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Introduction

This thesis focuses on actively managed equity mutual funds. In active funds, the fund managers
make portfolio decisions on behalf of their investors. Their returns are usually evaluated against a
benchmark index, where the benchmark is typically a market index. Thus, the funds sell the potential
to outperform their benchmark, and investors pay a premium relative to the price of index funds for this
service.. Fund managers may justify their fees if they can provide a realistic opportunity to outperform
their benchmark. However, multiple studies have documented that active funds, on average, struggle
to outperform their benchmark index after fees (see, e.g, ( ),
(2013) and (2020)).

During the past two decades there has been a shift in flows from actively managed funds toward
passively managed index funds and ETFs (see, e.g., ( ))-
The questionable track record of actively managed funds, which implies that the average investor has
been better off by investing passively, might be one of the reasons for this shift. However, active
mutual funds still manage trillions of dollars ( ( )). Moreover, the
current trend is that people increasingly become their own money managers. At the same time, the
financial landscape is becoming more complicated and many investors lack the necessary knowledge
to judge the quality of the funds.” Bridging the information gap between fund managers and investors
is therefore important to ensure investor protection. On the other hand, issues such as conflicts of
interest, information asymmetry, and lack of financial sophistication among investors can increase the
information gap and cause frictions.

Conflicts of interest in the mutual fund industry arise when the goals of fund managers and their
investors are not aligned. Most mutual funds are run by a fund company (hereby referred to as a
fund family). This family structure can lead to conflicts of interest, since the objective of the mutual
fund family is to maximize the total revenue from its funds, while its investors seek to maximize the
risk-adjusted returns on their investments ( ( )). This essentially means that
the funds stand between serving their family with inflows and their investors with returns. Financial
regulators have argued that sufficient level of industry competition may increase incentives for fund
families to satisfy their clients’ demands (see ( ).
If the quality of the active management service is affected by conflicts of interest, investors might end
up paying for a dedicated asset management service that they do not receive.

Information asymmetry can increase incentives for opportunistic behavior by service providers. The
existence of closet indexing provides a real-life example of such behavior. Closet indexers are funds
with a low degree of active management, but are sold and marketed as actively managed funds (see,
e.g., ( ) for US closet index funds and ( ) for international
closet index funds). The implication of closet indexing is that investors pay for an active portfolio

management service, but receive a service that is close to an index fund. In the last couple of years,

!See, for example, ( ).

2While also passive funds are a part of the financial landscape, investing in passive funds does not require the same
evaluation of quality since the primary objective of index funds is to replicate the returns of a market index.

3The Australian Securities and Investment Commission (ASIC) commissioned a review of the level of competition in the
Australian mutual fund industry (see ) after the Financial Conduct Authority (FCA) in the UK found that price
competition is weak in several areas of the UK fund industry ( ( ).
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the issue of closet indexing has become a focus for financial supervisory authorities (FSAs) around the
world, and the first FSAs to intervene toward closet index funds were in the Scandinavian countries.
In Norway, the intervention ended in a law-suit against one of the largest domestic funds, where the
fund was convicted in the Norwegian Supreme Court and ordered to pay back 0.8% of the annual
management fee from the period 2010 to 2014.

The level of investors’ financial sophistication affects to what extent their decisions are influenced
by the information gap. The higher the level of financial sophistication among investors, the less likely
they are to be affected by market frictions. Thus, investors can reduce the information gap themselves

by improving their financial knowledge. Recently there has been a discussion on whether investors use

a full asset pricing model (see ( ) and ( )
or react to easily available signals (see, for example, ( ) and
( ) for evidence on how Morningstar ratings drive fund flows) when deciding which funds

to buy and sell.” This implies that if investors are able to interpret and use relevant information in the
investment process, they are more likely to be able to make rational investment decisions.

The thesis is organized into three self-contained empirical papers, and has a particular focus on
issues in the active mutual fund industry related to conflicts of interest from the family structure of the
industry, closet indexing, and investors’ financial sophistication. Below, I briefly describe the papers
in the thesis.

In the first paper, I examine how fund families of actively managed funds respond to competition
in terms of product development in an international fund sample. Fund family product development
is defined as improving the quality of existing funds (e.g., level of activity, quality consistency, star
funds, and manager changes) or as changes in the fund base (e.g., starting new funds, mergers, and
liquidating funds). Thus, the quality channel entails making efforts to improve the alpha production
in the family’s funds, while the base channel is defined as expansions of the family’s fund base. I find
that when competition increases, fund families respond by increasing the quality of their existing funds
rather than focusing on expanding their fund base. Furthermore, product development through the
quality channel increases the performance of the family’s funds, while product development through
the base channel increases the flows to funds in the family as well as the family’s market share. The last
two results imply that, when fund families face greater competitive pressure, they choose to increase
the quality and performance of their funds, and do not focus on increasing their market share. This
response is in favor of the investors, and I therefore argue that competition reduces conflicts of interest
that stem from the family structure of the industry.

The second paper is co-authored with Petter Bjerksund, Trond Dgskeland, and André Wattg
Sjuve. We examine the impact of policy scrutiny on Scandinavian closet index funds in a quasi-natural
experiment. Closet indexers are defined as funds with active share ( ( )) below

40% and 50%." In our experiment design, the treated funds are Scandinavian closet indexers, while

1See ( ), ( ), and
( ) for details about the interventions in Denmark, Norway, and Sweden, respectively.
5This law-suit was the first of its kind worldwide. For more information about the verdict see .
SMorningstar ratings are purely quantitative, and the main input is the past performance. Thus, the results showing
that investors respond to ratings might also be a manifestation of investors chasing past performance (see, for example,
(1995) and (2012)).
"Both cutoffs are used separately in the analyses throughout the paper. An active share of 50% essentially means that
the fund invests 50% of its portfolio in the benchmark index and 50% of its portfolio in an active portfolio.
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the control group are similar closet index funds from other European countries with no intervention
from FSAs. The main finding is that funds under scrutiny chose to increase active share rather than
to reduce fees and update their investor information. Furthermore, we find that the value creation in
the funds under scrutiny decreased after they increased activity. Therefore, the investors would be
better off if the funds responded by reducing fees and updating investor information. The reduction in
performance suggests that the fund managers chose to follow a closet indexing strategy because they
lack sufficient skill or investment ideas to have a higher active share. Based on our findings, we argue
that regulators should motivate closet index funds to reduce fees rather than to increase activity.
Finally, the third paper is co-authored with Trond Dgskeland and André Wattg Sjuve. We develop
a model showing that the level of active management and fund fee are valuable signals for a fund’s
potential to beat its benchmark index. Active fee ( ( )) is constructed as a
combination of active share and total expense ratio, and can be interpreted as the unit price of active
management.” This signal is somewhere "in the middle" of the full asset pricing models and the easily
accessible signals, such as Morningstar ratings. We find a negative time-series relationship between
active fee and subsequent net flows, which can be interpreted as a negative price elasticity of demand
for active management. These results are driven by both a positive active share-flow relationship and a
negative fee-flow relationship. Moreover, while Morningstar ratings have a high standing in the mutual
fund industry, our results also hold when controlling for these in our regressions. Our results suggest
that investors are rational in the sense that they are able to interpret and use information about active

share and fee when buying and selling funds.

8In our model, the lower active fee, the larger is the upside potential of the fund.
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Competition and Fund Family Product Development
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Abstract

Despite extensive evidence of how mutual fund competition affects fund fee and performance out-
comes, there is little evidence of how competition affects the incentives of market participants. This
paper uses an international sample of active equity mutual funds to examine how product develop-
ment in mutual fund families is affected by competitive pressure. Fund family product development
is defined as improving the quality of existing funds (e.g., level of activity, quality consistency, star
funds, and manager changes) or as changes in the fund base (e.g., starting new funds, mergers, and
liquidating funds). The results show that greater industry competition motivates fund families to
carry out product development through the quality channel rather than the base channel. Further-
more, product quality development increases performance in the family-affiliated funds, and thus
benefits the investors. Based on the findings, I argue that competition motivates desired activity in
the mutual fund industry and reduces conflicts of interest that stem from the family structure of

the industry.
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1 Introduction

The implications of competition in the active mutual fund industry have been the subject of multiple
academic studies. However, these studies primarily address fund fee and performance outcomes as
a result of competition.” To understand how competition affects industry efficiency, one must also
understand how competition affects the incentives of market participants, i.e., whether a competitive
industry drives desired activity or distorts incentives. Mutual funds manage trillions of dollars. An
efficient mutual fund industry is therefore important to ensure investor protection and financial stability.
More specifically, for competition to be a potential source of industry efficiency, it should motivate
the market participants to make efforts that benefit investors. In contrast,

( ) find that fund managers reduce their active share, i.e., their alpha production efforts, when
competition increases. Their findings suggest that competition might distort incentives in a way that
does not benefit investors.

This paper contributes to the literature on the implications of competition for incentives by ex-
amining how mutual fund companies respond to competition in terms of product development. I use
an international sample of equity funds from 40 countries, and focus exclusively on actively managed
funds, since passive index funds are more homogeneous products without the objective to outperform
a benchmark. Moreover, I focus on mutual fund companies (hereby referred to as mutual fund families)
as opposed to individual funds because it is at the family-level the strategic decision making takes
place ( (2012)).

The family structure in the mutual fund industry can lead to conflicts of interest. While the
objective of the mutual fund family is to maximize the total revenue from its funds, i.e., assets under
management multiplied by fees, its investors seek to maximize the risk-adjusted returns on their
investments ( ( )). In light of these potential conflicts of interest, I examine
whether greater competitive pressure distorts or motivates desired activity in fund families. The results
are also relevant to the literature on the role of the fund family in the mutual fund industry, i.e., to
what extent fund family product development strategies affect the funds in the family.

Competition requires that firms have incentives to compete ( ( ) and

( )). The level of mutual fund industry competition varies around the world, and industry
characteristics such as common law, stock market turnover, quality of institutions, and regulation
affect the level of competition ( ( )). The US mutual fund industry is regarded
as one of the most competitive in the world, but researchers have debated whether the US mutual fund
industry is competitive as a whole.” Separately from the academic literature, financial regulators have
carried out investigations of the level of competition in the industries for which they are responsible.
The Financial Conduct Authority (FCA) in the UK found that price competition is weak in several
areas of the UK fund industry ( ( )). The FCA’s findings from the UK

prompted the Australian Securities and Investment Commission (ASIC) to commission a similar review

1See, e.g., ( ), ( ), ( )s

( ), and ( ) for studies of fees and ( ),
( ), ( ), and ( ) for performance
studies.
2In addition, more than 90% of the funds in the sample used in this paper are member of a fund family.
3See, for example, ( ), ( ), and ( ).



of their mutual fund industry.” ASIC underlines the importance of efficient competition in its terms of
reference ( ( )): "Effective competition implies
that firms have sufficient incentives to identify and satisfy clients’ demands as efficiently as possible
and constantly seek to win the business of clients who use rival services." Based on these examples, 1
argue that it is important to identify the channels through which competition benefits investors if we
are to understand how to stimulate the industry when the level of competition is sub-optimal.

To test how fund families adjust product development to deal with competition, I begin by con-
structing product development variables. Defining product development can be difficult. In general,
it is the term for creating an improved or new product and delivering it to the market (

( )).” In fund families, improving products entails making efforts to improve the alpha
production or risk-adjusted returns in their funds. This is defined as a product quality development
channel. Creating new products expands the product base, and can be implemented by starting new
funds or expanding the fund base into new categories. This is defined as a product base development
channel. Since product base development is defined as an expansion of the product base, starting a new
fund contributes positively, while a fund liquidation contributes negatively. Looking to the academic
literature on asset management, I identify four fund family variables within the product quality channel
and five fund family variables within the product base channel.” To structure the analysis, I construct
one family-level index for each channel. First, for each of the nine variables, the family is ranked in
the entire cross-section each year. Next, the quality (base) index is constructed as the equal-weighted
average of the family-level quality (base) input variable ranks.

Two industry competition variables are defined, both based on standard industry concentration
measures. The first is the Herfindahl-Hirschman index (HHI) subtracted from 1, while the second
corrects for the number of firms and is the normalized Herfindahl-Hirschman index (NHHI) subtracted
from 1. Using the product development indices and industry competition variables, I test whether fund
families adjust their product development in response to competition. When competition increases,
the fund families face greater competitive pressure from rival families and have to differentiate in order
to stay competitive. While product development through the quality channel consists of efforts to
differentiate in terms of quality, product development through the base channel consists of efforts to
differentiate in terms of the products offered by the family. I hypothesize that fund families increase
product development through both channels when competition increases.

The hypothesis is tested using two different empirical methodologies. First, I run family fixed
effects panel regressions to test how the within-family product development changes in response to
competition. The results show that greater competition is associated with an increase in product
quality development. A one standard deviation increase in industry competition corresponds to a
27% increase in the product quality development index, compared to the sample average. I also find
weak statistical evidence for product base development declining when competition increases. The

results are similar for both of the industry competition variables. Furthermore, the results hold in

4More information on the upcoming report from the Australian mutual fund industry can be found at

5See also ( ) and ( ) for discussions of the definition of product development.

5The four product quality development variables are the activity level of the funds in the family, fund manager turnover,
family performance dispersion, and family star fund creation. The five product base development variables are fund
starts, fund liquidations, within-family mergers, fund category starts, and fund category liquidations. All variables are
constructed at the fund family-level.
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cross-sectional first-difference tests, at both the industry- and family-level.

Second, to address potential endogeneity issues in the industry competition measures, I follow
the methodology of ( ) and treat the
industry competition variables as endogenous and instrument them using Bartik-type instruments to
perform instrumental variable (IV) regressions (see ( ) and ( )). This approach
isolates the exogenous source of variation in industry competition. The growth in HHI and NHHI
is instrumented by the growth in the US active mutual fund industry and the global active mutual
fund industry, in two separate IV-procedures. The direction of the IV-results for the product quality
development index corresponds with the main results, and the results are around twice as strong in
terms of magnitude and economic significance. Furthermore, the coefficients of competition on product
base development change signs, but are not statistically significant in these regressions. Based on these
results, I argue that the true effect of industry competition on product quality development is larger
than estimated in the main tests, and that industry competition does not appear to affect product
base development.

These results also highlight the importance of accounting for endogeneity when testing how industry
competition affects firm-level variables in order to avoid biased estimates. The relationship between
industry competition and product quality development is an interesting finding because previous studies
have found that fund families tend to expand their product base as a growth strategy (see e.g.,

( ) and ( )). In contrast, these results suggest that, to stay
competitive, fund families prefer to increase the overall quality of their funds.

After establishing how competition affects fund family product development, I test the outcomes
of product development on value creation in family-affiliated funds and the revenue of the family.
Based on the nature of the input variables in the product development indices, I hypothesize that
product development through the two channels improve the family’s competitiveness in different ways.
First, I hypothesize that product quality development increases the performance of family-affiliated
funds. Second, I hypothesize that product base development increases the market share of the family,
i.e., makes the fund family more competitive in terms of industry position and revenue. These tests
essentially test the fund families’ motives for carrying out product development in the two channels.

The results support the hypotheses. I find that product quality development improves the perfor-
mance of the funds in the family, and that product base development increases the flows to family-
affiliated funds and the family’s market share. While I find no evidence that product base development
enhances the performance of family-affiliated funds, I find some evidence that product quality de-
velopment increases flows to the family’s funds. This might be attributed to the fact that investors
tend to chase past performance when selecting funds (see, e.g., ( ) and

( )). These results imply that, when fund families face increasing
competitive pressure, they choose to increase the quality and performance of their funds, and do not
focus on increasing their market share. Product development responses to competition are therefore
in favor of the investors, and I argue that this is evidence that competition reduces conflicts of interest
from the family structure in the mutual fund industry. While ( ) find that fund
managers are less willing to make alpha production efforts when competition increases, I do not find

evidence for this in my family-level analysis. However, this analysis has two key differences. First, the



quality development index does not include portfolio-specific variables, and, second, I focus on fund
family-level efforts and not on efforts in individual funds. Thus, I argue that these results are not in
direct contrast to their findings.

This paper makes two contributions. First, it adds to the literature on how market participants
in the mutual fund industry are affected by competition. As mentioned in the introduction, previous
studies of competition in the mutual fund industry have mainly focused on fee and performance
outcomes. Studies from outside the mutual fund literature find that competition can affect or distort
incentives.” The results in this paper suggest that competition is a driver of optimal behavior in the
mutual fund industry, as it improves investor welfare. ( ) find that fund
families compete in a non-price dimension, mainly through a product differentiation channel.

( ) and ( ) study the effect of competition from passively
managed funds and find that active funds differentiate at the portfolio-level in response to growth in
passive alternatives. My results show that the fund families differentiate in terms of quality when
competition increases.

Second, the results also shed light on the role of the mutual fund family and how the family structure
of the industry affects the funds. Since fund families are responsible for strategic decisions, such as
overall family product development, it is important to know how this structure affects the funds. My
findings show that fund performance increases with product quality development, and underline the role
of the fund family in fund performance found in previous studies. For example,

( ) and ( ) find that fund families allocate their fund managers

strategically to maximize the total value creation in the family. Other studies find a significant impact

of the fund family on performance and fund portfolios (see, e.g., ( ),
(2006), (2007)), (2008),
( ), and ( )). However, to my knowledge, this is the first paper

to connect the overall fund family product development strategy with performance.

( ) argues that, the more families can differentiate themselves in terms of non-performance
related characteristics, the less they need to compete in terms of performance. My results show that
competition motivates fund families to carry out product quality development. The quality channel of
product development increases the performance of family-affiliated funds and makes the fund families
more competitive in terms of performance. Product base development increases inflows to family-
affiliated funds and the market share of the family, but this is not the main focus of fund families when
the competitive pressure increases. I argue that the results are evidence of competition being a way of
reducing the conflicts of interest that stem from the family structure of the industry.

The rest of the paper is structured as follows. Section 2 develops the hypotheses. Section 3 presents
the data, summary statistics, and the empirical method. In Section 4, I test how fund families respond
to competition. In Section 5, I test how product development affects fund performance and fund family

market share. Section 6 discusses the results and concludes.

"See, for example, ( ), ( )s ( )

(2015), (2017), (2017),

( ), and ( ) for studies from outside the mutual
fund literature on how competition can affect incentives.



2 Hypothesis development

In this section, I define the industry competition variables, describe the motivation for and derive the

product development indices, and develop the testable hypotheses.

2.1 Industry competition

Industries are defined as the funds’ countries of domicile.” The two industry competition variables are
based on the industry Herfindahl-Hirschman index (HHI) and the normalized Herfindahl-Hirschman
index (NHHI). They differ in the sense that NHHI adjusts for the number of firms in the industry,
while the number of firms can influence HHI. More specifically, the number of firms affects the possible
range of HHI, which implies that industries with many firms are assigned a lower index value based on
the number of firms, and not necessarily the level of competition itself. The HHI variable of industry
concentration is well-grounded in industrial organization theory (see ( )), and
is defined as the sum of the squared market weights of fund families within the industry. The HHI

industry concentration in industry c at time ¢ is given by

HHI; =Y w}., (1)
f

where wy ., is the weight of family f in industry c at time t. NHHI is defined by

HHIet —
NHHIop = ———5—, (2)

Nc,t

where N, ; is the number of firms in industry c at time ¢. By definition, a reduction in HHI and NHHI
corresponds to an increase in competition. Thus, for interpretation purposes, the competition variables
are defined by subtracting the industry concentration from 1.” Then, the competition variable based
on HHI, Comp™H! is defined by

C’ompftH] =1-HHI.;. (3)

The competition variable based on NHHI, Comp™H! is defined by
ComplIM =1 - NHHI. (4)

2.2 Product development indices

In this section, I define the product development indices. The definition of product development is to
improve existing products or to develop new products (see, e.g., ( ) ( ), and

( ) for definitions of product development). Improvement of existing products
is defined as a product quality development channel, while the development of new products is defined

as a product base development channel. In fund families, the quality channel includes efforts made to

8Countries of domicile represent the country in which a fund is legally organized and are often used to define home
countries in international mutual fund studies (see, for example, ( ) and

(2020)).

9This adjustment is often done to make the Herfindahl index coincide with the level of competitive pressure (see, for
example, ( ).



increase the quality of existing funds, while the base channel includes expansions of the family’s fund
base. I construct one index for each channel, consisting of the decile rank of relevant input variables.

In addition, I use these two indices to construct a combined product development index and a net
quality development index. Appendix A provides a detailed example of how the indices are constructed

for one of the families in the sample, as well as summary statistics for the product development indices.

