity.

Following the model in Matějka and McKay (2015), individuals have a prior about

the utility of each fund. There is a unit cost of information λT (i) which is the cost of

reducing uncertainty, measured in units of entropy. The unit cost of information may

vary by investor type, T (i). Given this unit cost, individuals rationally choose how

much to research each fund to maximize the expected payoff inclusive of the cost to
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Figure A4: Counterfactuals: Institutional Investors

(a) Eliminating Inertia (b) Eliminating Information Frictions

(c) Eliminating Inertia and Information Frictions (d) Eliminating Price Discrimination

Figure A4 displays the estimated distribution of asset-weighted expense ratios in counterfactual
analysis where we eliminate inertia, information frictions and price discrimination.

Figure A5: Counterfactuals: Remove All Frictions

(a) Retail Investors (b) Institutional Investors

Figure A5 displays the estimated distribution of asset-weighted expense ratios in counterfactual
simulations where we eliminate inertia, information frictions and price discrimination.
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Figure A6: Sequential Decomposition by Mechanism

(a) Retail Investors
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(b) Institutional Investors
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Figure A6 displays the mean asset-weighted expense ratios investors pay after sequentially
removing inertia, information frictions, and price discrimination. All counterfactuals account
for supply response.

Figure A7: Counterfactuals: The Introduction of ETFs

(a) Retail Investors (b) Institutional Investors

Figure A7 displays the estimated distribution of mutual fund expense ratios in counterfactual
analysis where we eliminate ETFs.
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Figure A8: Counterfactuals: Reducing Information Frictions

(a) Retail Investors

(b) Institutional Investors

Figure A8 displays the estimated distribution of expense ratios in counterfactual analysis where
we reduce information frictions first by half and then entirely.
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Figure A9: Counterfactuals: Eliminating Conflicts of Interest

(a) Retail Investors

(b) Institutional Investors

Figure A9 displays the estimated distribution of expense ratios in counterfactual analysis where
we eliminate conflicts of interest.
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Table A6: Active Demand for Index Funds: Accounting for Brokers

(1) (2) (3) (4)

Expense Ratio −3.905∗∗∗ −3.593∗∗∗ −5.241∗∗∗ −5.167∗∗∗

(0.064) (0.067) (0.101) (0.104)
12b-1 Fee 2.394∗∗∗ 1.792∗∗∗ 3.477∗∗∗ 2.368∗∗∗

(0.075) (0.087) (0.162) (0.197)

Observations 105,499 103,049 109,758 107,911
R-squared 0.493 0.508 0.363 0.367
Year-Month-Mkt FE X X X X
Exp Ratio IV X X X X
12b-1 IV X X
Retail Sample X X
Inst. Sample X X
Elasticity of Demand 2.0 1.8 2.7 2.6
ω 0.38 0.33 0.40 0.31

Note: Table A6 displays the estimates corresponding to a linear regression model (Eq. 21).
Observations are at the index fund-by-month-by-investor type (i.e., retail vs. institutional)
level. In all specifications we control for: the log number of funds offered by the management
company; the standard deviation of daily fund returns over the past 12 months; 1-, 3-, 6-, 12-
month, and year-to-date cumulative returns; and whether the fund is an ETF, has a front load,
or has a rear load. Standard errors in parentheses are clustered at portfolio-by-month level.
*** p<0.01, ** p<0.05, * p<0.10.
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Table A7: Reducing Information Frictions: Mean and Standard Deviation of Expense
Ratios

Panel A: Retail Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.27 0.48

Counterfactuals Without Supply Response With Supply Response

Half Info Frictions 0.18 0.26 0.13 0.25
No Info Frictions 0.15 0.21 0.13 0.41

Panel B: Institutional Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.20 0.25

Counterfactuals Without Supply Response With Supply Response

Half Info Frictions 0.17 0.22 0.14 0.23
No Info Frictions 0.16 0.20 0.13 0.31

Note: Table A7 displays the mean and standard deviation of asset-weighted expense ratios
investors pay in each counterfactual.

Table A8: Eliminating Conflicts of Interest: Mean and Standard Deviation of Expense
Ratios

Panel A: Retail Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.27 0.48

Counterfactuals Without Supply Response With Supply Response

No Conflicts of Interest 0.19 0.28 0.18 0.28

Panel B: Institutional Investors
Mean Std. Dev. Mean Std. Dev.

Baseline 0.20 0.25

Counterfactuals Without Supply Response With Supply Response

No Conflicts of Interest 0.18 0.23 0.17 0.22

Note: Table A8 displays the mean and standard deviation of asset-weighted expense ratios
investors pay in each counterfactual.
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acquire information. This leads to choice probabilities that take the form

pi,j,t =
p0i,j,t exp((ūi,j,t + σϵ,T (i)ϵi,j,t)/λT (i))∑

l∈JT (i),m(j),t
p0i,l,t exp((ūi,l,t + σϵ,T (i)ϵi,l,t)/λT (i))

where p0i,j,t is a function of the prior.