2.2.1 Product quality development

First, I describe the motivation for and define the input variables in the product quality development
index. The input variables include family-level variables that can describe the quality, consistency
of quality, or efforts to increase the quality of the funds in the family. Looking to the mutual fund
literature, I identify four variables that I construct at the family-level: level of active management,
fund manager turnover, within-family performance dispersion, and share of star funds. The index is
constructed annually for each fund family by computing decile ranks of the input variables in the entire
cross-section each year. Variables defined as the share of funds are divided by the number of funds in
the family at the end of the previous year. Below, I describe the motivation for the input variables.

Multiple studies find that the level of active management can predict fund performance (see
( ) for tracking error, ( ) for active share, and
( ) for R%). I define the activity level of a fund by its tracking error, i.e., the standard deviation of
the benchmark-adjusted returns. To compute a family’s decile rank, I first compute each fund’s decile
rank and average this across the funds in the family.

Changing fund managers can be a way for a fund family to improve its funds.

( ) find that funds with low past performance experience improved subsequent

performance after manager replacements. A number of studies document an inverse relationship
between past fund performance and manager changes (see, e.g., ( ),
( ), and ( ). ( ) argues that conflicts of interest affect the decisions
to replace fund managers, because high expense ratio fund managers have a lower probability of
replacement for a given level of underperformance. I define the manager turnover variable as the share
of funds with manager changes during a year.'" This variable measures how willing a fund family is to
reallocate its fund managers and take action against underperformance.

Fund families might have many funds in order to increase the probability of increasing assets under
management, and not necessarily to run them optimally. To account for this, I include a variable of
within-family performance dispersion. I define this by the standard deviation of the cross-sectional
benchmark-adjusted returns within the family each year. Using the benchmark-adjusted returns adjusts
for the differences in "segments" or categories, such that it measures the quality consistency across
funds in the family. ( ) finds that performance dispersion at the family-level negatively
affects performance. Based on this, I rank the families such that the families with the lowest (highest)
dispersion, i.e., highest (lowest) quality consistency, are assigned the highest (lowest) decile ranks.

Next, I construct a family-level star fund measure. This is motivated by the findings of

10The construction of the indices is similar to the construction of the competition and cooperation indices of
(2020).
f any funds in the family are missing manager data, the number of manager changes is divided by the number of funds
with manager data.



( ), who find that the presence of a star fund has a positive and significant impact on
the fund family market share. ( ) find that the presence of star funds in
a family attract flows to other member funds as well. I define star funds as the funds with past year
benchmark-adjusted returns in the top 5th percentile within their domicile-category.'* The star fund
variable is then defined as the share of funds defined as a star fund.

Finally, with all variables defined, I construct the index using decile ranks of the input variables
explained above. The product quality development index is computed as the equal-weighted decile

rank over the input variables

1
Qualityse, = 1 (TE}?E;RM + Manager?eCR"k + Dzsperszon]l?gftR"k + Star DeCR”k) , (5)
where TEDGCR”’“ is the decile rank of the family tracking error, M anager?eCR”k the decile rank of

DecRnk:

manager changes, Dispersion fe, DecRnk

is the decile rank of family performance dispersion, and Star Fod

is the decile rank of the share of star funds. All input variables range from 0 to 10, where families with
zero manager changes and zero star funds are given the value 0."” The nature of the index is such that
it cannot be constructed for families with fewer than two funds. Families with missing data for any
of the input variables are not given a decile rank for these input variables, and will therefore not be

assigned a product quality development index.

2.2.2 Product base development

Next, the motivation for the product base development index is described. This index describes the
family’s fund base expansions. The input variables include variables for fund starts, fund liquidations,
and within-family fund mergers. Since the index is defined as an expansion variable, starting a new
fund counts positively, while a fund liquidation counts negatively toward the index. All input variables
are defined as shares of the number of funds in the family at the end of the previous year."” The index
is constructed in the same way as the product quality development index, i.e., by computing decile
ranks of the input variables in the entire cross-section each year.

There are three reasons why families open new funds ( ( )). First, a family
may want to offer a new fund with variation from existing products. The second reason is to increase
the likelihood of having a top-performing fund. Finally, families may open new funds because their
current funds have performed poorly and fail to attract inflows. ( ) find that
the decision to start new funds is motivated by the potential to generate income, and that families
with low fees and families with star funds are more likely to open new funds. I divide fund starts into
two separate variables, where the first comprises funds started in fund categories where the family
already has funds and the second comprises new funds in new fund categories.'” For both variables, 1
define the variable as the share of funds at the end of the previous year.

Fund base reductions can take the form of mergers or fund liquidations. First, within-family mergers

are defined. I focus exclusively on within-family mergers because they only involve the decision of

12This definition of star funds follows from ( ).

13Families with missing manager history data for all funds are excluded and not given a decile rank.

This is done to account for larger families having more changes in their fund base.

5 These two variables do not overlap, meaning that a fund start is only placed in one of the groups, not both.



the family of the target fund. Prior research shows that fund mergers are often the result of poor
performance ( ( ) and ( ))- Since within-family mergers
reduce the fund base, this variable counts negatively toward the product development index. The
merger variable is therefore defined as the negative sum of within-family mergers divided by the number
of funds in the family at the end of the previous year.

Next, I define the fund liquidation variables. As for fund starts, I define two separate variables:
funds liquidated in fund categories where the family still has funds after the liquidations, and funds
where the fund liquidation entails a category liquidation. ( ) studies exit decisions in the US
mutual fund industry and finds that liquidated funds tend to be small and younger funds, and that a
family tends to liquidate relatively unique portfolios to stay focused. Like the merger variable, I define
the fund and category liquidation variables as the negative sums of liquidations divided by the number
of family funds at the end of the previous year.

The product base development index is constructed using the decile ranks of the input variables
explained above, and the index is defined as the equal-weighted decile rank over the input variable

ranks

Basef . = 3 (FundStartDeCR”k + FundLZqDecRnk+
Mergers?ecpmk + CatS’tartDeCR”k + CatLqu?ce,iRNk), (6)

where F undStarthctR"k F unszqD“R"k M ergers?“R”k CatStartD“R”k, and CatLiqugR”k are
the decile ranks of fund starts, fund liquidations, within-family mergers, category starts, and category
liquidations, respectively. All input variables range from 0 to 10. Families with zero new funds or zero
new categories are given decile rank of 0 for the variables equal to zero. Families with zero within-family
mergers, fund liquidations, or category liquidations are given decile rank of 10 for the variables equal
to zero.

For both the Quality;; and Base;; indices, I standardize the values annually across all families
(with mean of zero and standard deviation of one) to isolate the cross-sectional differences in the indices
across families. To distinguish between the two indices and make sure that they do not influence each
other, all variables in the quality index only contain funds with complete data within a year, i.e., they
do not include funds that were started or liquidated during a year.

Next, using the product quality and base development indices, I construct a total product devel-
opment index and a net quality development index. These indices are used to examine how the two
channels of product development are related to each other, and how they affect other outcome variables
in combination. The total product development is the measure of overall product development for the
family, and it takes both of the channels into account. It is defined as the sum of the quality and the

base index

Developmenty ., = Qualitys ., + Basey;. (7)

The net quality index measures the product quality development net of the product base development
and describes whether fund families use one of the channels to scale up the other channel. Moreover,

in the regressions, this index is used to test the differences in how the two channels are affected by



competition and how they affect fund family outcomes. The net quality index is defined as
Net Qualitys . = Qualitys . — Basey ;. (8)

Appendix provides a detailed example of how the indices are constructed for one of the families
in the sample. Appendix presents summary statistics for the product development indices, with
distribution of deviation from within-family means in Figure and the equal-weighted and value-
weighted time-series of average deviations from within-family means in Figure A2. Next, I derive the

testable hypotheses based on the industry competition variables and the product development indices.

2.3 Hypotheses

Fund families are responsible for the strategic decisions in the mutual fund industry, and this family
structure of the industry can lead to conflicts of interest. The source of these potential conflicts is that
a mutual fund family’s objective is to maximize the total revenue from its funds, while its investors
want the fund family to maximize alpha production ( ( )). The underlying
economics of the hypotheses concerns how fund family product development is affected by competition,

and whether competition triggers or reduces conflicts of interest.

2.3.1 Competition and product development

When competitive pressure in the industry increases, investors have more investment alternatives, and
it becomes more difficult for the families to maintain their market share. Thus, in order to maintain
their position in the industry or acquire additional market share, the families have to put more effort
into differentiating themselves from rival families. I conjecture that the objective of differentiation is
to stay competitive, and that both of the product development channels derived in the previous section
are applicable family strategies for differentiation from rival families.

Fund family product quality development consists of efforts made to improve the quality or quality
consistency of the funds in the family. While product development through this channel is not necessarily
directly observable for investors, increased performance may well be the best way for the family to
differentiate. The perception that investors follow past performance also has empirical backing (see,
e.g., ( ) and ( ))."" In addition, if some of the funds in the
family perform well, this may have spillover effects in the form of flows to other funds in the family.

Fund family product base development consists of efforts made to expand the family through
starting new funds. The nature of this channel is such that families can expand into new categories
or start new funds in categories where their funds are successful. In terms of making the family more
competitive, product development through this channel increases the family’s presence, because there
will be more funds from the family for investors to choose from. Fund liquidations reduce the presence
of the family, and therefore count negatively toward the product base channel of product development.

( ) argue that fund families compete in a non-price dimension, and find that

starting new funds is an effective way to differentiate the family and grow.

16 A functioning flow-performance relationship is also an essential part of the theoretical model of ( ).
7See, for example, ( ) for examples of such spillover effects in families with star funds.
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Other studies examine how active mutual funds differentiate in response to increasing competition
from passive investment alternatives. ( ) and ( ) find that active funds tend
to differentiate themselves from passive funds by increasing their degree of active management. In
other words, the active funds make efforts to differentiate their portfolios from the portfolios of passive
funds. However, passive and active funds are not perfect substitutes, while the products in families of
active funds are closer to being perfect substitutes for active funds from other families. Therefore, it
may be more important for fund families to differentiate at the family-level. Building on these findings,
I hypothesize that greater competitive pressure force the families to make efforts to differentiate, and
that both the quality and base channels are applicable strategies for this. I formulate the first testable
hypothesis in the following two sub-hypotheses:

Hypothesis 1a: Fund families respond to increasing competitive pressure by increasing

product quality development.

Hypothesis 1b: Fund families respond to increasing competitive pressure by increasing

product base development.

2.3.2 Product development outcomes

As mentioned in the motivation for the first hypothesis, product development strategies are ways for a
the family to differentiate itself from rival families. However, there can be two main motives for product
development. First, the family might want to become more competitive in terms of performance, and,
second, they might want to become more competitive in terms of revenue and market position. While
the first motive may benefit both the investors and the family itself, the latter motive entails making
efforts to increase the total assets under management and does not necessarily benefit the investors.

This hypothesis concerns the potential conflicts of interest in the mutual fund industry, where a
family and its investors can have conflicting motives. For competition to be a potential source of
industry efficiency, fund family responses to competition should benefit investors and reduce conflicts
of interest. If the fund families take measures in order to increase the income of the family and not
the value for investors, competition reduces industry efficiency. ( ) argues that, the more
families can differentiate themselves in terms of nonperformance-related characteristics, the less they
need to compete in terms of performance. Therefore, I conjecture that the two channels of product
development are based on different motives.

The nature of the product quality development index is such that these are efforts made to improve
the overall quality of the value creation and performance in the family’s funds. I therefore conjecture
that the main goal for the family when carrying out product quality development is to increase the

performance of its funds. Previous studies have found that the fund family plays a significant role for

the performance of its funds, both by affecting the risk taking in its funds (see, e.g., ( ),
( ), and ( )) and by making strategic decisions (see, e.g.,
(2003), (2006), (2014), and (2017)). Therefore,

the first part of this hypothesis concerns how the product quality development channel affects the
performance of the funds in the family. I hypothesize that product development through the quality

channel increases performance in the family’s funds.
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On the other hand, the product base development index does not include changes or improvements
to existing funds, and it is separate from the quality channel in the sense that the measures do not
overlap.'® It is therefore not likely that this product development channel will directly affect the
performance of the funds in the family. I conjecture that the main goal for the family when carrying
out product base development is to increase the family’s market share and revenue.

In a study of non-portfolio related differentiation in homogeneous S&P 500 index funds,

( ) find that investors value funds’ observable non-portfolio attributes, such as fund
age and the total number of funds in the same fund family. ( ) find that
product differentiation through starting new funds or innovation is an effective strategy to acquire
market share. ( ) find that families open new funds when the potential to
generate additional fee income is substantial. Building on this, I hypothesize that product development
through the base channel increases the market share and revenue of the family. The two sub-hypotheses
within the second hypothesis are presented below. The first is the performance hypothesis and the

second is the market share hypothesis:

Hypothesis 2a: Fund family product quality development increases the performance in
the family’s funds.

Hypothesis 2b: Fund family product base development increases the market share of the

family.

In the next section, I explain the construction of the sample, present summary statistics, and explain

the empirical methodology.

18 As mentioned in Section 2.2, the quality index only contains funds with complete data within a year, i.e., funds that
are started or liquidated during a year do not influence this index.
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3 Data, summary statistics, and empirical methodology

This section presents the data and how the sample is constructed. Next, I present summary statistics
for the sample, as well as summary statistics for input variables in the product development indices.

The empirical methodology is explained in the last subsection.

3.1 Data

The main data source is Morningstar Direct. The starting point for the sample is constructed by
downloading fund data on long-only open-ended equity mutual funds from 40 domiciles.”” Index funds,
enhanced index funds, ETFs, and funds-of-funds are excluded from the sample. After these exclusions, 1
am left with a sample consisting of 40,788 actively managed funds from 5,258 fund families. More details
on the sample selection are presented in Appendix . I download cross-sectional fund information,
monthly gross returns, net returns, net assets, and fund size for all share classes from January 2006
to December 2019.7Y All of the time series variables are converted into USD in Morningstar Direct.
I download country-level macro variables from the data library of the World Bank, as well as CPI
data.”" All dollar values are CPI-adjusted to the dollar-level as of December 2019.

The funds are categorized using the field Morningstar Category, and I make use of the MPT
(Modern Portfolio Theory) index provided by Morningstar to compute benchmark-adjusted returns for
the funds. This index is assigned by Morningstar, based on the portfolios of the funds, i.e., the actual
investment universe, rather than the funds’ self-reported benchmarks.” In addition to using MPT
benchmark returns, I risk-adjust the returns using data from Ken French’s data library and compute
alpha estimates using CAPM, the Fama French 3-factor model, and the Fama French 3-factor model
plus momentum.

Next, the fund data is annualized. Annual returns are computed as the cumulative monthly returns
within a year. In this process, funds with incomplete return data, i.e., less than 12 months of data
within a year, are not given an annual return in these years to avoid bias in the return data from
incomplete fund-year observations. Static variables are collected at the 31st of December each year.
Finally, T use the fields Domicile and Fund Company ID to aggregate the fund data at the fund
family-level to construct the family-year data sample. More details on the construction of the fund and
fund family sample are provided in Appendix . Fund-, family-, and industry-level control variables
are explained in Appendix

To construct the product quality development index, I use the following fund data: gross returns,
MPT benchmark returns, the field Manager History to detect manager changes, and Morningstar
Category to define star funds. To construct the product base development index, I use the following

fund data: the fields Inception Date to define fund starts, Obsolete Date to define fund liquidations,

9The domiciles include offshore domiciles, such as Luxembourg, Liechtenstein, and Ireland. Domiciles with less than 50
funds in the Morningstar database are excluded from the sample.

2°Most of the funds are structured with multiple share classes. In Appendix , I explain how the data is aggregated
from share class-level to fund-level.

Z1Data available at: .

22More information about the MPT benchmark can be found at: .

23The regional factors (Asia Pacific ex Japan, Developed, Emerging, Europe, Japan, North-America) are tied to the
funds manually based on Morningstar Categories. The factors follow the computation of ( ) and

( ). Data available at:
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http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html##International

Obsolete Type and Merged into Security ID to define within-family mergers, and Morningstar Category
to define new and liquidated fund categories.

Before starting the analysis, some restrictions are imposed on the sample. First, as explained in
Section 2.2, by the definition of the product development indices, they cannot be computed for families
with fewer than two funds. Thus, these families and their funds are excluded from the final sample. In
addition, I am unable to compute the product development indices for families with missing data for
any of the input variables. Finally, in order to perform a panel data study, I need a sufficient number
of fund-year and family-year observations. Therefore, funds and fund families with less than three
year-observations are excluded from the final sample. The next section presents summary statistics
for the final sample of funds, fund families, and industries, as well as summary statistics for the input

variables in the product development indices.

3.2 Summary statistics

This section presents summary statistics for the sample of funds, fund families, and industries, as well
as the input variables in the product development indices. Table | reports general summary statistics,
with fund characteristics in Panel I, fund family characteristics in Panel II, and industry characteristics
in Panel III. All variables are of annual frequency. The summary statistics are from the sample after
filtering in accordance with the description in the previous section and Appendix

The fund characteristics include the fund-level control variables and net flow, as well as performance
measures, including the factor-adjusted alpha estimates. To ensure that extreme values do not drive
the results in the fund sample, fund net flows and performance variables are winsorized at the bottom
and top 1% level of the distribution across the whole sample. Even though the net flows are winsorized,
there are still some outliers at the top of the distribution, which is reflected in the large maximum
annual net flow and in the mean net flow of almost 14% of fund TNA at the end of the previous year.
I also note that the average adjusted returns are negative for all of the factor-adjusted returns, and
slightly positive for the MPT benchmark-adjusted returns.

For fund families, I present summary statistics for the control variables and fund family market
share. The sample drops from around 200,000 fund-year observations to around 20,000 family-year
observations. This shows that many of the funds in the sample are members of large fund families, with
an average family size of around 11 funds. The average family market share is fairly high, at around
2%. The industry characteristics in Panel III include the industry competition variables explained in
Section 2.1, as well as the other industry-level control variables. Overall, the table shows that there are
large variations in the data, which is as expected for cross-country samples with large cross-sectional
differences in the nature of the industries.

Next, I present summary statistics for the input variables in the product development indices in
Table 2. The first two columns present the mean and standard deviation of the input variables, while
the rest of the table contains the correlation matrix of the input variables. The correlations between
most of the index components are low. The average correlations within the two subgroups (quality
and base) are positive, which shows that these variables are to some extent related to each other. The
correlation coefficient between the fund family average tracking error and fund family performance

dispersion is high (0.54) compared to the other correlation coefficients, despite them measuring two
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Panel I: Fund characteristics

Observations Min Median Mean Max SD
Fund age (years) 196,045 0.00 9.50 11.71 108.92 9.75
TNA (million USD) 189,999 0.00 82.15 570.23  236,685.20 3236.45
Fund net flow (% of TNA) 190,038 -78.79  -7.20 13.86 854.61 108.54
Expense ratio (in %) 178,442 0.20 1.53 1.64 210.07 1.01
Return (in %) 179,910 -54.82 9.24 8.24 78.51 24.76
MPT adjusted return (in %) 173,461 -22.20  0.05 0.35 26.94 7.85
CAPM adjusted return (in %) 158,992 -25.64  -0.52 -0.30 29.14 8.79
FF3 adjusted return (in %) 158,992 -24.27  -0.50 -0.42 25.95 7.93
FF3MOM adjusted return (in %) 158,992 -23.30  -0.44 -0.29 25.69 7.79

Panel II: Fund family characteristics

Observations Min  Median Mean Max SD
Family age (years) 19,120 1.00 17.67 20.68 95.42 15.19
Family TNA (million USD) 18,940 1 728 6,241 1,183,614 35,617
Number of funds 19,120 2.00 6.00 11.66 197.00 15.39
Market share (in % of industry) 18,940 0.00 0.35 2.17 87.20 5.33

Panel III: Industry characteristics

Observations Min Median Mean Max SD
Industry TNA (million USD) 560 401 27,344 225,101 6,854,663 870,251
GDP per capita (thousand USD) 529 807 40,542 40,648 178,846 30,407
Comp™HI (%) 557 20.74  87.67  84.32 97.46 12.43
Comp™VHHL (%) 557 21.46  90.66  86.90 98.00 12.07

Table 1. Sample summary statistics

This table presents fund, fund family, and industry summary statistics of annual observations over the sample period
of 2006 through 2019. Panel I presents summary statistics for the sample of funds, with fund-year observations, Panel
IT presents summary statistics for the sample of fund families, with family-year observations, while Panel III presents
summary statistics for the sample of industries, with industry-year observations. Static variables are collected on the
31st December each year, and flow variables are annualized. Variables in USD are CPI-adjusted to the dollar-level as of
December 2019.

different aspects of quality.”" Some of the correlations across the subgroups are positive, but, in general,
with low correlations. After aggregating the different components into the quality and base indices, the
correlation between them is not statistically significant. This implies that the indices are essentially
independent of each other, i.e. it appears to be no clear tradeoff between a quality development and
base development strategy at the family-level. Thus, the choice to perform product quality (base)

development appears to be independent of the choice to perform product base (quality) development.

3.3 Empirical methodology

This section outlines the main regressions in the empirical method. First, I present the fund family-
level regression used to test the first hypothesis. To test the second hypothesis, I run both fund- and
family-level regressions. Since the regressions are run on an international sample of funds and fund
families, I add control variables for all levels equal to or below the level of the dependent variable.

Control variables at the different levels are defined in Appendix

24 As explained in Section 2.2, the tracking error is the average standard deviation of the benchmark-adjusted returns
in the family, while the performance dispersion is the cross-sectional standard deviation of benchmark-adjusted fund
returns within the family.
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Mean Sdev. | Tracking Manager Dispersion Star Fund Fund  Fund Category Category
Error Change Fund Start Liquid. Merg. Start Liquid.
Product Quality
Tracking Error (mean %) 2.03 1.27 1.000
Manager Change (% of funds) 10.33 25.17 | 0.017 1.000
Dispersion (%) 6.21  5.52 0.504 0.016 1.000
Star Funds (% of funds) 10.03  21.96 0.098 -0.036 0.144 1.000
Product Base
Fund Start (% of funds) 0.17  3.16 -0.010 -0.009 -0.012 -0.005 1.000
Category Liquid. (% of funds) 0.06  1.81 -0.002 0.007 -0.003 -0.011  0.001  1.000
Fund Mergers (% of funds) 0.20  3.39 0.012 0.012 0.005 -0.012 0.007  0.006  1.000
Category Start (% of funds) 7.24  28.00 0.063 0.028 0.027 -0.067 0.022 0.004 -0.007 1.000
Category Liquid. (% of funds) 0.63  6.66 0.114 -0.009 0.095 -0.009 0.001 0.026  0.007 0.010 1.000

Table 2. Summary statistics for product development input variables
This table presents the family-level summary statistics for the input variables in the product development indices, as well
as the correlations between the input variables.

Hypothesis 1

To test the first hypothesis concerning the relationship between competition and fund family product

development, I run family-year level panel regressions, controlling for industry and family variables.

The main test variables are the industry competition variables explained in Section , while the
dependent variables are the product development indices derived in Section 2.2. The baseline regression
is given by:

Indexy .t = ajpe+op +yCompyes1+ b1 Xpei—1+ BoXei—1+ €fet 9)

where oy . are fund family fixed effects and a; are year fixed effects. Compy ;1 is lagged industry
competition, Xyf.; 1 is a vector containing lagged family-level covariates, and X.; 1 is a vector
containing lagged industry-level covariates. The control variables are lagged to minimize potential
issues with endogeneity, i.e., I test the how the industry competition at the end of the previous year
affects fund family product development in the following year.

There is a growing discussion in the mutual fund literature about the use of fixed effects and cluster
specifications in panel regressions (see, e.g., ( )). In my case, the
variation of interest is the within-family variation in product development indices (Index) in response
to variation in the competition variable (Comp). Thus, I include fund family fixed effects to control for
this variation in the regressions. In addition, I control for potential year effects by including year fixed
effects. I also impose two different cluster specifications. I account for within-family autocorrelation
by clustering the standard errors along families. Next, the standard errors are independently clustered

along both family and time, to also account for potential correlations across families within years.

Hypothesis 2

I run two types of regressions to test the second hypothesis. The first are fund-level regressions with
fund alpha estimates and net flow as dependent variables. The second are family-level regressions with
family market share as dependent variable. In both types of regressions, the main test variables are

the product development indices. The baseline fund-level regression is on the following form:

Yifret = Qi fet + o +yIndexys e 1+ P1Xi fei—1+ BaXpei—1+ BaXei—1 + € fet (10)

251 elaborate more on this when interpreting the results in Section
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where «; f.; are fund fixed effects and oy are year fixed effects. The dependent variables are fund
performance, adjusted both without and with factor models, and fund net flow. Indexs.; 1 is the
lagged product development index, where I run separate regressions testing each index. Xj r.; 1 is
a vector containing lagged fund-level covariates, Xy .; 1 is a vector containing lagged family-level
covariates, and X.; 1 is a vector containing lagged industry-level covariates.

Next, the regressions testing how fund family product development affects the family market share

are on the form:
MSfer = aper+op +yIndexy i1+ BoXfer—1+ BoXet—1+ €fep (11)

where the dependent variable, M Sy ., is the market share of the family. I run these regressions both
with and without control variables, since the market share variable does not contain a lot of variation

from year to year.
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4 Tests of hypothesis 1: competition and product development

This section tests the first hypothesis. I hypothesize that fund families increase product development
when the competitive pressure increases. The empirical methodology comprises the regression explained
in Equation (9), with the industry competition variables from Section as test variables, and the
product development indices from Section as dependent variables. A typical concern when dealing
with industry competition variables is reverse causality, i.e., that industry competition is greater in
industries where fund family product development is higher, and vice versa. If this is the case, the
results from the standard panel regressions might be biased. Therefore, I also extend the test by

proposing an instrumental variable approach to deal with this.

4.1 Main results

The regression in Equation (9) estimate the within-family variation in product development with
the variation in industry competition. Relating the hypothesis test to Equation (9), the industry

competition coefficients, v, are interpreted as follows:
e Fund family product development does not change with the level of industry competition: v = 0.
e Fund family product development increases with the level of industry competition: v > 0.
e Fund family product development decreases with the level of industry competition: v < 0.

I hypothesize that v > 0 for both of the product development channels, i.e., that fund families carry out
product development to differentiate themselves from competitors when competition increases. Table

reports the results, testing industry competition in Panel I, and normalized industry competition in
Panel II. In both panels, the dependent variables in column (1)-(2) are the product quality development
index, in column (3)-(4) the product base development index, in column (5)-(6) the total product
development index, and in column (7)-(8) the product quality development index net of the product
base development index. The regressions for each product development index are first run with standard
errors clustered along family and then with standard errors independently clustered along both family
and time.

Starting with the results testing industry competition, I find that the coeflicient of C’ompf{ If I
positive and significant at the 5% level in the first regression on the product quality development index
and negative and significant at the 10% level in the first regression on the product base development
index. The independent two-way clustered standard errors are higher and the statistical significance
declines, but the results are still statistically significant at the 10% level in both tests. The magnitude
of the competition coefficient is higher in the regressions on the product base development index, which
also gives a negative, but statistically insignificant competition coefficient in the regressions with total
product development as dependent variable. The opposite nature of the coefficients in the regressions
on product quality and product base development lead to a positive and highly statistically significant
coefficient in the regressions with the net quality development index as dependent variable. The results
in Panel II are similar, but the statistical significance in the tests of product quality development

increases. As explained in Section 2.1, the normalized industry competition corrects for the number of
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firms in the industry. This shows that the number of firms does not influence the results in Panel I,
and that Comp™H! measures industry competition, and not the number of firms in the industry.

These results show that greater competition is associated with an increase in product quality
development in fund families. I also find some evidence that increased industry competition is associated
with a reduction in product base development. For total product development, I find no significant
effect of competition, but I find that the net quality development increases with greater competition.
Since the decile ranks are computed and normalized in the entire cross-section each year, they measure
changes in the input variables relative to the other families in the cross-section. In terms of economic
significance, a one within-family average standard deviation increase in Comp™H! (0.011) corresponds
to an increase of 0.0072 (0.011 - 0.652) in the family product quality development index. Compared
to the within-family average product development index of —0.026, this corresponds to an increase of
around 27% in the quality development index. The results testing Comp™#! have similar economic
significance. Correspondingly, a one standard deviation increase in Comp™H! is associated with a
reduction of 0.0078 (0.011 - —0.710), or 18% compared to the sample mean, in the product base
development index.

While the main focus of these tests is the time series relationship between industry competition
and fund family product development, I also run cross-sectional first-difference regressions in Appendix

. Table reports country-level regressions, while Table reports family-level regressions. I
find that the relationship between competition and product quality development also holds in the
cross-section, in both regression specifications. Moreover, I find negative and statistically significant
coefficients in the tests of product base development, which correspond to the opposite nature of the
relationship to industry competition in the two channels from the main tests. Next, as a robustness
test to examine whether the results hold globally, I run the main tests on a sample excluding the US.
The US is well-known to have the most developed mutual fund industry in the world.”” The results are
presented in Table in Appendix . The importance of the US in the total sample is illustrated
by the number of observations in these regressions, dropping by around 1/4 relative to the full sample.
The statistical significance of the results holds in the sample excluding the US, with a minor decline
in magnitude. Based on these results, I argue that the findings in this section are not driven by the
mechanics or competitiveness of the US mutual fund industry.

The results from the family fixed-effects regressions show that the families respond to greater com-
petition with different strategies in the two channels. While they scale up product quality development,
they also scale down product base development. While the correlation between the indices are not
statistically significant, as noted in Section 3.2, these results suggest that, in order to scale up product
quality development, the families also reduce product base development. One reason for this might
be that it is costly to increase quality development, and that the families have to scale down product
base development to do so. As mentioned in the introduction to this section, reverse causality is a
potential concern in these tests, and the results could consequently be biased. To examine this further,

I propose an instrumental variable (IV) approach.

26In the fund family sample, the assets under management in the US industry account for around 60% of the total assets
under management. See, for example, ( ) for more information about the size of the
US mutual fund industry.
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Panel I: Industry competition

Product quality Product base Product Net product quality

Dep. var. development development development development
CompHHT 0.652** 0.652* —0.710* —0.710* —0.058 —0.058 1.363*** 1.363**

(0.268) (0.331) (0.393) (0.380) (0.443) (0.359) (0.506) (0.615)
Controls Family and Industry
FE Family + Year
Cluster Family Family + Year Family Family + Year  Family  Family + Year Family Family + Year
Obs. 17,110 17,110 17,110 17,110 17,110 17,110 17,110 17,110
R? 0.377 0.377 0.266 0.266 0.308 0.308 0.335 0.335
Adj. R? 0.298 0.298 0.173 0.173 0.221 0.221 0.251 0.251

Panel II: Normalized industry competition
Product quality Product base Product Net product quality

Dep. var. development development development development
CompNHHT0.674** 0.674** —0.629* —0.629 0.045 0.045 1.304%* 1.304**

(0.256) (0.309) (0.381) (0.372) (0.428) (0.334) (0.488) (0.596)
Controls Family and Industry
FE Family + Year
Cluster Family Family + Year Family = Family + Year  Family  Family + Year Family ~ Family + Year
Obs. 17,110 17,110 17,110 17,110 17,110 17,110 17,110 17,110
R? 0.377 0.377 0.266 0.266 0.308 0.308 0.335 0.335
Adj. R? 0.298 0.298 0.173 0.173 0.221 0.221 0.251 0.251

Table 3. Family product development and competition regressions

Regressions testing the effect of industry competition on fund family product development indices, on the form presented
in Equation (9). The product development indices are presented in Section 2. Panel I tests industry competition based on
HHI, and Panel II tests normalized industry competition based on NHHI, both explained in Section 2.1. All regressions
include lagged controls at the family- and industry-level. Control variables are described in Appendix . Cluster
robust standard errors are reported in the parentheses, with the level of clusters reported in the table. Asterisks denote
statistical significance: ***p<0.01, **p<0.05, *p<0.1.

4.2 Instrumental variable results

Reverse causality is a problem in the sense that industry competition might be greater in industries
where fund family product development is higher, and vice versa. In the main regressions, I lag the
control variables to the end of the previous year to distinguish between the variation in the test variables
and the effect of this variation on the dependent variable. However, when the variation in the industry
competition variable is low, fund families might form expectations based on industry competition in
the previous year. Therefore, to formally deal with the potential endogeneity issues, I instrument
the industry competition and run instrumental variable regressions. Following

( ), I treat HHI and NHHI as endogenous and instrument them using Bartik-style share-shift
instruments (see ( ) and ( ))-

Bartik instruments are designed to reduce reverse causality and correlated omitted variable concerns
in differential exposure designs (e.g., panel regressions with unit and time effects). To isolate plausibly
exogenous variation in industry competition, and to use the fact that trends in industry competition
impact industries differently, the instruments are constructed using two different growth rates. First,
I use the growth in HHI and NHHI for the US active mutual fund industry, and, second, I use the
global value-weighted growth in HHI and NHHI. More details on the construction of the instruments
are provided in Appendix . To go from the instrumented industry concentration variables to the
instrumented industry competition variables, the instrumented industry concentration is subtracted
from 1, as explained in Section

The change in industry concentration can then be divided into an “exogenous component” recreated
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using the instrument and deviations from this predicted change, and the instruments allow for using
only the exogenous source of variation. By design, the instrument isolates the component of change
in the local industry that is driven by US or global trends, such as change in demand for actively
managed mutual funds or other industry trends.

Table 4 reports the results for instrumented industry competition (Panel I) and instrumented
normalized industry competition (Panel II). Both panels report the results using US growth as
instrument in the five first columns and global growth as instrument in the last five columns. The
regressions using the US growth rate as instrument does not include observations from the US. All
first stage regressions have highly statistically significant coefficients of the instrument on the observed
competition variable, i.e., the relevance condition holds. In the regression tests, I find statistically
significant coefficients of the instrumented competition on the product quality development index.
Comparing the coefficients from the tests of the product quality development index to the corresponding
coefficients in Table 3, they are generally around four times larger, while the instrumented industry
competition has 50-80% of the standard deviation compared to the observed industry competition.
Thus, these tests suggest that the true effect of competition on product quality development is at least
twice as large as the estimates from the previous section. Furthermore, in the IV-results the industry
competition coefficients are positive, but not statistically significant, for regressions with the product

base development index as a dependent variable. These tests suggest that the main results are biased.

Panel I: Instrumented industry competition

Instrument US growth Global growth
Dep. var. First Stage  Quality Base Development ~ Net quality — First Stage  Quality Base Development  Net quality
CompBartik 0.494** 0.834**

(0.106) (0.067)
ComphYy; 2.590** 1.330 3.920 1.261 2.305%* 0.442 2.747 1.863*

(1.259)  (1.715) (2.557) (1.587) (0.777) (1.167) (1.707) (1.008)
Controls Family + Industry
FE Family + Year
Cluster Family
Obs. 13,416 13,416 13,416 13,416 13,416 17,110 17,110 17,110 17,110 17,110
R? 0.937 0.372 0.272 0.314 0.328 0.943 0.376 0.266 0.307 0.335
Adj. R? 0.929 0.290 0.177 0.224 0.240 0.936 0.296 0.172 0.219 0.251
Panel II: Instrumented normalized industry competition

Instrument US growth Global growth
Dep. var. First Stage  Quality Base Development ~ Net quality — First Stage  Quality Base Development  Net quality
CompRartk 0.526*** 0.857*

(0.104) (0.065)
Comp i1 2.297* 1.359 3.656 0.939 2.094*** 0.564 2.658* 1.530

(1.116)  (1.614) (2.336) (1.498) (0.697) (1.130) (1.604) (0.975)

Controls Family + Industry
FE Family + Year
Cluster Family
Obs. 13,416 13,416 13,416 13,416 13,416 17,110 17,110 17,110 17,110 17,110
R? 0.922 0.372 0.272 0.314 0.328 0.928 0.376 0.265 0.307 0.335
Adj. R? 0.912 0.291 0.177 0.225 0.240 0.919 0.297 0.172 0.219 0.251

Table 4. Family product development and competition I'V-regressions

Instrumental variable regressions testing the effect of competition on fund family product development indices, on the
form presented in Equation (9). The industry competition variables are instrumented using US growth and global growth
in industry competition, as explained in Appendix . The product development indices are presented in Section
Panel I tests instrumented industry competition based on HHI, and Panel II tests instrumented normalized industry
competition based on NHHI, both explained in Section 2.1. All regressions include lagged controls at the family- and
industry-level. Control variables are described in Appendix . Cluster robust standard errors are reported in the
parentheses, with the level of clusters reported in the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05,
*p<0.1.
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In both the main regressions and the IV-regressions, I find that greater industry competition is
associated with an increase in product quality development. In addition, I find some evidence in the
main tests and the cross-sectional first-difference regressions of product base development declining
with increased competition, but this does not hold when I introduce instrumental variables. Also, in the
IV-results, the estimated effects of competition on product quality development increase and the sign
of the effects on product base development changes from negative to positive. The IV-results highlight
the importance of accounting for endogeneity in tests of how industry competition affects firm-level
variables. In sum, these results show that the effect of competition on product quality development
is larger than I estimated in the panel regressions, and that increasing industry competition does not
appear to have a statistically significant effect on product base development. The difference in the
product quality and product base development responses to competition is an interesting finding, as
it shows that fund families prefer to increase the quality of their funds rather than expanding their
fund base when competition increases. In the test of the second hypothesis, I examine how these two

different channels impact the performance and market share outcomes of fund families.
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5 Tests of hypothesis 2: product development outcomes

This section tests the second hypothesis concerning how fund family product development strategies
affect fund performance and fund family market share outcomes. The dependent variables in the regres-
sions are defined in the text. I hypothesize that product quality development increases performance in
family-affiliated funds and that product base development increases the revenue of the family, i.e., that

the two channels of product development make the families more competitive in two different ways.

5.1 H2a: family product development and fund performance

This section tests the first part of the hypothesis, i.e., how product development strategies affect
performance or value creation in family-affiliated funds. Multiple studies find that fund families can
impact and affect the performance of their funds (see, e.g., ( ) and
( ). ( ) and ( ) find that fund families strategically
allocate their fund managers to maximize the total value creation in the family. To examine how fund
family product development affects fund performance, I first define how to measure fund performance.
Benchmark-adjusted returns, often called gross alpha, is a standard performance measure in the mutual
fund literature. To compute benchmark-adjusted returns, I make use of the MPT benchmark provided
by Morningstar. However, the downside of using benchmark-adjusted returns is the implicit assumption
that the beta-exposures to the benchmark are equal to one for all funds. In other words, this measure
does not take the risk of the fund into account. Therefore, in addition to using the MPT benchmarks
to adjust the returns, I also estimate risk-adjusted returns using factor returns from Ken French’s
website. The factor return data is described in Section
The risk-adjusted returns are estimated in two steps. First, I run factor regressions for each fund
with monthly data over the full data period of the fund, and extract the factor coefficients.”’ The
alpha estimates are estimated using three different factor models: the CAPM model, the Fama French
3-factor model (referred to as FF3) adding the size factor (SMB) and the value factor (HML), and the
Fama French 3-factor plus the momentum factor (WML) (referred to as FF3MOM).”" Illustrated by
the latter model, which includes all potential factors, I run factor regressions on the following form for
all funds:

Rit— Ry =a+ B(Rnt — Rpt) + BsmuSMB + B HML + Byt WML + €4 (12)

where R;; is the gross return of the fund and Ry, is the risk-free rate. In the next step, the factor
coefficient estimates are used together with the returns of each factor to risk-adjust the monthly fund
returns. Finally, the monthly data is annualized in the same way as the fund returns described in
Section

Table 5 presents cross-sectional differences in the performance of funds from families with high and

low development in the two product development channels.”” The portfolios are formed at the end

2TFor statistical robustness purposes, I exclude funds with less than 24 months of return observations.

28The size factor SMB is the return of small stocks minus the return of large stocks, while the value factor HML is the
return of stocks with a high book-to-market ratio minus the return of stocks with a low book-to-market ratio. The
momentum factor HML is the return of stocks with high returns minus stocks with low returns in the past 12 months.

2High product development is defined as the top 20th (Q5) percentile and low product development as the bottom 20th
(Q1) percentile within each domicile in each year.
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of year t — 1, and the performance figures are annual alpha estimates for the following year ¢t. The
differences between the performance in the top and bottom 20th percentile based on product quality
development are statistically significant, with the highest alpha in the top 20th percentile. These
results hold for all of the alpha estimates, which shows that the difference cannot be attributed to
differences in risk exposure. I also note that the difference decreases for risk-adjusted alpha, and that
all of the risk-adjusted alpha estimates are negative.”” For product base development portfolios, the
differences in risk-adjusted performance are for the most part statistically insignificant, and the alpha

in these portfolios are lower than for the top 20th percentile based on the product quality index.