Given an assumption that the prior does not differ across options, Matějka and

McKay (2015) show that choice probabilities simplify to

Pi,j,t =
exp((ūi,j,t + σϵ,T (i)ϵi,j,t)/λT (i))∑

l∈JT (i),m(j),t
exp((ūi,l,t + σϵ,T (i)ϵi,l,t)/λT (i))

Therefore, it is as if expected utility after information acquisition takes the form

ũi,j,t = ūi,j,t + σϵ,T (i)ϵi,j,t + λT (i)ei,j,t

where ei,j,t is distributed Type 1 Extreme Value. This implies that V ar(νi,j,t), the degree

of information frictions in Eq. (1), is proportional to the unit cost of information, λT (i),

in the rational inattention model presented above.30

C Market Growth

This section shows that our inertia estimates are robust to alternative adjustments for

the growth of the index fund market. These adjustments rely on specific assumptions

about how assets are newly added to the market.

At one extreme, one may assume that newly-added assets come from investors’

automatic contributions to their existing holdings. Assume in time t, investors auto-

matically contribute gm,t to their investment accounts in market m. For example, if

they have $100 invested in fund j and gm,t = 1.01, then they automatically contribute

30In the above model, ei,j,t is distributed Type 1 Extreme Value. For the purposes of estimation, we
assume that νi,j,t is distributed according to Cardell (1997). It should be noted that this assumption
is also consistent with rational inattention since any random utility model can be rationalized by a
generalized cost function for information (Fosgerau et al., 2020).
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$1 to fund j. Then, we can redefine new sales and active demand as

NewSalesT,j,t = sT,j,t(1− ϕT,m(j),t)
∑
l ̸=j

AUMT,l,t−1(1 + rl,t−1)

+ AUMT,j,t−1(1 + rj,t−1)(gm(j),t − 1) (15)

AUMActive
T,j,t = sT,j,t(1− ϕm(j),t)

∑
l∈JT,m,t

AUMT,l,t−1(1 + rl,t−1)

+ AUMT,j,t−1(1 + rj,t−1)(gm(j),t − 1). (16)

At another extreme, one may assume that newly-added assets are entirely from new

investors in the index fund market who make active choices, so we can redefine new

sales and active demand as

NewSalesT,j,t = sT,j,t[(1− ϕT,m(j),t)
∑
l ̸=j

AUMT,l,t−1(1 + rl,t−1)

+MT,m(j),t −
∑
l

AUMT,l,t−1(1 + rl,t−1)] (17)

AUMActive
T,j,t = sT,j,t[(1− ϕT,m(j),t)

∑
l

AUMT,l,t−1(1 + rl,t−1)

+MT,m(j),t −
∑
l

AUMT,l,t−1(1 + rl,t−1)]. (18)

The inertia estimates are robust to these assumptions. Figure A2a and Figure A2b

present the inertia distributions estimated under the first assumption: newly-added as-

sets are investors’ automatic contributions to their existing holdings. We find that retail

(institutional) investors are inactive 95.4% (97.5%) of the time in a median market-

month. Figure A2c and Figure A2d present the inertia distribution estimated under

the second assumption: newly-added assets are from new active investors. We find

that retail (institutional) investors are inactive 94.7% (96.6%) of the time in a median

market-month. Our baseline estimates fall between the estimates based on these two

extreme assumptions.

D Implementing Counterfactuals

In our counterfactual analyses, we focus on how the distribution of expense ratios

changes as a function of inertia, information frictions, and price discrimination. We

compute the distribution of expense ratios in each counterfactual where we weight

66



fund expense ratios by the predicted market share multiplied by market size. We com-

pute the predicted market share of fund j at time t among type T investors as a function

of inertia, expense ratios and information frictions:

ST,j,t(ϕ,p, σν) =
∞∑
τ=0

(1− ϕ)ϕτsT,j,t−τ (pt−τ , σν). (19)

The term (1 − ϕ)ϕτ reflects the share of investors that were last active at time t − τ

and sT,j,t−τ (pt−τ , σν) denotes the share of active investors that would purchase fund j

at time t− τ given the vector of expense ratios pt−τ and information frictions σν . When

computing Eq. (19) we assume that all investors were active in the first month of our

sample (i.e. January 2000). A fund’s active market share is zero in all months prior to

the introduction of the fund. Note that to make the underlying economic mechanisms

in our counterfactuals more transparent, we compute predicted market shares under

the assumption that the market size is constant over time. For each counterfactual

we consider, we then compute the equilibrium vector of expense ratios and predicted

market shares.

E Extension: Accounting for Financial Advisers

Previous research has highlighted the importance of brokers/financial advisers in a

household’s investment decision. To understand how brokers impact the index fund

choices of investors, we also consider the extension where we assume that investors

choose index funds with the help of a broker.

E.1 Setup

We follow the setup developed in Robles-Garcia (2019) and further used in Egan et al.