Product quality development index | Product base development index

P-val. P-val.

Percentile Top 20th Bottom 20th  Diff. diff. Top 20th Bottom 20th Diff.  diff.
MPT-adjusted 0.60 -0.05 0.65  0.00 0.34 0.18 0.17  0.01
CAPM-adjusted -0.15 -0.82 0.68  0.00 -0.48 -0.43 -0.05 0.52
FF3-adjusted -0.36 -0.90 0.54  0.00 -0.59 -0.58 -0.01 091
FF3MOM-adjusted -0.23 -0.66 0.43  0.00 -0.48 -0.41 -0.07  0.29

Table 5. Performance in product development portfolios

Performance of the top and bottom 20th percentile portfolios based on the product development indices. The alpha
estimates are MPT benchmark-adjusted returns, CAPM-adjusted returns, FF3-adjusted returns, and FF3MOM-adjusted
returns. The differences are the returns in the top 20th percentile minus the bottom 20th percentile, and the p-values
are from T-tests testing mean equal to zero.

Next, I formally test the relationship between product development and performance by running the
fund-level regressions from Equation (10). The regressions include fund-, family-, and industry-level
control variables, as well as the lagged alpha, estimated in the same way as the dependent variable in
each regression. As explained in the hypotheses derivation in Section 2, the objective is to test whether
product development makes the fund families more competitive in terms of performance. Relating the
hypothesis test to Equation (10), I interpret the regression coefficients of the product development

index variables, v, as follows:

e Product development does not affect fund performance: v = 0.
e Product development increases fund performance: v > 0.

e Product development reduces fund performance: +v < 0.

The initial hypothesis is that v > 0 for the product quality development index, i.e., that product quality
development increases the performance of family-affiliated funds. I also run regressions testing the
product base development index, as well the combined indices. Table 6 reports the regression results
for MPT benchmark-adjusted returns (Panel I), CAPM-adjusted returns (Panel II), FF3-adjusted
returns (Panel III), and FF3MOM-adjusted returns (Panel IV). The regressions testing each product
development index are first run with standard errors clustered along fund and next with standard
errors independently clustered along fund and time.

I find positive and statistically significant coefficients for the product quality development index

in the regressions with fund-level clustered standard errors. For all alpha estimates, the statistical

30This is in line with findings from previous studies showing that the active mutual fund industry struggles to add value
as a whole.
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significance drops when the standard errors are independently clustered along both fund and time,
but some of the product quality development coefficients still hold at the 5 and 10% level.”" In the
regressions testing product base development on fund performance, I find no evidence for this channel
affecting the performance of the funds. For the total product development index and net quality
development index, I find similar results as for the product quality development index, which shows
that these results are driven by the effect of the product quality development index. Table in
Appendix reports corresponding regressions with value added estimates as dependent variables.
Value added is is an estimate of how much value the fund extracts from the financial markets, measured
in USD ( ( )).”* I find that product quality development increases value
added in the funds, but that the statistical significance is lower compared to the tests of alpha estimates
in Table 6. Furthermore, I find the same difference in how the two channels affect the fund’s value
creation.

The average within-fund standard deviation of the product quality development index is 0.64. Thus,
a one standard deviation increase in the fund family product quality development index corresponds to
an increase of 0.13% (0.64 - 0.199%) in the annual MPT-adjusted returns, and of 0.07% (0.64 - 0.114%)
in the annual FF3-adjusted returns, which is the lowest estimated effect on alpha. These numbers do
not appear to be large, but compared to the corresponding within-fund average annual alpha estimates
of 0.16% and —0.65%, respectively, I argue that product development appears to have a relatively large
effect on the MPT-adjusted returns. Correspondingly, the contribution of product quality development
to value added estimates ranges from 0.47 (0.64-0.741) million USD for the MPT-adjusted value added
to 0.11 (0.64 - 0.171) million USD for the FF3MOM-adjusted value added. The within-family sample
averages are 1.25 and —0.85. Thus, the contribution of product quality development also accounts for
a fairly large share of the MPT benchmark-adjusted value added.

The results in this sections support the hypothesis that product quality development increases
performance. The effects on alpha production are fairly large compared to the sample mean. A
one standard deviation increase in the product quality development index accounts for around 80%
(0.13/0.16) of the unconditional sample average MPT benchmark-adjusted returns. The results for
value added estimates are consistent with the tests of alpha estimates. I also find differences in the
effects of product quality and product base development on the performance of the family-affiliated
funds. In sum, these results show that fund family efforts made to increase the quality of the funds have
a positive effect on value creation in the funds. They also show that fund family product development

strategies can affect the performance of the family’s funds.

5.2 H2b: family product development and market share

Next, I test the second sub-hypothesis within hypothesis 2. As explained in the hypothesis derivation
in Section , fund families can adopt different strategies for differentiating themselves from rival
families, based on the product development indices. The first is to make efforts to increase the overall
performance of their funds, while the second is to make efforts to increase market share and revenue.

In this section, I examine how the product development channels affect the market share of the fund

31This double cluster is more conservative, as it also corrects for the within-year correlation across funds (see, for example,
the discussion in ( ).
32Gee Appendix D for details on how value added is computed.
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Panel I: MPT benchmark-adjusted returns

Index Quality Base Total Net quality

Index;—;  0.199*** 0.199** 0.016 0.016 0.099*** 0.099** 0.083*** 0.083**
(0.031) (0.068) (0.028) (0.030) (0.020) (0.033) (0.021) (0.037)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 147,659 147,659 147,659 147,659 147,659 147,659 147,659 147,659

R? 0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.214

Adj. R? 0.101 0.101 0.100 0.100 0.100 0.100 0.100 0.100

Panel II: CAPM-adjusted returns

Index Quality Base Total Net quality

Index;—;  0.136™** 0.136 —0.024 —0.024 0.048* 0.048 0.075*** 0.075*
(0.037) (0.094) (0.033) (0.076) (0.025) (0.075) (0.025) (0.039)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851

R? 0.222 0.222 0.222 0.222 0.222 0.222 0.222 0.222

Adj. R? 0.109 0.109 0.109 0.109 0.109 0.109 0.109 0.109

Panel II1I: FF3-adjusted returns

Index Quality Base Total Net quality

Index,—;  0.114* 0.114* 0.036 0.036 0.071** 0.071 0.032 0.032
(0.033) (0.057) (0.030) (0.062) (0.022) (0.045) (0.022) (0.040)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851

R? 0.224 0.224 0.224 0.224 0.224 0.224 0.224 0.224

Adj. R? 0.112 0.112 0.112 0.112 0.112 0.112 0.112 0.112

Panel IV: FF3MOM-adjusted returns

Index Quality Base Total Net quality

Index,—;  0.134* 0.134* 0.030 0.030 0.077* 0.077 0.044* 0.044
(0.033) (0.074) (0.029) (0.062) (0.022) (0.049) (0.022) (0.046)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851

R? 0.220 0.220 0.220 0.220 0.220 0.220 0.220 0.220

Adj. R? 0.108 0.108 0.107 0.107 0.108 0.108 0.107 0.107

Table 6. Family product development and fund performance regressions

Regressions testing the effect of fund family product development indices on fund performance, on the form presented in
Equation (10). The product development indices are presented in Section 2. The dependent variable in the regressions in
Panel I is MPT-adjusted return, dependent variable in Panel II is CAPM-adjusted return, dependent variable in Panel
IIT is FF3-adjusted return, and dependent variable in Panel IV is FF3MOM-adjusted return. All regressions include
lagged controls at the fund-, family-, and industry-level, as well as lagged adjusted returns, adjusted in the same way as
the dependent variable. Control variables are described in Appendix . Cluster robust standard errors are reported
in the parentheses, with the level of cluster presented in the table. Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

families. Relating the hypothesis test to the regressions in Equation (10) and (11), the coefficients of

the product development indices, -, are interpreted as follows:

e Product development does not affect the market share of the fund family: v = 0.
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e Product development increases the market share of the fund family: ~ > 0.
e Product development reduces the market share of the fund family: v < 0.

I hypothesize that v > 0 for the product base development index, i.e., that product base development
increases the market share of the family. As in the previous section, I also run regressions testing the
other product development indices. The hypothesis test is split into two different regressions. The first
comprises fund-level regressions with net flow as the dependent variable, while the second comprises
family-level regressions with family market share as the dependent variable. While the tests of market
share test the hypothesis directly, the net flow regressions shows whether there are any spillover effects
from product development at the family-level.

First, I define the net flow variables used in the fund-level regressions. The monthly net flow of a
fund is defined as the increase in TNA in excess of the value increase in the underlying portfolio. For

fund 7 in month ¢, the net flow is computed as follows:
NF’i’t = TNAi,t — TNALt,l(l + Ri,t)- (13)

The annual net flow is computed as the sum of monthly net flows within the year, divided by the
assets under management in the fund at the end of the previous year. The regression results from the
fund-level regressions in Equation (10) with net flow as dependent variable are presented in Table
The results show that product development through the product base channel increases the net flows
to funds in the family. Development through the quality channel also has a positive, but statistically
insignificant coefficient. Total product development also increases net flows, and this effect is driven
by the effect of product base development. The results mean that a one standard deviation increase
in the product base development index increases the fund net flows by 0.73% (0.76 - 0.959%). The
unconditional average within-fund net flow is equal to 12.8%. Thus, the estimated effect is relatively
low compared to the sample mean. As mentioned in Section 3.2, net flows are winsorized at the bottom
and top 1% level of the distribution of the entire sample. However, with this level of winsorizing, there
are still some large outliers at the top of the distribution, which is also reflected by the high average
net flow in Table 1. As a robustness test to examine whether the extreme values drive the results, I
run corresponding regressions in Table in Appendix with net flows winsorized at the bottom
and top 3% and 5% level of the distribution. In these samples, the average within-fund net flows are
equal to 6.25% and 2.54%, respectively. With stricter winsorizing of net flows, I find that increasing
product quality development index also increases the net flows to family-affiliated funds. This might
be because product quality development increases performance, and that investors tend to chase past
performance. However, the results for product base development are stronger than for product quality
development in terms of both economic and statistical significance, which suggests that this channel is
a better source of increasing the net flows to the family’s funds.

Second, as main test of the market share hypothesis, I test how product development strategies
affect the market share of the family directly. The regressions are on the form explained in Equation
(11), with fund family market share as the dependent variable. The objective is to test whether product

development makes the fund families more competitive in terms of market power. The market share
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Net flow (%)

Index Quality Base Total Net quality

Index;_ 0.183 0.183 0.959*** 0.959** 0.601*** 0.601** —0.438* —0.438
(0.325) (0.396) (0.311) (0.426) (0.225) (0.264) (0.225) (0.318)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 148,932 148,932 148,932 148,932 148,932 148,932 148,932 148,932

R? 0.326 0.326 0.326 0.326 0.326 0.326 0.326 0.326

Adj. R? 0.229 0.229 0.229 0.229 0.229 0.229 0.229 0.229

Table 7. Family product development and fund net flow regressions

Regressions testing the effect of fund family product development indices on fund net flow, on the form presented in
Equation (10). The product development indices are presented in Section 2. The dependent variable is annual net flow
in percentage of TNA at the end of the previous year. All regressions include lagged controls at the fund-, family-, and
industry-level. Control variables are described in Appendix . Cluster robust standard errors are reported in the
parentheses, with the level of cluster presented in the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05,
*p<0.1.

of family f in country c at time t is the family’s TNA divided by the total industry TNA

TNAfc:

MStet = TN A,
C,

(14)
Since the variation in the dependent variable is expected to be low, i.e., the dependent variable is highly
persistent, I run the regressions both without and with control variables, where both specifications
include family and time fixed effects. The regression results are presented in Table 8. I find positive
and significant coefficients for the product base development index. When adding control variables,
the statistical significance decreases from being statistically significant at the 1% level to the 10% level.
As in the net flow regressions, I find positive coefficients of the product quality development index,
but they are not statistically significant. The coefficient for total product development is positive and
significant, driven by the product base development index. Furthermore, even when excluding control
variables, the R? is high, which confirms that the variation in the dependent variable is low and can to
a large extent be explained by family and time fixed effects, together with the product development
indices.

The tests of the market share hypothesis show that product development through the base channel
increases net flows to the funds in the family. The estimated effect is low compared to the average flow
in the sample, but it shows how product base development can be an effective strategy for increasing
the assets under management in a family. The increase in flows is also leads to an increase in the
market share of the family. Moreover, the results show weak evidence for product quality development
being a means of increasing the market share.

To test whether the estimated effects of the product development indices are in fact the result of
coordinated fund family product development, I run placebo tests on samples of pseudo-families. The
pseudo-families are constructed by matching funds based on domicile, fund style, and fund size. Thus,
each fund is matched to a fund from another family, where the fund is in the same domicile, have the
same style, and is from the same fund size decile. The matching is one-to-one, i.e., that each fund is
only matched to one other fund. In the case of multiple valid matches, the fund with most similar

TNA is used as match. I run two different matching procedures, where the difference is the definition
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Fund family market share
Index Quality Base Total Net quality

Index,—y  0.012  0.014  0.052**  0.031*  0.034™*  0.023*  —0.024* —0.011
(0.012)  (0.011)  (0.015)  (0.017)  (0.009)  (0.010)  (0.011)  (0.011)

Controls No Yes No Yes No Yes No Yes
FE Fund + Year

Cluster Family

Obs. 16,740 16,226 16,740 16,226 16,740 16,226 16,740 16,226
R? 0.935 0.947 0.935 0.947 0.935 0.947 0.935 0.947
Adj. R? 0.928 0.941 0.928 0.941 0.928 0.941 0.928 0.941

Table 8. Family product development and family market share regressions

Regressions testing the effect of fund family product development indices on fund family market share, on the form
presented in Equation (11). The product development indices are presented in Section 2. The dependent variable is fund
family market share, defined as the sum of TNA in the family’s active funds divided by the sum of TNA in active funds
in the industry. All regressions include lagged controls at the family- and industry-level. Control variables are described
in Appendix . Cluster robust standard errors are reported in the parentheses, with the level of cluster presented in
the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

of fund style. First, I define fund style as the Morningstar categories. However, since the Morningstar
categories are highly fractioned it might be more difficult to find valid matches. Therefore, I also run
the same matching procedure defining fund style using the Morningstar style-box.”” Through these
matching procedures, the pseudo-families has the same number of funds with the same style, and
similar family TNA as the original families.”” More details on the construction of the pseudo-families
are provided in Appendix

The regressions have the same specifications as the main regression tests of the second hypothesis.
Since the families in these samples are made up of funds from other families on a random basis, I do
not expect that the results hold in the placebo regressions. First, the results from placebo tests of how
product quality development affects fund performance are presented in Table D4. I do not find that
product quality development in pseudo-families has a statistically significant effect on performance.
Compared to the main results, the coefficient estimates are lower in magnitude. Moreover, standard
errors clustered by fund are around the same size, while the independent two-way clustered standard
errors are lower in most of the regressions. Thus, the reason why the results are not statistically
significant is the magnitude of the coeflicients. Next, the results from placebo tests of how product
base development affects family market share are presented in Table D5. I find no statistically significant
effect of product base development in pseudo-families on net flows or market share. Again, the standard
errors are around the same size as in the main results, while the magnitude of the coefficients is smaller.

In sum, my findings in this section show that product quality development makes the family more
competitive in terms of performance, and that product base development makes the family more
competitive in terms of revenue or market share. These findings support the hypotheses derived in
Section 2.3. The findings in the performance hypothesis shows that families can affect the performance

of their funds through product development strategies. The results in the market share hypothesis are

33The nine styles in the style-box include small-cap value, small-cap blend, small-cap growth, mid-cap value, mid-cap
blend, mid-cap growth, large-cap value, large-cap blend, and large-cap growth. See for more
information.

34 A 100% match of the family is not possible if I am unable to find valid matches for all of the funds in the family.
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consistent with the findings of ( ) and ( ), which
show that product differentiation is an effective strategy for acquiring market share. Furthermore,
product development through the product base channel is not in the favor of the investors, since I find
no effect on the performance of the funds. I find some evidence for product quality development being
a source of increasing net flows to family-affiliated funds in tests with stricter winsorizing of the net
flow variable, but product base development appears to be a better source for increasing the family
value. The positive relationship between product quality development and net flows might also be
a result of investors chasing past performance (see, e.g., ( ) and

( )). The opposite sign of the coefficient for net quality development index in the tests of the two

sub-hypotheses shows that these two channels affect performance and market share differently.
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6 Discussion and conclusion

Actively managed mutual funds manage trillions of dollars. Therefore, an efficient mutual fund industry
is important to ensure investor protection and financial stability. This paper examines whether compe-
tition can be a driver of industry efficiency. Despite evidence that fund fee and performance outcomes
are affected by competition, little evidence exists of how the incentives of market participants in the
mutual fund industry are affected by competition.”” The level of competition has also been a focus

for financial authorities in the last couple of years, and insufficient competition has been identified

as a source of inefficiency in the mutual fund industry (see ( ) and
(2020)).
( ) examine alpha-production incentives in light of competition, and find that

competition reduces fund managers’ willingness to search for alpha. In this paper, I build on this and
abstract from performance and fee outcomes as direct causes of competition. I define two channels
in which fund families can develop their products in order to stay competitive. The channels are the
quality of family-affiliated funds and expansions of the fund base. I focus on the fund families because
they are responsible for the strategic decisions relating to their funds and because the family structure
in the mutual fund industry can be a source of conflicts of interest ( ( ).

I highlight the following three results. First, when industry competition increases, fund families
respond by increasing product quality development rather than increasing product base development.
To account for potential endogeneity issues in the industry competition variables, I extend the tests
by running instrumental variable regressions with Bartik-type instruments ( ( ) and
( )). In the results, the magnitude of competition on product quality development increases,
and thereby confirming that an increase in industry competition is associated with an increase in
family product development. I find support for the hypothesis that fund families carry out product
development to stay competitive, and that this is done through the quality channel.

Second, fund family product quality development increases the performance of the family-affiliated
funds. Third, product base development increases the market share of the fund family. The last two
results imply that, when fund families face greater competitive pressure, they choose to increase the
quality and performance of their funds, and do not focus on increasing their market share. This is in
favor of the investors, and I argue that this is evidence that competition reduces conflicts of interest
in the mutual fund industry.

I find no evidence for a reduction in alpha production efforts when competition increases. However,
there are two key differences in my analysis compared to ( ). First, the quality
development index does not contain portfolio-level measures. Second, I focus on fund families as
opposed to individual funds. Thus, I argue that my results are not in direct contrast to their findings.
Moreover, ( ) find that fund families expand their fund base to increase their
market share. While I find that this is an efficient channel for increasing the market share, I do not

find that it is the primary response to competition.

35Gee, e.g., ( ), ( ), ( ),
( ), and ( ) for studies of fees and ( ), ( ),
( ), and ( ) for performance studies.

36The source of the conflicts of interest is that the mutual fund family’s objective is to maximize the total revenue from
its funds, while its investors seek to maximize their risk-adjusted returns.

31



The scope of this analysis comprises the quality and base channels of product development. The
input variables are motivated by the mutual fund literature and include variables that I argue describe
the two channels at the family-level. However, these variables do not provide a complete description of
all types of product development that take place within these two channels in fund families. Moreover,
more general product development, for example product development toward ESG-funds or techno-
logical development, is not captured by the product development indices. Together with the growth
in popularity of passive index funds, there has also been a major development toward this segment.
However, these variables are outside the scope of this paper, and I see this as a possible extension
to be addressed in future research. Furthermore, this study relies on industry competition variables
that are constructed using standard concentration measures. Another possible extension would be
to include additional competition variables, for example company-specific competition variables (see

( ) for an example of such a variable). In light of the results and the scope of my

analysis, I argue that competition leaves investors better off, and thus reduces conflicts of interest.
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Appendices

A Product development indices

A.1 Details on the construction of product development indices

Here, I provide a detailed example of how the product development indices are constructed for one
of the fund families in the sample. The data comes from Morningstar Direct. The data used in
the construction of the product quality development index are the Morningstar categories, MPT
benchmark-adjusted returns, and data on manager history. To construct the product base development
index, I use data on Morningstar categories, inception dates, obsolete dates, and information about
liquidation type to detect within-family mergers. I present the details on the raw data and how the
components of the indices are constructed for the Vanguard fund family in 2010. For variables defined
as the share of existing funds, I also need information on the number of actively managed funds at the

end of the previous year.”’ At the end of 2009, the Vanguard family had 31 actively managed funds.

Product quality development index

The input variables in the product quality development index are the funds’ tracking error, the family’s
annual manager turnover, within-family performance dispersion, and the family’s share of star funds
in a year. Tracking error is defined as the average standard deviation of the MPT benchmark-adjusted
returns. The tracking error decile rank is computed as the average decile rank of the funds in the
family. For the Vanguard family, the average tracking error is equal to 1.27%, while the average decile
rank in the funds is close to 4.”° Manager turnover is defined as the sum of manager changes within
the year, divided by the number of funds at the end of the previous year.”” For the Vanguard fund
family in 2010, this value is equal to 7/31.

The performance dispersion is defined as the standard deviation of annual benchmark-adjusted
returns across the funds in the family. For the Vanguard family in 2010, this value is equal to 6.40%.
The share of star funds is defined as the number of star funds divided by the total number of funds in
the family at the end of the previous year. Star funds are defined as funds in the top 5th percentile of
MPT benchmark-adjusted returns within a domicile-category. Vanguard had two star funds in 2010,
and the value is equal to 2/31.

With the raw family data in hand, I calculate decile ranks for the input variables relative to other
families in the entire cross-section (i.e., in the given year). The decile ranks for the product quality

development input variables for the Vanguard family in 2010 are as follows:
e Tracking error: 4th decile
e Manager changes: 5th decile
e Performance dispersion: 4th decile

e Star fund: 8th decile

3TEnd of year data from Morningstar at the 31st December.
38 As this is the average decile rank across funds, this decile rank is not necessarily exactly equal to an integer.
39For this variable, I divide by the number of funds with data in the field Manager History.
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The index is defined as the equal-weighted average of the input variable ranks. Thus, the product

quality development index for Vanguard family in 2010 is equal to

1
L (A+5+4+8) =525 (15)

Product base development index

The input variables in the product base development index include fund starts, fund liquidations,
within-family mergers, category starts, and category liquidations. The fund start and liquidation
variables do not include funds started in new categories or funds liquidated such that the category is
liquidated. They are captured by the category starts and category liquidations variables. The index
is defined with respect to fund base expansions, i.e., fund liquidations, category liquidations, and
mergers contribute negatively toward the index since these variables do not expand the fund base for
the investors.

Starting with funds started in existing categories and funds started in new categories, the Vanguard
family started zero new funds in existing categories and one fund in a new category in 2010. As regards
mergers, the family carried out zero within-family mergers in 2010. For funds and categories liquidated
in 2010, zero funds were liquidated and one fund category was liquidated. All input variables in the
product base development index are computed as a share of the number of funds in the family at the
end of the previous year.

Like the product quality development index, I calculate decile ranks for the family relative to other
families in the entire cross-section within the year. Below are the decile ranks for the product base

development input variables for the Vanguard family in 2010:

e Fund starts: Oth decile

Fund liquidations: 10th decile

Within-family mergers: 10th decile

Category starts: 1st decile

Category liquidations: 9th decile

And the product base development index is equal to

1
£ (0+10410+1+9) =600 (16)

Next, to complete the construction of the product development indices, both of the indices are stan-
dardized annually across all funds in the cross-section in each year, with a mean of zero and a standard

deviation of one.
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A.2 Summary statistics product development indices

This part of the Appendix presents summary statistics for the product development indices. First, I
present the distributions of deviations from within-family means, and next the time series of average

deviations from within-family means.

Distribution of product development indices

Figure Al presents the distributions of the product development indices demeaned family-by-family,
i.e., the variations used in the family-fixed effects regressions in Table 3 and 4. The dependent variables
exhibits sufficient variation for meaningful within-family analysis. The distribution of the product
quality development is dispersed around zero, on both sides. The distribution of the product base
development is skewed toward values below zero. This index will be lower for fund families with no
or few fund base expansions during a year. Therefore, if the index is high in some of the years in the
sample period, most of the remaining years will be below the average, i.e., a negative difference from
the mean. Moreover, the distribution of the total product development and the net product quality

development are dispersed around zero.
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Figure Al. Product development indices distribution

Distribution of product development indices. The indices are explained in Section 2.2. All distributions are deviations
from the within-family means. Panel I presents the distribution of the product quality development index, Panel II of
the product base development index, Panel III of the total product development index, and Panel IV of the net product

quality development index.
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Time series of product development indices

The product development indices explained in Section are normalized with zero mean each year,
which implies that they abstract from time series variation. Therefore, Figure presents the time
series of the average deviations from the within-family means. The plot in Panel I is equal-weighted
(EW), and the plot in Panel II is value-weighted (VW). Both plots are from 2006 through 2019.

The equal-weighted plot in Panel I shows that there is more product base development in the
beginning of the sample period, and that there is relatively more product quality development in the
end of the sample period. In the value-weighted plot in Panel II, the development in the two channels
are more similar, with more variation from year to year. The difference in the two panels shows that

the size of the families matters for how they conduct product development.
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Figure A2. Product development indices time series

Development in the product quality and base development indices from 2006 through 2019. The indices are explained in
Section 2.2. Both panels plot mean deviations from within-family means, where the families in Panel I are equal-weighted
(EW) and the families in Panel IT are value-weighted (VW).

40



B Description of the data

This appendix presents the steps from downloading the raw data to constructing the final sample.
First, the initial base sample is presented. Next, I present details of the construction of the fund and

fund family sample. Finally, the control variables from the regressions are presented.

B.1 Sample selection

The raw sample is constructed using lists from Morningstar based on domiciles. For each domicile, I
construct lists consisting of funds categorized as “Open-End Fund” long-only equity funds by Morn-
ingstar Direct, including non-survivors from January 2005 through December 2019.”" The sample
includes off-shore funds, typically domiciled in countries such as Ireland, Liechtenstein, and Luxem-
bourg. Countries of domicile are often used to place funds within a country in international mutual
fund studies (see, e.g., ( ) and ( )). When splitting the data by domicile,
families might have funds located in multiple legal domiciles. Therefore, the same fund family can be
present in the data with different domiciles since the families are defined as domicile-family pairs.
The sample is constructed with the aim of including as much of the global sample of actively
managed mutual funds as possible. Since the scope of the study comprises funds in which efforts are
made in relation to running the funds, funds without a managed portfolio and funds replicating an
index are filtered out of the sample. For this, I use the fields: Fund of Funds, Index Fund, and Enhanced
Index Fund.”' These three fields take the values Yes or No, and I filter such that all funds have the
value No. Next, domiciles with less than 50 actively managed funds in the Morningstar database are
excluded.”” After exclusions, I end up with an initial sample of 40, 788 actively managed funds from
5,258 fund families. A summary of the initial sample, with the number of funds and fund families
in each domicile, is presented in Table B1. The table shows that there are large variations between
the different domiciles, measured by the number of families and funds. The US has most families
and funds, but Luxembourg also has a relatively high number of funds and families. The smallest

industries, measured by the number of families, are Portugal and Chile.

4OThe universe of funds is defined as open-ended funds in Morningstar Direct. The equity funds are categorized by the
field Global Broad Category equal to equity.

“These funds are more homogeneous products, where the potential to differentiate in terms of fund characteristics is
limited. Funds of funds are funds limited to investing in other funds, while the index funds’ main objective is to track
the return of an index.

42This is done to impose a lower limit on the competitive pressure.
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Domicile Number of Number of

fund families funds
Australia 278 1,767
Austria 24 335
Belgium 44 345
Brazil 357 1,178
Canada 195 2,215
Cayman Islands 158 294
Chile 23 251
China 86 428
Denmark 73 436
Finland 38 354
France 409 2,927
Germany 65 712
Hong Kong o6 192
India 54 462
Indonesia 64 187
Ireland 462 2,154
Israel 25 353
Italy 56 344
Japan 75 3,471
Jersey 27 107
Liechtenstein 25 347
Luxembourg 755 6,612
Malaysia 41 459
Mexico 26 124
Netherlands 70 299
New Zealand 38 199
Norway 32 197
Poland 27 130
Portugal 18 71
Saudi Arabia 35 173
Singapore 32 230
South Africa 47 476
South Korea 53 1,955
Spain 106 632
Sweden 88 497
Switzerland 68 563
Taiwan 45 529
Thailand 26 959
United Kingdom 276 1,913
United States 881 5,911
Sum 5,258 40,788

Table B1. Fund sample
Summary of all domiciles included in the sample, presenting the total number of fund families and funds. The number of
funds and fund families is the number after the initial cleaning of the sample, as explained in Appendix
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B.2 Fund, family, and industry data

In this section, I explain how the final sample of funds, fund families, and industries are constructed
using the initial sample explained in the previous section. Most funds in the sample are structured
with multiple share classes. For each share class, I download the following time series variables:
gross returns, net returns, net assets, and fund size aggregated over share classes, all with monthly
frequency. All of the time series variables are converted into USD in Morningstar Direct. Moreover, 1
download cross-sectional fund information from the same source. The cross-sectional fund information
contains information about the funds’ domicile, fund company, Morningstar category, Morningstar
style, inception and obsolete date, obsolete type, manager history, as well as other useful information
about the funds. I compute expense ratios using gross and net returns following the definition from
Morningstar.”” As reported by ( ), I often observe that net assets are
reported quarterly or are missing for a specific month. In this case, I roll the assets under the assumption
of zero net flows. I download CPI-data from the data library of the World Bank, and CPI-adjust all
variables denoted in USD to the dollar-level as of December 2019.

To obtain the fund-level data from the share class-level data, I aggregate the time series data over
share classes. I use the fields Sec ID and Fund ID, where Sec ID is individual for each share class, while
Fund ID is the unique portfolio ID and is identical for all share classes belonging to the same main
fund.”” I make use of the field Oldest Share Class from Morningstar to retrieve the main share class of
each fund. The funds are categorized using the field Morningstar Category from Morningstar Direct.
The benchmark returns used to compute the benchmark-adjusted returns are the MPT Benchmark
from Morningstar. This is the primary benchmark assigned to investments based on their Morningstar
category, and it is used to calculate Modern Portfolio Theory statistics.”” In addition, I download
regional factor returns from Ken French’s website.”" The funds are manually assigned to a region
based on the Morningstar Category. Factor coeflicients are obtained by running factor regressions for
each fund on the whole sample period of monthly observations. In the next step, I use these factor
coefficients together with the factor returns to risk-adjust the fund returns.

The initial data is downloaded with monthly frequency and annualized to obtain fund-year level
data. Static variables are collected at year-end. Annual returns are computed as the cumulative
monthly returns within the year. Funds with incomplete return data, i.e., less than 12 months of data
within the year, are not given an annual return in these years to avoid bias in the data from incomplete
fund-year observations.”® Next, after annualizing the fund data, I construct the main sample of the
paper, with annual fund family observations. Then, I aggregate the fund-level data to family-level
data, using the fields Domicile and Firm Name ID."” Finally, to construct the annual industry-level
data, I use the field Domicile in the fund-year and family-year samples. The next section presents the

fund-, family-, and industry-level control variables.

43Definition available at:

4Data available at: .

45These funds have the same portfolios, but differ in their fee structure.

46Information about the MPT benchmarks is available at:

4"Data available at: .

481 use the fields Inception Date and Obsolete Date to filter out funds that has been alive for less than 12 months within
a year.

49The mutual fund firms are categorized by the fields Firm Name and Firm Name ID. These firms are what I refer to as
fund families throughout the paper.
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B.3 Control variables

This section explains the control variables at different levels of observations. Dependent variables are

explained in the main text.

Fund variables

Expense ratio - Annual expense ratio.

Log total net assets - The natural logarithm of total net assets in the fund (in million USD) CPI-adjusted
to the dollar-level in December 2019.

Net flow - Annual sum of monthly net flows as a percentage of total net assets at the end of the previous

year.

Log fund age - The natural logarithm of years since the fund inception date.

Family variables

Log family total net assets - The natural logarithm of total net assets in the family of active funds (in
million USD) CPI-adjusted to the dollar-level in December 2019.

Log family age - The natural logarithm of years since the inception date of the family’s first fund.

Log number of funds in the family - The natural logarithm of the number of funds in the family.

Industry variables

Log industry size - The natural logarithm of the sum of total net assets in the industry of open-end

equity mutual funds (in million USD) CPI-adjusted to the dollar-level in December 2019.

Log GDP per capita - The natural logarithm of gross domestic product per capita in US dollars. GDP
per capita is downloaded from the data library of the World Bank, and is available at:
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C Competition and product development: additional results

This appendix contains additional results from the tests of the first hypothesis.

C.1 First-difference regressions

I run two types of first-difference regressions. The dependent variables in these regressions are the
change in the product development indices from time ¢ — 1 to ¢t (AIndex). The main test variables
in the regressions are the change in Comp™H! and Comp™H! from time t — 2 to t — 1, defined by
ACompHH! and ACompNHH!. The other control variables are also defined by the difference from

t—2tot—1.

Aggregated cross-country tests

First, the regressions are run on a sample aggregated by industry. The dependent variables are the
average first-difference from ¢ — 1 to ¢ in the product development indices. The regressions are OLS

regressions described by the specification
Alndexcs = a +yACompe—1 + b1+ F1AXc -1 + €ce (17)

where the regressions are run both with and without control variables. The regression results are

presented in Table

Panel I: Industry competition

AProduct quality AProduct base AProduct ANet product quality
Dep. var. development development development development
AComplHI 0.861**  1.104™*  —1.165"*  —1.082**  —0.304  0.021  2.026***  2.186***

(0.386) (0.410) (0.431) (0.353) (0.534)  (0.480) (0.620) (0.595)
Controls No Yes No Yes No Yes No Yes
Obs 467 440 467 440 467 440 467 440
R? 0.015 0.030 0.026 0.021 0.001 0.004 0.041 0.049
Adj. R? 0.013 0.023 0.024 0.014 —0.001  —0.003 0.039 0.042

Panel II: Normalized industry competition

AProduct quality AProduct base AProduct ANet product quality
Dep. var. development development development development
ACompNHHT —0.841*  1.081***  —1.106"*  —1.025"*  —0.265  0.056  1.947**  2.106***

(0.365) (0.388) (0.412) (0.335) (0.502)  (0.446) (0.595) (0.571)
Controls No Yes No Yes No Yes No Yes
Obs. 467 440 467 440 467 440 467 440
R? 0.015 0.031 0.025 0.020 0.001 0.004 0.041 0.049
Adj. R? 0.013 0.024 0.023 0.014 —0.001  —0.003 0.039 0.042

Table C1. Family product development and competition first-difference regressions ag-
gregated by industry

Aggregated country-level first-difference regressions testing the effect of competition on fund family product development
indices, on the form presented in Equation (17). The product development indices are presented in Section 2. Panel
I tests industry competition based on HHI, and Panel II tests normalized industry competition based on NHHI, both
explained in Section 2.1. Regressions with control variables include lagged controls at the industry-level. Control variables
are described in Appendix . Robust standard errors are reported in the parentheses. Asterisks denote statistical
significance: ***p<0.01, **p<0.05, *p<0.1.
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Family-level tests

Second, the first-difference regressions are run on the family-level sample. These first-difference
regressions correspond to the panel regressions in Section 4. The regressions are OLS regressions in

the following form:
Alndex s = a+yACompe -1+ B1AX 11+ B2 AXc i1+ €14 (18)

The results are presented in Table

Panel I: Industry competition
AProduct quality AProduct base AProduct ANet product quality
Dep. var. development development development development

ACompHH! 0.951%*  1.491**  —1.020**  —0.963**  —0.069  0.528  1.971**  2.454***
(0.315)  (0.403) (0.350) (0.477) (0.431)  (0.609)  (0.508) (0.640)

Controls No Yes No Yes No Yes No Yes
Obs. 15,642 15,012 15,642 15,012 15,642 15,012 15,642 15,012
R? 0.0004 0.001 0.0004 0.061 0.00000 0.035 0.001 0.033
Adj. R? 0.0004 0.001 0.0004 0.061 —0.0001 0.034 0.001 0.033
Panel II: Normalized industry competition
AProduct quality AProduct base AProduct ANet product quality
Dep. var. development development development development

ACompMHL 0,894 1.399**  —0.959***  —0.966**  —0.065  0.433  1.853***  2.365"**
(0.302)  (0.388) (0.336) (0.458) (0.412)  (0.584)  (0.488) (0.615)

Controls No Yes No Yes No Yes No Yes

Obs. 15,642 15,012 15,642 15,012 15,642 15,012 15,642 15,012
R? 0.0004 0.001 0.0004 0.061 0.00000 0.035 0.001 0.033
Adj. R? 0.0004 0.001 0.0003 0.061 —0.0001 0.034 0.001 0.033

Table C2. Family product development and competition first-difference regressions
Family-level first-difference regressions testing the effect of competition on fund family product development indices,
on the form presented in Equation (18). The product development indices are presented in Section 2. Panel I tests
industry competition based on HHI, and Panel II tests normalized industry competition based on NHHI, both explained
in Section . Regressions with control variables include lagged controls at the family- and industry-level. Control
variables are described in Appendix . Robust standard errors are reported in the parentheses. Asterisks denote
statistical significance: ***p<0.01, **p<0.05, *p<0.1.
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C.2 Sample ex-US

As described in the main text, I run the tests of product development and competition on a sample

excluding the US active fund industry. The regressions are presented in Table

Panel I: Industry competition

Product quality Product base Product Net product quality

Dep. var. development development development development
CompfHT 0.589** 0.589* —0.850"* —0.850"* —0.261 —0.261 1.438*** 1.438*

(0.273) (0.274) (0.402) (0.363) (0.457) (0.356) (0.512) (0.536)
Controls Family and Domicile
FE Family + Year
Cluster Family  Family + Year Family Family + Year  Family  Family + Year Family Family + Year
Obs. 13,416 13,416 13,416 13,416 13,416 13,416 13,416 13,416
R? 0.374 0.374 0.274 0.274 0.318 0.318 0.328 0.328
Adj. R? 0.292 0.292 0.180 0.180 0.229 0.229 0.240 0.240

Panel II: Normalized industry competition
Product quality Product base Product Net product quality

Dep. var. development development development development
CompNHHT — 0.609** 0.609* —0.751* —0.751* —0.142 —0.142 1.360*** 1.360**

(0.261) (0.253) (0.389) (0.350) (0.442) (0.341) (0.494) (0.507)
Controls Family and Domicile
FE Family + Year
Cluster Family = Family + Year Family Family + Year  Family  Family + Year Family Family + Year
Obs. 13,416 13,416 13,416 13,416 13,416 13,416 13,416 13,416
R? 0.374 0.374 0.274 0.274 0.318 0.318 0.328 0.328
Adj. R? 0.292 0.292 0.180 0.180 0.229 0.229 0.240 0.240

Table C3. Family product development and competition regressions ex-US

Regressions testing the effect of competition on fund family product development indices, on the form presented in
Equation (9), on a sample excluding the US. The product development indices are presented in Section 2. Panel I tests
industry competition based on HHI, and Panel II tests normalized industry competition based on NHHI, both explained
in Section 2.1. All regressions include lagged controls at the family- and industry-level. Control variables are described
in Appendix . Cluster robust standard errors are reported in the parentheses, with the level of clusters reported in
the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.
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C.3 Bartik instrument details

This part of the appendix explains how the Bartik instruments for the industry competition variables
are constructed. The Bartik instrument of variable y is constructed used the starting point of y at
time ¢ = 0 in country ¢ and the external growth of y. The starting point of the industry concentration
variables are December 2005. To construct the instrument using the US growth rate, I compute for
each country and each year

yﬂ/ = Yet=2005 - G5 (19)

where y.¢—2005 is the industry concentration in country c in December 2005, i.e., the first year of the
data, and gV represents the US growth rate in industry concentration between period t = 0 and
t. For global growth, I construct the instrument in the same way, but here the growth rate is the
value-weighted global growth rate.

YLy = Ye=2005 - gglobal (20)

The instrumented variables are the industry concentration variables Herfindahl-Hirschman index (HHI)
and the normalized Herfindahl-Hirschman index (NHHI). To construct the industry competition

variables, I subtract the industry concentration variables from 1, as explained in Section
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D Product development outcomes: additional results

This appendix contains additional results from the tests of the second hypothesis of product development

outcomes.