(2022) where we assume that all financial advisers are ex-ante identical. For each client

i, the financial adviser chooses the index fund j from the set JT (i),m(j),t that maximizes

a weighted average of the financial adviser’s and consumer’s incentives, denoted πi,j,t:

πi,j,t = ωT (i)fj,t + (1− ωT (i))ũi,j,t.

The variable fj,t measures the commissions a financial adviser earns from selling index

fund j, and the parameter ωT (i) measures conflicts of interest and reflects the weight
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that financial advisers place on their own financial incentives (i.e., commissions) versus

the financial incentives of their clients (i.e., consumer utility). If ωT (i) = 0 then there are

no conflicts of interest. We also allow for conflicts of interest to vary potentially across

retail and institutional investors. Note that we also assume that financial advisers

maximize the perceived utility of investors ũi,j,t, which implies that financial advisers

observe investor-product-specific demand shocks (ϵi,j,t) and that financial advisers are

subject to the same information frictions as investors.

Under the assumption that financial advisers are myopic in the sense that they max-

imize current flow profits, the market share of active investors of type T investing in

fund j is given by:

sT,j,t =

exp

(
ωT

1−ωT
fj,t−pj,t+X′

j,tθT+ξj,T (i),t

ση,T (i)

)
∑

l∈JT,m(j),t
exp

(
ωT

1−ωT
fl,t−pl,t+X′

l,tθT+ξl,T (i),t

ση,T (i)

) , (20)

which is the core of our estimation strategy.

E.2 Estimation

We estimate Eq. (20) in terms of log active market shares following our empirical strat-

egy described in Section 4 to recover investors’ preferences and the brokers’ preferences

(ωT ):

ln sT,j,t = ϖT︸︷︷︸
ωT

ση,T (1−ωT )

fjt− αT︸︷︷︸
1

ση,T

pjt−X ′
j,t ΓT︸︷︷︸

θT (i)
ση,T

+ µT,m(j),t︸ ︷︷ ︸
ln

(∑
l∈JT,m(j),t

exp

( ωT
1−ωT

fl,t−pl,t+X′
l,t

θT+ξl,T (i),t

ση,T (i)

))+ζT,j,t︸︷︷︸
ξT,j,t
ση,T

.

(21)

An empirical challenge is how to measure broker commissions. We measure broker

incentives using 12b-1 fees. 12b-1 fees are used to compensate financial intermediaries

for providing services to investors and to pay advertising and marketing expenditures.

Evidence from The Investment Company Institute indicates that, on average, 92% of

12b-1 fees are paid to brokers/financial advisers, 6% are paid to underwriters, and 2%

are used for marketing expenditures.31

One concern is that 12b-1 fees are potentially endogenous and correlated with un-

observed demand shocks. To account for this potential endogeneity, we instrument for

31https://www.ici.org/system/files/attachments/fm-v14n2.pdf
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the actual 12b-1 fees a fund pays using the maximum contractual 12b-1 fee lagged by

one year. Funds are required to report the maximum annual charge deducted from

fund assets to pay for distribution and marketing costs (12b-1 fees) which may be

larger than the actual fee paid in a given year. We use the maximum contractual 12b-1

fee as an instrument because it appears highly sticky in the data (e.g., the 1-year au-

tocorrelation is 0.96) and we lag it by a year with the idea that contractual fees are

uncorrelated with future demand shocks.

We report our corresponding estimates in Table A6. Consistent with intuition, we

find a positive relationship between our measures of broker incentives and index fund

demand. We also estimate elasticities of demand ranging from 1.8 to 2.0 for retail

investors and 2.6 to 2.7 for institutional investors, which are consistent with our base-

line demand estimates (Table 2). In the bottom of the panel we report the value of

ω, which measures how a broker trades off her private financial incentives with the

financial incentives of her client. The results in column (2) indicate that brokers are

willing to trade-off a 1 percentage point increase in 12b-1 fees (92% of which are his-

torically paid to brokers) with a 0.49 (= 0.33/(1 − 0.33)) percentage point increase

in expense ratios. In other words, the estimates suggest that brokers place roughly 2

times (= (1 − 0.33)/0.33) the weight on their client incentives relative to their own.

While still relevant, the conflicts of interest in the index fund market we estimate are

smaller than what has been estimated in other markets such as the structured product

and variable annuity market (Egan, 2019; Egan et al., 2022). This is intuitive because

the index fund market is more transparent than each of those markets. One might also

expect broker incentives to potentially be more relevant for actively managed funds.

We consider how conflicts of interest impact the expense ratios that both institu-

tional and retail investors pay in equilibrium. We implement this counterfactual by

setting 12b-1 fees equal to zero and decreasing marginal costs by the corresponding

amount. The results indicate that the effects of conflicts of interest are modest in the

index fund market (see Appendix Figure A9 and Table A8). If we keep the product

space fixed, eliminating conflicts of interest would reduce the expense ratios that retail

and institutional investors pay by 8 and 2 basis points, respectively.
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