D.1 Value added

First, I explain how the annual value added variable is constructed. The monthly value added is
computed by
VAt = OétTNAt_l (21)

where TN A;_1 is the total net assets at the fund in end of the previous month. I compute the value
added using the four different alpha estimates that I run in the main regression in Table 6. Annual
value added is computed as the sum of monthly value added within a year. The regression results from

using value added estimates as dependent variables are presented in Table
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Panel I: MPT benchmark adjusted value added

Product quality Product base Product Net product quality
Index development development development development
Index;—y  0.741%** 0.741 0.131 0.131 0.408*** 0.408 0.270** 0.270
(0.174) (0.423) (0.161) (0.172) (0.118) (0.233) (0.118) (0.208)
Controls Fund + Family 4+ Domicile
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 147,659 147,659 147,659 147,659 147,659 147,659 147,659 147,659
R? 0.163 0.163 0.162 0.162 0.163 0.163 0.162 0.162
Adj. R? 0.041 0.041 0.041 0.041 0.041 0.041 0.041 0.041
Panel II: CAPM adjusted value added
Product quality Product base Product Net product quality
Index development development development development
Index;—1 0.202 0.202 0.035 0.035 0.110 0.110 0.073 0.073
(0.197) (0.580) (0.179) (0.252) (0.134) (0.339) (0.130) (0.242)
Controls Fund + Family + Domicile
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851
R? 0.163 0.163 0.163 0.163 0.163 0.163 0.163 0.163
Adj. R? 0.042 0.042 0.042 0.042 0.042 0.042 0.042 0.042
Panel III: FF3 adjusted value added
Product quality Product base Product Net product quality
Index development development development development
Indexs— 0.188 0.188 —0.132 —0.132 0.013 0.013 0.158 0.158
(0.172) (0.372) (0.154) (0.255) (0.117) (0.236) (0.113) (0.195)
Controls Fund + Family + Domicile
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851
R? 0.153 0.153 0.153 0.153 0.153 0.153 0.153 0.153
Adj. R? 0.031 0.031 0.031 0.031 0.031 0.031 0.031 0.031
Panel IV: FF3MOM adjusted value added
Product quality Product base Product Net product quality
Index development development development development
Indexi— 0.171 0.171 —0.134 —0.134 0.004 0.004 0.151 0.151
(0.171) (0.459) (0.152) (0.233) (0.115) (0.271) (0.111) (0.209)
Controls Fund + Family + Domicile
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 136,851 136,851 136,851 136,851 136,851 136,851 136,851 136,851
R? 0.156 0.156 0.156 0.156 0.156 0.156 0.156 0.156
Adj. R? 0.034 0.034 0.034 0.034 0.034 0.034 0.034 0.034

Table D1. Family product development and fund value added regressions
Regressions testing the effect of fund family product development indices on fund value added, on the form presented in
Equation (10). The product development indices are presented in Section 2. The dependent variables in the regressions in
Panel I is MPT-adjusted value added, dependent variable in Panel II is CAPM-adjusted value added, dependent variable
in Panel III is FF3-adjusted value added, and dependent variable in Panel IV is FF3MOM-adjusted value added. All
regressions include lagged controls at the fund-, family-, and industry-level. Control variables are described in Appendix
. Cluster robust standard errors are reported in the parentheses, with the level of cluster presented in the table.
Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.
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D.2 Net flow regressions

The summary statistics in Table 1 show that there are some outliers at the top of the distribution
in fund net flows. As a robustness test to examine whether the extreme values in net flows drive the
results, I run the same regressions as in Table D2, with net flows winsorized at the bottom and top

3% and 5% level of the distribution within the whole sample. The regression results are presented in
Table

Panel I: Net flow (%) winsorized at 3%

Product quality Product base Product Net product quality

Index development development development development
Indexs— 0.333* 0.333 0.433*** 0.433 0.385"** 0.385** —0.082 —0.082

(0.172) (0.225) (0.163) (0.243) (0.118) (0.147) (0.119) (0.184)
Controls Fund + Family + Industry
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 148,932 148,932 148,932 148,932 148,932 148,932 148,932 148,932
R? 0.356 0.356 0.356 0.356 0.356 0.356 0.356 0.356
Adj. R? 0.263 0.263 0.263 0.263 0.263 0.263 0.263 0.263

Panel II: Net flow (%) winsorized at 5%
Product quality Product base Product Net product quality

Index development development development development
Index;—;  0.317* 0.317 0.317** 0.317* 0.315%** 0.315** —0.027 —0.027

(0.132) (0.178) (0.125) (0.171) (0.090) (0.107) (0.091) (0.138)
Controls Fund + Family + Industry
FE Fund + Year
Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year
Obs. 148,932 148,932 148,932 148,932 148,932 148,932 148,932 148,932
R? 0.364 0.364 0.364 0.364 0.364 0.364 0.364 0.364
Adj. R? 0.272 0.272 0.273 0.273 0.273 0.273 0.272 0.272

Table D2. Family product development and net flow robustness regressions

Regressions testing the effect of fund family product development indices on fund net flow, on the form presented in
Equation (10). The product development indices are presented in Section 2. The dependent variable is net flow in
percentage of TNA, where net flows are winsorized at the top and bottom 3% level in Panel I and at the top and bottom
5% level in Panel I1. All regressions include lagged controls at the fund-, family-, and industry-level. Control variables
are described in Appendix . Cluster robust standard errors are reported in the parentheses, with the level of cluster
presented in the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.
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D.3 Placebo tests of hypothesis 2

This part of the appendix presents details on the construction of the pseudo-families and the placebo

tests of the second hypothesis.

Construction of pseudo-families

First, I explain how the pseudo-families are constructed. Each fund in a family is matched to a fund
from another family based on domicile, fund style, and the decile rank of fund size within the domicile.
The fund size decile ranks are formed each year, within each domicile. The matching is one-to-one,
i.e., a fund is only matched to one other fund from another family, to avoid bias in the pseudo-families
from funds being a part of multiple families. In this matching procedure, the pseudo-families consists
of funds from the same domicile as the original families, similar number of funds, similar composition
of funds based on fund styles, and the families are roughly the same size. I run two different matching
procedures, where the difference is the definition of fund style. First, I define fund style as the
Morningstar categories. Then, the funds are matched to another fund from the same domicile, with the
same Morningstar category, and from the same size decile. Since the Morningstar categories are highly
fractioned, it might be more difficult to find valid matches. Therefore, I also run the same matching
procedure using fund style defined by the Morningstar style-box.”” In this matching procedure, the
funds are matched to another fund from the same domicile, with the same Morningstar style, and from
the same size decile.

Table presents summary statistics for the pseudo-families from the two matching procedures,
and comparison with the original families. I am able to match around 70% of the sample in both
of the matching procedures, measured in TNA. The reason why it is not a 100% match is that the
matching is one-to-one and requires that funds are in the same Morningstar category or style within
the domiciles, as well as being in the same fund size decile. In the case of multiple valid matches, the
fund with most similar TNA is used as match. However, for the funds that are matched, the families

consist of similar funds in terms of size and style composition.

Families Original Matched on category Matched on style
Matched Share Matched Share
Family TNA (million USD) 6,240 4,298 0.69 4,396 0.70
Number of categories/styles 6.89 4.79 0.69 5.14 0.75
Number of funds 11.66 7.48 0.64 7.63 0.65

Table D3. Family characteristics in matched pseudo-families

Characteristics of original families and psuedo-families. The pseudo-families are matched with two different matching
procedures, both based on domicile and TNA segments, with difference in how fund style is defined. First it is defined as
Morningstar categories, and next as Morningstar styles from the style-box.

If the results in the main tests of the second hypothesis are driven by the family composition, number
of funds, or family size, the results will also hold in the placebo tests. If the results are in fact driven by
coordinated fund family product development, the results in the placebo tests should not be statistically

significant. In the next two sections, I run the tests of the second hypothesis on the two samples of

50The nine styles in the style-box include small-cap value, small-cap blend, small-cap growth, mid-cap value, mid-cap
blend, mid-cap growth, large-cap value, large-cap blend, and large-cap growth. See for more
information.
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pseudo-families, matched according to the abovementioned matching procedures. The performance
placebo regressions are testing the product quality development index, and the market share placebo

regressions are testing the product base development index.

Performance and product quality development placebo tests

Here, I present the placebo tests of product quality development on the performance of family-affiliated
funds. The pseudo-families are constructed based on the methodology explained above. Table
presents the placebo tests, with families matched on Morningstar categories in Panel I, and families

matched on Morningstar styles in Panel II.

Panel I: Matched based on Morningstar category
Dependent variable MPT adjusted returns CAPM adjusted returns FF3 adjusted returns FF3MOM adjusted returns

Quality;_1 0.045 0.045 —0.036 —0.036 —0.062 —0.062 —0.060 —0.060
(0.041) (0.048) (0.048) (0.063) (0.043) (0.058) (0.043) (0.064)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 80,541 80,541 76,578 76,578 76,578 76,578 76,578 76,578

R? 0.253 0.253 0.262 0.262 0.259 0.259 0.255 0.255

Adj. R? 0.075 0.075 0.087 0.087 0.084 0.084 0.078 0.078

Panel II: Matched based on Morningstar style
Dependent variable MPT adjusted returns CAPM adjusted returns FF3 adjusted returns FF3MOM adjusted returns

Quality;—q 0.052 0.052 0.014 0.014 —0.047 —0.047 —0.024 —0.024
(0.039) (0.055) (0.045) (0.053) (0.041) (0.058) (0.040) (0.063)

Controls Fund + Family + Industry

FE Fund + Year

Cluster Fund Fund + Year Fund Fund + Year Fund Fund + Year Fund Fund + Year

Obs. 85,599 85,599 79,986 79,986 79,986 79,086 79,986 79,086

R? 0.243 0.243 0.258 0.258 0.253 0.253 0.248 0.248

Adj. R? 0.067 0.067 0.076 0.076 0.070 0.070 0.063 0.063

Table D4. Family product quality development and performance placebo regressions
Regressions testing the effect of pseudo-family product quality development on fund performance, on the form presented
in Equation (10). The construction of pseudo-families are described in Appendix . The product quality development
index is presented in Section 2. The regressions in Panel I are run on a sample of pseudo-families matched based on
domicile, Morningstar category, and fund size. The regressions in Panel II are run on a sample of pseudo-families matched
based on domicile, Morningstar style-box, and fund size. Dependent variables are denoted in the table. All regressions
include lagged controls at the fund-, family-, and industry-level, as well as lagged adjusted returns, adjusted in the same
way as the dependent variable. Control variables are described in Appendix . Cluster robust standard errors are
reported in the parentheses, with the level of cluster presented in the table. Asterisks denote statistical significance:
**p<0.01, **p<0.05, *p<0.1.
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Market share and product base development placebo tests

Here, I present the placebo tests of product base development on the market share of the family. The
pseudo-families are constructed based on the methodology explained above. Table presents the
placebo tests, with families matched on Morningstar categories in Panel I, and families matched on

Morningstar styles in Panel II.

Panel I: Matched based on Morningstar category

Dependent variable Fund net flow (%) Pseudo-family market share (%)
Base;—; —0.005 —0.005 —0.004 —0.023
(0.412) (0.520) (0.013) (0.014)
Controls Fund + Family 4 Industry No Family + Industry
FE Fund + Year Family + Year
Cluster Fund Fund + Year Family Family + Year
Obs. 80,851 80,851 13,890 13,517
R? 0.412 0.412 0.839 0.845
Adj. R? 0.272 0.272 0.817 0.824
Panel II: Matched based on Morningstar style
Dependent variable Fund net flow (%) Pseudo-family market share (%)
Basey_q 0.189 0.189 —0.001 —0.009
(0.376) (0.338) (0.012) (0.012)
Controls Fund + Family 4 Industry No Family + Industry
FE Fund + Year Family + Year
Cluster Fund Fund + Year Family Family + Year
Obs. 85,856 85,856 14,142 13,732
R? 0.408 0.408 0.855 0.861
Adj. R? 0.272 0.272 0.836 0.842

Table D5. Family product base development and market share placebo regressions
Placebo regressions testing the effect of pseudo-family product base development on fund net flow and family market
share, on the form presented in Equation (10) and (11). The construction of pseudo-families are described in Appendix

. The product base development index is presented in Section 2. The regressions in Panel I are run on a sample of
pseudo-families matched based on domicile, Morningstar category, and fund size. The regressions in Panel II are run on
a sample of pseudo-families matched based on domicile, Morningstar style-box, and fund size. Dependent variables are
denoted in the table. The fund-level net flow regressions include lagged controls at the fund-, family-, and industry-level.
The family-level market share regressions include lagged controls at the family- and industry-level. Control variables
are described in Appendix . Cluster robust standard errors are reported in the parentheses, with the level of cluster
presented in the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.
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Abstract

Closet indexers are low-activity mutual funds sold and marketed as active. Their investors are thus
only partially receiving the service they pay for. Therefore, regulation is considered by supervisory
authorities worldwide. We examine the impact of policy scrutiny by comparing scrutinized closet
index funds in Scandinavia with similar unaffected European funds. We find that funds under
scrutiny choose to increase activity over reducing fees and updating their investor information to
reflect realized strategy. Despite investors getting a more actively managed fund, our findings

suggest that value creation decreases. Regulation thus results in the worst of all worlds.
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1 Introduction

Actively managed mutual funds sell the potential to beat their benchmark (usually a market index).
Investors who choose this type of fund are typically looking for an opportunity to outperform the
market. They pay a premium over index funds for the service of dedicated fund managers who try to
beat the market.” The fund managers’ effort may justify this extra cost if it creates an opportunity to
make excess returns by deviating from the fund’s benchmark. However, several papers have identified
funds with relatively high fees, which, at the same time, have a low degree of active management (see
e (2009), (2013), or (2016)).
Thus, investors pay for an active portfolio management service without receiving it. These funds are
labeled "closet indexers".

It is not only in the academic world that one has addressed the problem of closet index funds; it is also
relevant for financial supervisory authorities around the world.” The Scandinavian countries were early
to put pressure on potential closet indexers.” The supervisory authorities held extensive investigations.
The recommendations directed at closet indexers were either to update investor information and reduce
the fee or increase the fund’s activity. This paper examines the impact of policy scrutiny by comparing
Scandinavian closet index funds under scrutiny with unaffected European closet index funds.

We hypothesize that funds under scrutiny will choose to increase activity and maintain their fees.
Cutting fees is expensive, but increasing activity is comparably cheap. Rephrased, the funds "force"
themselves to increase activity. Furthermore, we investigate the consequences of increased activity
for investors. One constraint discussed prominently in the active management literature is decreasing
returns to scale, i.e., that the quality of marginal investment opportunities declines as active assets
under management (AUM) increases. Under no anti-closet-indexing constraint, managers will choose
a (subjective) threshold alpha and closet-index assets when opportunities fall below that point. Gross
investor returns are maximized when that threshold alpha is zero ( , ). However,
managers might use different threshold alphas. If they are risk or effort averse, they will choose a
positive threshold alpha. If they are overconfident, risk-seeking (e.g., due to convex incentives), or
desire to signal skill via activity, they will choose a negative one.

Using regulation to induce additional active management can benefit investors if the threshold is
positive but not if it is negative. Our empirical work speaks to this by analyzing the effect on investor
returns of inducing additional active management. If managers have already exploited their good
investment ideas, then more activity will lead to lower excess returns. Conversely, a positive threshold
alpha implies that investors will benefit from an increased activity level.

Before we report our findings, we begin with the story of closet indexing in Scandinavia, placing
a particular focus on the first closet index fund in the world that was convicted and forced to repay

its investors.” Closet indexing has been a concern in all Scandinavian countries. The region’s different

!See for example ( ).

2See, for example, ( ), ( ), ( ), and ( ).

3See, for example, or ( ).

4What is optimal for the investor is not necessarily optimal for the fund manager. There are many reasons for frictions.
For example, the investor and the manager might have different skill or information sets (see e.g.,

( ) and ( )), risk preferences (see e.g., ( )), or incentives
(see e.g., ( ) and ( ).
®There are some cases where the asset managers have accepted a fine ( ) or where there
are ongoing lawsuits ( ).
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national-level Financial Supervisory Authorities (FSAs) have identified questionable practices related
to closet indexing ( , ). As a special case, we describe the Norwegian mutual fund, DNB
Norge, managed by the largest banking group in Norway, DNB. Investor information and an annual
fee of 1.8% suggested that investors should expect active management. Figure | plots the development
of active share for DNB Norge from the start of 2010 until May 2018. The period the Norwegian FSA
investigated DNB Norge was from 2010 until 2014. A quantitative analysis of the degree of active
management identified a tracking error at 1.28% per year and an average active share at 12.25%. Based
on the discrepancy between what the investors had reason to expect and the actual degree of active

management, the FSA concluded that DNB Norge was a closet index fund.

Figure 1.
Active share for DNB Norge
This figure presents the progression of active share for the mutual fund DNB Norge over the period 2010-2018.

The horizontal line at 12.25% between 2010 and 2014 is the average active share for the fund leading up to the
corrective order issued by the Norwegian financial supervisory authority.

40

w
o

Active share (%)
[\~
o

w'A A A .VI.A'
X \/\/\N\/\/U
2011 2013 2015 2017
Year

The Norwegian FSA imposed a corrective order on DNB and gave the fund two alternatives.
The first one was to bring the fund’s management in line with active management characteristics, as
reflected by the fee and the fund’s prospectus. Alternatively, the fund could adjust the fee to a level
that reflected the applied investment strategy. DNB decided to do a combination of the two. They
lowered the fee from 1.8% to 1.4% and more than doubled the active share. From Figure | we see the
increase at the end of 2014.

Based on the corrective order, the Norwegian Consumer Council (NCC) filed a class-action lawsuit
on behalf of the fund’s 180,000 investors.” The Consumer Council claimed that DNB had misled and
overcharged its investors with excessive management fees. In the first instance, the Oslo District Court,

DNB won. In the second instance, the Borgarting Court of Appeal ruled in favor of the consumers.

5This corrective order is available with an English translation at
"For details see ( ), and ( ).
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DNB was ordered to pay back 0.8% of the management fee. The fund then appealed to the Norwegian
Supreme Court. The ruling was delivered on the 27th of February 2020, upholding the Court of
Appeal’s judgment. The verdict can be found . In Appendix A, we provide more details about
the lawsuit. The DNB case is unique in the sense that it has brought the closet index problem to
court.” However, as we show in this paper, the corrective order on DNB and other similar Scandinavian
examples have had spill-over effects on potential index huggers. Many funds changed behavior to avoid
being classified as a closet index fund. The consequences of this new behavior is largely unknown.
Closet index funds have become more active, but is this also in the interest of the investors?

At one level, the impact of the intervention has an intrinsic value. The natural approach is to
interpret the difference between before and after as a result of the intervention. On the other hand, we
can never be sure whether the effects are due to the interference or, for example, a general change in
the conditions for active management. It could be that at the same time as the attention of the FSAs,
there was also troubling times for active management. Then we cannot be certain of what causes a
potential low value creation in active management. These endogeneity concerns must be addressed.

To identify the impact of the intervention, we use the exogenous variation created by the policy
scrutiny. The estimates of the scrutiny effect come from a difference-in-differences (diff-in-diff) research
design, where we compare outcomes from Scandinavian closet index funds under scrutiny (treated
funds) with European closet index funds not under scrutiny (control funds). We also use a control
group with a selection bias problem in robustness tests, namely truly active Scandinavian funds. It is
reassuring for the robustness of the effects that results from both these groups are mostly consistent.

We split the impact assessment into two steps. First, we investigate the impact on the behavior of
active management of the funds before we, in the second step, examine the consequences on investors’
returns. Regarding the first step, we find the non-surprising result that the fund managers choose
to increase activity over updating investor information according to realized strategy. Regarding
the second step, we find that the closet index funds that become more active perform worse than a
comparable control group of closet index funds. We find that the treated funds put under scrutiny had,
on average, an annual active return that was 70 basis points lower than comparable funds unaffected
by scrutiny. Based on this thorough examination, we find that going after closet index funds will
produce unwillingly active funds, which may be the worst of all worlds. The best solution is not to
force these funds to become more active, but to promote fee reduction. If the regulatory authorities
had followed the alternative with updating investor information and reducing fees, the investors would
fare even better. Assuming that fees had been reduced by half of what DNB had to pay back, the
annual increase in value creation would be 1.1%(= 0.7% + 0.4%) higher.

The rest of the paper is structured as follows. In Section 2, we discuss related literature and
emphasize our relative contribution. To assess the intervention’s effect, we use a framework proposed
by the UK Financial Conduct Authority ( , ). First, in Section
Problem diagnosis, we develop an understanding of the problems with closet indexing. In Section
Intervention design, we describe the intervention, and present the data with summary statistics. In
Section 5: Impact assessment, we examine how fund managers respond to the scrutiny and how it

affected the investors. In Section 6, we go into more details and examine the robustness of our previous

8There is a new class-action coming up in Canada. For more information, see
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findings. We have tried to keep the number of analyzes in the main text to a reasonable level, and
we refer to the appendices for additional material. Finally, we suggest some policy implications and

conclude in Section

2 Related literature and contribution

There is an extensive literature on closet indexing. Even if ( ) mention the term
in their paper, it was not until the introduction of the Active share measure by

( ), that the problem became a subject of detailed study and media attention. Many papers have
documented that closet indexing exist all over the world ( , ).” However, there is
a difference between identifying the problem and solving it. With market failure, regulation is often
called for, but it is not always the best solution. Regulation may make matters worse. The literature
about regulating closet index funds is small; one exception is ( ). Least of all
is the literature examining the impact of regulating these funds. Hopefully, our assessment can be of
interest to other markets (such as the U.S. mutual fund market).

The intervention also provides insight into a more general question; whether regulatory agencies
should intervene to correct market failures. The increased complexity of financial arrangements poses
a challenge to households managing their financial affairs, and regulators attempting to assist them.
There has long been a tension in economics between laissez-faire economists who appreciate and defend
the performance of free markets and interventionists who identify market failures and argue that
feasible policies can be found to correct them ( , ). When households cannot manage
their financial decisions, they make mistakes that lowers their welfare and that can have broader
consequences for the economy. However, regulation can fail and instead increase the problem it set
out to solve. Generally, it is hard to perform cost-benefit analysis in financial regulation ( ,

). Our study provides insight into how to assess the effects of the intervention.

Furthermore, we contribute to the literature on the scalability of active management. The extent to
which an active fund can outperform its passive benchmark depends not only on the fund’s raw skill in
identifying investment opportunities, but also on various constraints the fund faces. One constraint that
is prominently discussed in recent literature is decreasing returns to scale. If scale impacts performance,
skill and scale interact: For example, a larger and more skilled fund can underperform a less skilled
small fund. Therefore, to identify the skill, we must also understand the effects of scale.

( )’s theoretical model relies on the key assumption of decreasing returns to
scale because managers eventually run out of ideas and cannot generate additional alpha. Yet, the
empirical evidence on the relationship between fund size and performance is mixed. For U.S. funds,
at the fund-level, ( ), ( ), and

( ) document a significantly negative relation between size and performance. However, these
findings are challenged by studies that point out an endogeneity issue in the test of the return-to-scale

property. ( ) examine the size-performance relation in a natural experiment

9Most of the literature focus on the connection between active share and value creation, see for example,

(2009), (2015) and (2020).

10 ( ) gives an overview of the British approach to an economic analysis of financial
regulation. They outline a methodology for regulatory economic analysis that contemplates a three-stage process,
including problem diagnosis, intervention design, and impact assessment.
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setting, applying a regression discontinuity approach. ( ) and

( ) address the omitted-variable bias by including fund fixed effects to account for heterogeneity
in managerial skills. ( ) use instrumental variables that are
correlated with size but unrelated to recent performance. Finally, ( ) use fund mergers
as shocks to fund size. All these studies report a negative but mostly insignificant relationship. For
non-U.S. funds ( ) find increasing returns to scale.

In this paper, we re-examine the size-performance relation with a novel identification strategy
addressing the endogeneity concern for domestic European funds. Suppose we choose to accept that
asset managers are forced to increase their level of activity and have limited opportunities to use in- or
outflow to do so. In that case, we introduce variation in the amount of assets under active management.
In such a quasi-natural experiment setting, we can identify the size-performance. Our findings suggest
that we have decreasing returns to scale. We find that the mean performance estimates in the treated
groups are negative relative to the different control groups. The result also holds when we use a more
direct measure of marginal bets. We find that the primary source of the underperformance comes from
the new bets taken by managers under scrutiny.

Finally, our detailed data allow us to learn how managers behave when pushed to increase their
active share. We can investigate every bet of every fund manager. A problem with traditional activity
measures such as tracking error and active share is that they do not detect whether funds perform
true active management by taking new bets, increase existing ones, or whether they engage in signal-
jamming to appear truly active ( ( ) or ( ).
Signal jamming adds tracking error to their returns by taking random bets to generate a false sense of
active management. This strategy improves closet indexers’ chance to pool with genuinely active funds.
Signal jamming implies that closet indexing may be more widespread than indicated by measures that
rely on comparing portfolio weights to benchmark weights, such as tracking error and active share.

To separate between signal jamming and more concentrated bets, we use a concentration measure
based on the Herfindahl measure (used for example, in ( )s

( ) and ( )). We find that
it is hard to identify more concentrated bets at the total portfolio level. When we split the portfolio
into several parts, we find that if managers are forced to increase activity, they take on average more
concentrated active bets in stocks they are not already betting on, i.e., they take new bets in unfamiliar
stocks. This finding is in accordance with ( ), who found that funds diversify in

response to new flows, especially if they operate in relatively illiquid markets.

3 Problem diagnosis

In this section, we develop an understanding of the problems with closet indexing and form an outline

of the drivers of poor outcomes resulting from the underlying market imperfections.

3.1 Closet indexing

The problem with closet indexing is that investors do not get the actively managed funds they pay

for and are promised by the fund company. When investors buy active mutual funds, they evaluate
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investor information, including fee structure.”” The information lays the foundation for the investors’
expectation of active management. If this is incorrect, investors will base investment decisions on a
false expectation of getting a more active fund management service than they actually receive (

, ). Closet indexing does not offer the same ex ante risk profile that investors should
expect from genuine active management.

It is hard for retail investors to evaluate the service they receive. The effort of the manager is
only partially observable. Even if monitoring is possible, investors may have trouble interpreting the
uncovered information. To mitigate moral hazard, we need suitable measures of effort."~ A natural
candidate for an activity measure is the actual outcome of active management, the excess return.
However, this is not a reliable measure of the degree of active management. A manager can be very
active, but if the bets cancel each other out, the excess return is close to zero. Thus, realized return
cannot be used to identify closet index funds. We need measures based on manager effort.

The most used measure for identifying closet indexing is active share. This evaluates the degree of
active management for funds relative to the benchmark ( , ). An alternative
is tracking error. Later we will show that active share and tracking error are highly correlated for
FEuropean domestic funds. If tracking error is low, then active share is also low, and vice versa.
Therefore, we focus on active share as our activity measure.

In order to outperform the market, the active portfolio must differ from the market. Activity is a
precursor to superior returns. Since closet index funds charge fees similar to truly active funds, while
holding portfolios similar to the index, the net performance of closet index funds is on average lower

than the net performance of the much cheaper index funds ( , ).

Motives for closet indexing

To crack down on closet indexing, it is important to understand the motives behind it. Following
( ), the quality of marginal investment opportunities declines as active AUM increases.
Under no anti-closet-indexing constraint, managers will choose a (subjective) threshold alpha and
closet-index assets when opportunities fall below that point. Gross investor returns are maximized
when that threshold alpha is zero.
However, a manager might use a different threshold level. If they are risk or effort averse, they

will choose a positive threshold alpha. If they are overconfident, risk seeking (e.g., due to convex

" The Key Investor Information Document (KIID) includes the most important information for the investor. Commission
Regulation 583/2010 provides a harmonized regime on the form and content of the document, ensuring that information
in the UCITS markets is consistent and comparable. KIIDs include sections on objectives and investment policy, risk
and reward profile, fees, past performance, and practical information.

2There may be different views on the manager’s obligation. In the DNB Norge case, the fund claimed in court that the
obligation was to use resources to search for bets, not to implement them. We will assume that we can measure the
obligation.

13In the law there is a separation between the duty to achieve a specific result and the duty of best effort, for more about
this, see for example .

4 Active share is defined as one half of the sum of the absolute value of portfolio weights differing from the benchmark.

5With this framework, we are different from the assumption regarding that capital is competitively allocated in

( ). In our setting, there are several reasons why this condition does not hold. First, the event window
is fairly short. Retail investors typically are very slow with changing their positions. They "suffer" from inertia (see
e.g. ( ) or ( )). Second, tax motives favor not

moving in or out of different funds. Before and during the event window, the markets went up, and most investors had
large gains on their investments. If these investors had sold their holdings and moved into another fund, they would
have to pay tax on gained capital.
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incentives), or have a desire to signal skill via activity, they will choose a negative one.
( ) suggested four alternative motives for closet indexing. We describe two of them here,
one resulting in a positive threshold alpha and one resulting in a negative one.

If the managers want to preserve their current asset base and are afraid that underperformance
might lead to a large outflow from the fund, they can set a positive threshold alpha. It is optimal
for investors with a higher active share, but the managers choose a closet indexing strategy. All else
equal, larger funds generate more revenue than smaller funds. However, there is an asymmetry in the
relationship between flows and performance. While small funds seek to create good returns to grow
their asset base, the preference of large funds may be to preserve their current assets and avoid losing
badly to the benchmark ( ) ). One way to prevent underperformance is to put
much of the fund’s assets in the benchmark. While this strategy means the fund will also be unlikely to
beat the benchmark, average performance may be enough to maintain a large asset pool, and thus its
profitability. Therefore, closet indexing may be a valuable strategy for a risk averse manager seeking to
maximize assets under management. If the manager uses a positive threshold alpha, the investor will
not benefit from the manager’s skill, much like when a good soccer player sits on the bench most of
the game. In this case, the investor would be better off if the manager increased the degree of activity.

If the managers have run out of new ideas, they may set a threshold equal to or lower than zero.
Assuming that the managers have private information about their skills and that this is lower than
what the investors believe, the manager will run out of good ideas more quickly than given by the
investor information. Size can be a reason why managers run out of ideas. A large fund has a more
limited investment opportunity set consisting of only sufficiently large investments to make a difference.

In this case, the investor is not better off with a higher active share.

The rationale for intervening

From a regulatory perspective, an important element is that mutual funds provide fair and transparent
information about how they manage their portfolios. Investors buy active funds for the opportunity
to beat the index alternative. However, closet indexing is a significant drag on mutual fund investors’
returns, and closet index funds underperform the market and leave investors worse off than other
investment choices. Thus, closet indexing potentially poses a regulatory problem for the mutual fund
industry.

( ) develop two approaches to the issue of closet indexing. They suggest
a disclosure regime that would incorporate more information, such as active share and an approach
where closet indexing is potentially liable under existing laws. In the next section, we will show that
both of these approaches were used by regulatory authorities in Scandinavia. In Section 5 we will see

that the consequences from regulation can give insight into the motives for closet indexing.

4 Intervention design

This section describes the intervention design, and the laboratory that we use to answer the questions,

namely active domestic European funds.

5We do not expand on the following two motives: 1) Closet indexing is chosen due to the high cost of performing true
active management, or 2) closet indexing is chosen due to time-varying active management possibilities.
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4.1 Policy scrutiny in Europe

Even if most of the literature focus on U.S. mutual funds there are some papers investigating European
funds, see for example ( ), ( ),

( ) and ( ). We perform a diff-in-diff study where we
compare funds exposed to policy scrutiny in Scandinavia with funds from European countries not
exposed to scrutiny. Our treated group is Scandinavian closet index funds since these countries were
the first with a regulatory focus on closet indexing in Europe (or the world). They are also the countries
with the toughest policy intervention. ' As a control group, we use closet index funds from European
countries where we are unable to identify a meaningful level of scrutiny. Even if there is a selection
problem between closet index funds and truly active funds, we will, in a robustness analysis, use truly

active funds in Scandinavia as control funds. Below we describe the interventions in detail.

Denmark

Even if we set an exact date in Table 1, these scrutiny processes lasts for a good while. Therefore we
define an event window of two years. At the beginning of 2014, the Financial Supervisory Authority
of Denmark released an analysis of closet indexing in their report for 2013. Using 60% active share
and a tracking error of 4% as the limit, they found that 56 out of 188 equity mutual funds had not
practiced the active management strategy they marketed in their prospects (

( )). When the FSA lowered the limits to 50% and 3% for active share and tracking error,
respectively, the number of potential closet indexers went down to 22 funds. Based on the report, the
FSA contacted the boards of these funds and requested explanations. Apparently, the Danish FSA was
satisfied with the answers as they did not go further with the investigation. However, they imposed

requirements for the funds to report active share and tracking error.

Norway

In the same period, the Norwegian Financial Supervisory Authority did an extensive report on the
level of active management on a subsample of Norwegian mutual funds (

( )). Based on their findings, they chose to publicly criticize two funds in November 2014. We
have already told the story about DNB Norge. As illustrated in Figure | in the Introduction, the fund
had an exceptionally low active share. The Norwegian FSA decided to impose a corrective order on
DNB, who could either bring the management of the fund in line with the characteristics of true active
management, as reflected by the management fee and in the fund’s prospectus, or adjust the cost to a
level in line with the strategy that was applied. The second fund that the FSA criticized was Nordea
Avkastning. They got the same alternatives, either change the level of activity or the fee, even if the

activity level was higher than for DNB Norge.

Sweden

Also, the Swedish Financial Supervisory Authority analyzed Swedish actively managed mutual funds

in 2014. They examined whether the key investors’ documents of funds marketed and sold in Sweden

Y Two articles from Financial Times: or
¥The Financial Supervisory Authority of Norway, available in Norwegian at
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Table 1.
Country selection

In this table we present how the countries in Europe are divided into treated, control, or omitted from the

sample, respectively. As a starting point, we use the countries included in Ferreira et al. (2013) and Cremers
et al. (2016).
Country Date and documentation

Panel I: Treated

Denmark September 2014
Danish FSA publish a report showing that 56 out of 188 funds studied were potential closet
indexers. More details in text.

Norway March 2015
Norwegian FSA sends a corrective order to DNB asset management regarding active management.
More details in text.

Sweden October 2015
Finansinspektionen (FI) publish a report on consumer protection in financial markets debating
stricter rules.
More details in text.

Panel II: Control

Austria No scrutiny identified
Belgium No scrutiny identified
Finland No scrutiny identified
Poland No scrutiny identified
Portugal No scrutiny identified
Switzerland No scrutiny identified
Panel III: Omitted
Italy March 2016
The Italian regulator took action against some of the largest investment companies in its home
market for mis-selling actively managed funds that closely hugged an index.
Netherlands May 2016
AFM publish a report on index hugging identifying 7 out of 85 funds investigated to be closet
trackers.
Germany September 2016

Bal'in completes its investigation into closet indexing, identifying deficiencies in transparency.
France March 2017
AMI reminds asset management firms on importance of clarity in the investment objective.
United Kingdom  June 2017
FCA publishes their final report on the Asset Management Market study finding £109 bn
invested in closet funds.
Luxembourg August 2017
CSSFE issues a reminder on improving clarity in the “objectives and investment policy” section of
the KIID.
Spain October 2018
CNMYV analyzed the existence of these products without reaching any conclusion on how to act.
More details.
Ireland July 2019
Central Bank of Ireland published largest data driven study of industry
about closet indexing to date.

provided accurate and clear information regarding the investment objective and policy. The inves-
tigation is presented in the Swedish FSA’s annual report on Consumer Protection 2015 (Financial
Supervisory of Sweden, 2015). The intervention started a debate on the legal issues related to closet
indexing. In 2014 the Swedish Shareholders’ Association (Sveriges Aktiesparares Riksforbund) initiated
a class action against two mutual funds from one of the largest Swedish banks but decided not to go
through with the lawsuit in July 2015."” For the Scandinavian countries, I<jorven (2019) analyze how
the European legal framework has been applied, and discuss the need for legal measures to ensure that
the investors get what they pay for, as protection against closet indexing. In the U.S. mutual fund

market Cremers and Quinn (2016) points out the legal issues related to the fact that a large share of

19For details about the funds, see case number 2014-11304 (Swedish Ministry of Finance, 2016).
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https://www.fca.org.uk/publication/market-studies/ms15-2-3.pdf
https://www.cssf.lu/en/2017/07/cssf-conclusions-on-closet-index-tracking-work/
https://www.cnmv.es/Portal/verDoc.axd?t=%7Be3f7231a-fa61-4ab5-ae0c-7ec8a74149a2%7D
https://www.elconfidencial.com/mercados/2018-03-13/falsos-fondos-activos-bolsa-espanola-fca-cnmv_1531661/
https://www.centralbank.ie/news-media/press-releases/press-release-thematic-review-of-closet-indexing-18-july-2017

the U.S. mutual fund assets are invested in closet index funds.

Rest of Europe

Closely following Scandinavia, the European Securities and Market Authorities ( ( )) wrote
an extensive report based on more than 2,600 European funds to map the presence of closet indexers.
Their findings suggest that between 5% and 15% of the sample funds were potential closet indexers.
As we see from Table 1, several other countries performed their own investigations. To our knowledge,

none of these have resulted in any legal claims against funds.

Event design

To conduct an event study, we need to follow the mutual funds before, during, and after the interference.
We let the window of policy scrutiny start in January 2014 and last until December 2015. The pre-event
period is the two years before January 2014, and the post-event period is the four years after, starting
from January 2016 until December 2019.

We have two groups, treated and control funds. For the treated funds, we cannot always directly
attribute the consequences of scrutiny to the behavior of the asset managers. In that sense, the DNB
Norge case is an exception. However, based on the policymakers and financial authorities’ interventions
and the following interest in media, we assume that the funds that were in danger of being labeled as
a closet index fund were rethinking their active management strategy. Furthermore, we assume the
intervention’s effect occurred during the two-year window from January 2014 to January 2016.

To identify a control group that is as free as possible from scrutiny, we have sorted all the countries
in Europe except Scandinavia into two groups, one without scrutiny and one where we have identified
it. In Panel II: Control, we list the countries that constitute our control group, and in Panel III:
Omitted, we list the countries that have exhibited scrutiny towards the fund industry. We also link to

documentation that indicates the policy scrutiny.

4.2 Data and summary statistics

This section describes the data, how we construct our treatment and control groups, and presents

summary statistics.

Sample selection

The dataset is built using two primary databases: Morningstar Direct and Lipper Fund Database. The
data ranges from January 2010 through December 2019. Our focus is on domestic long-only equity
funds.”” The fund data include monthly assets under management and gross and net returns.”" The
expense ratio is the monthly price of active management and is calculated using the net and gross
returns. We download monthly holdings for each fund to calculate active share.”* Details on the sample

selection and raw data are presented in Appendix

20We define domestic funds as funds with an investment area equal to the home country of the investment company and
a domestic primary prospectus benchmark.

21Returns are in the local currency, while assets under management are in USD to have a common currency for comparison
across countries.

22We hawve filled in with Morningstar for funds with missing data in Lipper.
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For each fund, we define a benchmark for the calculation of active share and performance evaluation.
Benchmark constituents, weights, and returns come from Datastream. We use the Lipper technical
benchmarks whenever these are available. This benchmark assignment method minimizes the concern
that funds strategically choose benchmarks that might not accurately reflect their actual investment
style. For active funds, in general, categorization is complicated but is minimized by investigating
domestic funds. We focus on domestic funds since these give us the most homogeneous group of
funds both across and within countries.”” Details on the benchmark selection and data are provided
in Appendix

Both survivors and non-survivors are included to avoid survivorship bias. For a sufficient number
of observations to get meaningful inference in the regressions, we exclude funds with less than 12
months of data in either the pre- or post-event period. After the exclusions, we are left with a sample
consisting of 353 funds, from which we define treatment and control groups based on active share. The
full sample is presented in Table in Appendix

To evaluate factor returns, we collect size and style portfolio returns from MSCI. Calculations of
the return factors are detailed in Appendix . We present a list of all variables, divided into outcome

and controls in Table in Appendix

Defining closet indexing

There are several alternatives for how to define a closet index fund. The two most common measures
are active share and tracking error. We choose to focus on active share. In Appendix we show
that, for domestic funds, the factor structure is weak and so the correlation between active share and
tracking error is high. To define a fund as a closet index fund, we set two alternative cutoff points,
40% and 50%, with funds being classified at the start of the event window. Furthermore, we assume

that regulatory or legal risk increases with lower levels of activity.

4.3 Summary statistics

In Table 2 we report summary statistics for the domestic European closet index funds. We report active
share and other fund characteristics before the event window for the treated sample (Scandinavian
funds) and the control sample (European, non-Scandinavian funds). We denote the benchmark-adjusted
performance as alpha. We agree with ( ) that a tradable index-based
adjustment is likely to adjust for fund style and risk more precisely than the loadings on risk factors.
More details on the benchmarks are provided in Appendix . In robustness tests factor-adjusted
alpha are also analyzed, with details on factor calculations provided in Appendix . The expense
ratio is the price, presented as a percentage, that the investors pay for professional money management.
Net alpha is the gross alpha minus the expense ratio.

In Column 1-3, we report the numbers for the cutoff at 40%. Out of 79 funds, 46 are treated, and
33 are controls. The average active share is about 30%. Monthly average gross alpha for the two years
before the event is in the range of five to nine basis points, where the Scandinavian funds perform

best. After fees, the average alpha is slightly negative. These findings are similar to other results in

22Their mandates are similar. They have a comparable size in investment universes (defined by the benchmark index),
and the funds make up approximately the same size of the local stock exchange.
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Table 2.
Summary statistics: Closet index funds
This table presents summary statistics for the sample of closet index funds in Scandinavia (Denmark, Norway,
and Sweden) and the rest of Europe. Active share, assets under management, and fund age is as of December 31,

2013 before the event window. Expense ratio, gross and net alpha estimates are means over a two-year window
before the event.

Limit active share 40% 50%
Group Treated Control Diff Treated Control Diff
Number of funds 46 33 75 47
Active share (%) 30.40 31.40 —1.00 35.90 35.20 0.67
Gross alpha (%) 0.09 0.05 0.04 0.10 0.09 0.01
Expense ratio (%) 0.10 0.10 0.00 0.10 0.10 0.00
Net alpha (%) -0.01 -0.05 0.04 0.00 -0.01 0.01
AUM (million USD) 589 245 344*** 463 252 210**
Fund age (years) 17.1 16.9 0.21 16.00 16.30 —0.30

the literature, with a small positive alpha before fees and zero after. The treated and control sample
is similar along all dimensions except for assets under management. We find that the treated funds
are larger than the control funds. We will use econometric techniques, covariates and fixed-effects, to
correct for these differences. Another alternative is to use a matching procedure. Based on findings in
the mutual fund literature, variables such as skill (alpha), size (AUM), and fund age are reasonable
candidates for matching, which we return to in Section 5. It is worth noting that, compared, for
example, to a U.S. fund, these funds are small in terms of their management teams and organization
scope but large relative to their investment space.

In Column 4-6, we report the numbers for the 50% limit. In this case, there are more closet index
funds. From a pool of 122 funds, 75 are treated, and 47 are controls. The average active share is close
to 35 percent. Monthly average gross alpha for the two years before the event is around ten basis
points, slightly higher than for the 40% cutoff. Again the Scandinavian funds perform best. After fees,
the average alpha is marginally negative. Again, the treated and control sample are similar along all

dimensions except for size.

5 Impact assessment

We study the intervention’s effect in two "stages". First on the level of activity and fees, and next
its impact on value creation. For active share and fees, our primary interest lies in what happens
while the funds are under scrutiny, but for value creation it is the consequences of the potential new
behavior that is interesting. We will show that the second stage’s impact works through changes in
activity level, i.e., funds under scrutiny change activity level, which again affects value creation. The
later stage is a direct test of how a change in activity influences value creation, i.e., decreasing returns

to scale.

5.1 First stage: Impact on active share and fees

We have already hypothesized that the funds will choose the latter in the choice between reducing
fees and increasing activity. In this section, we empirically test what happens under scrutiny for both

alternatives and start with active share.
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Active share

We do a visual analysis before we perform more formal tests. Figure 2 illustrates the development
of mean active share for treated and non-treated closet index funds over time, and clearly show that
funds under scrutiny increase active share more than unaffected funds. Before the event, the funds’
activity is similar, but the active share for treated funds increases more than for non-treated funds
during the event window. An essential prerequisite for a diff-in-diff analysis is a pre-trend evaluation.
Both in the visual illustration and a formal test in Appendix , we document that the trends are

parallel.

Figure 2.
Development of active share
This figure presents the progression in active share for closet index funds from January 2012 to December

2017. The time series are the annual averages of monthly cross-sectional group-wise means, and the shaded area
highlights the event window.
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Formal tests for the impact of scrutiny on active share is presented in Table 3. The detailed analyses
show that scrutiny leads to a higher level of activity, with the first regression showing the actual effect,
i.e., how large the average difference is between the groups. To minimize endogeneity concerns, we
formally test the effect of scrutiny in the last columns for each group using fixed effects (fund and
time) panel regressions. Results are reported using a two-years pre- and post-event window.

In Column 1-5, we present the results for the 40% cutoff point. In Column 1, we calculate the
average difference between a treated and non-treated fund for the two years after the event. Using
"collapsed" data, i.e., averages over time, we avoid any potential autocorrelation between the monthly
observations ( , ). As Table 2 shows, the difference in the pre-
period is small enough to interpret the difference in the post-period as a treatment effect. Moreover, to
obtain actual differences, controls are not included in this OLS regression. As such the results show that,

on average, treated funds have an 8 percentage points higher active share than non-treated funds after
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the event. Relative to the active share before the event, the increase is around 26%(= 7.9%/30.4%).
In Column 2, we use a matched control group based on skill, fund size and fund age. For more details

about the matching, see Appendix . The estimate using the matched sample is close to our first

analysis. Column 3 reports the result from a diff-in-diff analysis where we compare the difference from
before to after between treated and control funds. With small pre-event differences, it is not surprising

that the diff-in-diff estimate is equalling our previous estimates, around 8 percentage points.

Table 3.
Effect from intervention on active share

This table present tests on the effect the intervention had on active share for closet index funds. We use 40%
and 50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff
post, is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the
event. The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use
the actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, assets under management, and fund age. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny 8.211***  7.850"** 6.206**  5.873"**
(2.068) (2.063) (2.074) (2.085)
Scrutiny - Post 7.873%F  7.873"**  8.892"** 5.057*  5.780™**  7.087**
(2.702) (2.172) (2.697) (2.723) (1.835) (2.115)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual Actual Actual Match Actual  Actual Actual
N 79 7 158 3,790 3,693 122 119 244 5,704 5,513
Adjusted R? 0.159 0.151 0.165 0.675 0.716 0.062 0.056 0.078 0.714 0.735

In Column 4-5, we perform panel data regressions with both time and fund fixed effects. The
fund fixed effect soaks up any variation in active share due to cross-sectional differences in fund
characteristics. The identification comes from variation over time within a fund, not from variation
across funds. In Column 5 we add control variables, described in Appendix . The interaction effect
between after and funds under scrutiny is similar to previous analyses, around 8 percentage points.
The estimate is large and significant. In the continuation of the paper, we report one regression where
we cluster standard errors on the fund level and one where we cluster independently along the fund
and time dimension. For most of the outcome variables, such as active share or expense ratio, allowing
a time dimension does not significantly affect inference. But it will be more relevant for active returns
since, even after removing a time fixed effects, mutual funds may have returns that are not independent
of one another within time periods. Therefore, we will elaborate on two-way clustering when we come
to the value creation part in Section

In Column 6-10, we repeat the same specifications as we did in Column 1-5, but for the 50% cutoff
point. The smaller effects in Column 6-10 are what we would expect to see given that the degree of
scrutiny is negatively related to the size of active share. For example, the diff-in-diff estimate is about 5
percentage points or around 14%(= 5.1%/35.9%) higher than the active share before the event. Thus,

independent of the cutoff level, the funds under scrutiny have increased the activity level relative to
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non-scrutinized funds.

A potential concern is that the change in activity does not come from real bets but from managers
only adding noise to their returns, known as signal jamming (Brown and Davies (2017) and Cremers
et al. (20200)). A problem with the activity measures used so far is that they do not detect whether
funds engage in signal jamming to appear truly-active. A measure that can identify whether the funds
are randomly selecting stocks or taking more concentrated bets is the Stock concentration index (SCT).
This is a stock-level version of the industry concentration index developed by Kacperczyk et al. (2005).
In Appendix C.3, we form analyses with SCTI as the dependent variable. Regarding the overall active
portfolio, the evidence is mixed on whether forced managers perform truly active management or signal
jamming, but in Section 6.1 Best ideas, where we split their portfolios into different parts, it becomes

clear that mangers under scrutiny take larger bets in new stocks than non-scrutinized managers.

Fees

We have hypothesized that fund managers under scrutiny choose to not change the fee level. Again,
a visual analysis precedes formal testing. In Figure 3 the development of the mean expense ratio for
treated and non-treated funds is illustrated. For both groups there is a decreasing trend, which is
in line with the overall trend for active mutual funds (Morningstar, 2019). Intra-group discrepancies
are small and stable, meaning that funds put under scrutiny have not lowered their costs more than

unaffected funds. For a formal pre-trend analysis, see Appendix C.1.

Figure 3.
Development of fund fees
This figure presents the progression in expense ratio for closet index funds from January 2012 to December 2017.

The time series are the annual annual averages of monthly cross-sectional group-wise means, and the shaded
area highlights the event window.
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In Table 4 results from formal tests regarding the impact of scrutiny on fees are presented. The
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detailed analyses show that scrutiny did not lead to a relatively lower fee level. As in Table 3 we report

actual effects first, before formally estimating the scrutiny effect. In similar manner as before, results
for the 40% cutoff point is presented in Column 1-5 and in 6-10 for the 50% level. Every estimate
is small and insignificant, thereby confirming our hypothesis that managers under scrutiny choose to

increase activity over updating investor information and fees.

Table 4.
Effect from intervention on expense ratio

This table present tests on the effect the intervention had on expense ratio for closet index funds. We use 40%
and 50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff
post, is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the
event. The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use
the actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, assets under management, and fund age. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny —0.008 —0.007 0.005 0.006
(0.010) (0.010) (0.008) (0.008)
Scrutiny - Post —0.005 —0.004  0.006 0.001 0.002 0.004
(0.014) (0.004) (0.007) (0.011)  (0.003) (0.006)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual  Actual  Actual Actual Match Actual  Actual  Actual
N 79 e 157 3,812 3,744 122 119 243 5,887 5,730
Adjusted R? 0.007 0.006 0.007 0.907 0.909 0.004 0.005 0.005 0.904 0.905

To sum up, policy scrutiny on closet index funds has impacted active management. In the choice
between reducing fees or increase activity, they have done the latter. This supports the notion that the
managers "forced" themselves to increase activity. In the next section, we investigate the consequences

of increased activity.

5.2 Second stage: Impact on value creation

In this section, we investigate the impact on value creation, by first showing the actual effects, i.e.,
how much value the group of scrutinized funds have created relative to the unaffected group of funds,
before formally testing if the effect on value creation is statistically significant. Having demonstrated
small and similar effects on fees between treated and control funds, there are grounds to suspect a
negligible difference in results for gross and net alpha. Consequently, we focus on the former, but
confirm that using the latter does not alter any conclusions.

There are two ways to measure value creation, either by alpha or value added. Following the
) and (

period (before fees) can be viewed as the total value the funds extract from the capital markets. Value

arguments in ( ) value added for a

added is the product of gross active return, alpha, multiplied with the fund’s AUM at the end of the

previous period. Gross value added can be divided into two: the amount of money the manager takes
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home for himself (fees) and the amount given to investors. The latter is named net value added. We
will focus on alpha in the main text but also show results for value added. Again, our conclusions
remains largely the same, with any interesting differences highlighted in the main text.

Again, we start with a visual analysis before presenting formal tests. Figure 4 illustrates the
development of mean gross alpha for treated and non-treated closet index funds. In the pre-event
period, it seems that treated funds perform somewhat better than non-treated funds. An important
prerequisite for a diff-in-diff analysis is a pre-trend evaluation, which is documented in Appendix
To evaluate the impact of the intervention, we use a four-year period and show that funds under
scrutiny underperform non-scrutinized funds.

Figure 4.
Development of gross alpha

This figure presents the progression in gross alpha for closet index funds from January 2012 to December 2019.
The time series are the annual annual averages of monthly cross-sectional group-wise means, and the shaded
area highlights the event window.
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In Table 5, we present the formal tests for the impact scrutiny has on gross alpha. The first
regressions show the actual effect on returns, i.e., how much the treated group, on average, has
performed against the control group. The last regressions test if the effect of scrutiny is statistically
significant. To minimize the endogeneity problem, we include both fund and time fixed effects.

In Column 1-5, we present results for the 40% active share cutoff. In Column 1, the average
difference between treated and non-treated funds for the four-year period after the event is reported.
This shows that, on average, scrutinized funds that increased their active share have a 6 basis points
lower active return per month than unaffected closet index funds. In annual terms, this difference
becomes 70 basis points or almost 3% over four years. Had the regulatory authorities followed the
alternative with updating investor information and reducing fees, investors could have fared even better.
Assuming a fee reduction of half of what DNB had to pay back, the annual increase in value creation

would have been 1.1%(= 0.7% + 0.4%) or 4.4% higher over the period.
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In Column 2, we show the estimate for the difference when we match the treated closet index funds
with control funds based on skill, size and fund age. The estimate is 5 basis points per month or 60
basis points annually. In Column 3, we compare the difference between before and after for treated and
control funds. The diff-in-diff is about 9 basis points per month or 1.1% annually. Again the estimate
is significant. One way of interpreting this result is that an investor that was long the average control
fund and short the average treated fund before the intervention and long the treated fund and short

the control fund after intervention would have lost 1.1% annually.

Table 5.
Effect from intervention on gross alpha

This table present tests on the effect the intervention had on gross alpha for closet index funds. We use 40% and
50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff post,
is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the event.
The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use the
actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny —0.059"*  —0.050" —0.074™* —0.072*"
(0.027) (0.026) (0.029) (0.028)
Scrutiny - Post —0.093**  —0.079" —0.529*" —0.090"*  —0.074"* —0.396
(0.045) (0.041) (0.265) (0.045) (0.037) (0.241)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual Actual Actual Match Actual Actual Actual
N 79 7 157 5,492 5,427 122 119 243 8,410 8,258
Adjusted R? 0.047 0.034 0.010 0.096 0.106 0.045 0.044 0.011 0.128 0.131

In Columns 4 and 5, we perform fund and time fixed effects panel regressions. The fund fixed effects
soak up any variation in gross alpha due to cross-sectional differences in fund characteristics and time
fixed effects remove common variation due to time. In Column 4, we exclude control variables. Then
the interaction effect between after and funds under scrutiny is similar to previous analyses, with a
significantly negative estimate of around 9 basis points per month or 1.1% annually. In Column 5,
control variables are added yielding a much higher estimate of 0.5% per month. The variables are
described in Appendix . A discussion on clustered standard errors follows below.

In Column 6-10, the cutoff point is 50%. Given the lower increase in active share for this cutoff, it
is natural to expect less negative results than for the sample of closet index funds at the 40% active
share level. What we find is in stark opposition to this, with point estimates very similar to those for
the 40% level. To reiterate, funds under scrutiny have a lower alpha relative to non-scrutinized funds.

Below we perform five robustness tests related to the gross alpha estimate, and acknowledge that
there are just fundamental limits to how much one can learn from comparing the returns of two groups
of funds over four years. However, the best we can do is use the most well-known statistical methods

to draw useful inferences about returns.
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Clustered standard errors

First, we discuss potential clustered standard errors. Accurate standard errors are a fundamental
component of statistical inference, but this issue seems to be in development, and it is not entirely
clear what the best solutions are regarding fund returns.”” In this paper, we report one regression with
fund-level clustered standard errors and one with standard errors independently clustered on the fund
and time level. As mentioned in Section 5.1, allowing for a time dimension in outcome variables such
as active share and expense ratio does not affect inference significantly. For active returns on the other
hand it will be relevant, because even after removing time fixed effects, mutual fund returns might still
exhibit an intra-time dependence structure. Hence, we elaborate on two-way clustering in Appendix

, where Table shows how that the standard errors increase when we go from one-way fund

clustering to two-way fund and time clustering.

Placebo tests

Secondly, we perform placebo tests. A potential concern is that the estimated impact of regulatory
scrutiny is either merely a random effect or captures some spurious correlation(s) with omitted variables.
If this were the case, we should obtain the same results independent of the assignment of treatment
and control observations. We test this possibility through a placebo test where we randomly assign
funds to treatment and control groups, keeping the ratio of treated to non-treated funds identical to
the original sample (see Table 2). Using these randomly assigned groups, we estimate the Diff-in-diff
model presented in Columns 3 and 8 in Table 5. We repeat this exercise for 1000 estimations and
report the resulting 8 coefficients on the Scrutiny - Post interaction term in a histogram in Figure

in Appendix . We find a significantly negative effect (5% confidence level) only for 1 of the 1,000
trials (0.1%) when using 40% as the limit on active share. For the sample using 50% as a limit, the
corresponding number of trials with a significantly negative estimate is 13 (1.3%). Thus, only 0.1%
(40% limit) and 1.3% (50% limit) of the estimated /5 coefficients on the Scrutiny - Post interaction
term are equal to or smaller than the coefficient estimated using the original sample (-0.093 and -0.090,
represented by solid vertical lines in the figure). These results reassure us that our tests capture the
treatment effect of regulatory scrutiny on fund value creation and not some random effect or omitted

variable.

Net alpha

Third, we investigate net alpha instead of gross alpha. So far, we have assumed that the effect on net
alpha is the same as for gross alpha. This assumption is based on documented small fee effects. In
Table in Appendix we verify our assumption that the results holds also when net alpha is the

dependent variable.

Factor adjusted alpha

Fourth, factor adjusted alphas are analyzed. Limiting our scope to comparing European domestic

funds, we do not expect any of the funds to have a particular factor style. The high correlation between

24For example, the recent well-published papers ( ), ( ), and
( ), use various ways of clustering.
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active share and tracking error indicates a weak factor structure. Often the funds with a factor style
have a broader investment universe than a single European country. Consequently, our focus has been
on adjusting for risk given by the chosen benchmark. It is also this excess return the investor has
earned. However, as a robustness test, we adjust alpha for domestic factor risk and perform the same
regression analyses as in the other tables.” In Appendix one can see that the estimates have the
same sign but slightly lower magnitude after adjusting for factor exposure. Thus, the negative active

returns are caused by a combination of poor stock picking and factor exposure.

Value added

Finally, we perform the same analyses as above, but now with value added as the dependent variable.
Remember that value added can be interpreted as a value weighting of alpha and can be viewed as the
total value the funds extract from the capital markets. In Table in Appendix we perform the
same analyses as in Table 5 above, but now with value added as the dependent variable. Again, we
confirm our previous findings. Even if the statistical significance is slightly lower, funds under scrutiny
extract less value from the stock market than funds not under scrutiny. More precisely, treated funds
with a cutoff point at 40% have destroyed, on average, 0.10 million USD compared to the control funds
per month for the four years after the event. Recall that these are actual numbers. The value treated
funds have destroyed, is larger with a cutoff point at 40% than with a cutoff at 50%.

Our analyses show that scrutinized closet index funds underperform non-scrutinized closet index
funds. Relating these findings to the motives for closet indexing supports the motive for the manager
running out of ideas for new successful bets. Regulation can either directly or indirectly force managers
to increase activity. This makes managers invest in stocks in a sub-optimal manner leading them to
destroy investor value. In light of this, the best alternative for investors, conditional on supervisory
intervention, is an update in investor information according to the realized active strategy. This should

be followed by a reduction in fees.

6 Robustness tests

Up till now, we have shown that closet index funds under scrutiny increased activity and have lower
value creation than funds not under scrutiny. Next, in Section 6.1, we dig deeper into what leads to
deficient value creation. In Section 6.2, we discuss whether we can say something about decreasing
active returns to scale based on our analyses. Finally, in Section 6.3, we examine how robust our

results are for an alternative control group, namely truly active Scandinavian funds.

6.1 Digging deeper: Best ideas

So far, we have compared two active portfolios where one is exposed to scrutiny, and one is not.
However, it might be that the effect of scrutiny only influences parts of the active portfolio. A better
measure will identify the marginal portfolio changes. To achieve this, we split the active portfolios
into subgroups based on the bets’ size. We develop three sub-portfolios, one with the largest bets in

absolute value, one with medium bets, and one with the smallest bets. We refer to the largest bets

2For details, see Appendix
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as the "best ideas", inspired by Pomorski (2009) and Miguel Anton and Polk (2020). Thus, all the
existing bets are mapped into one of the three sub-portfolios based on the active weight’s absolute size
just before the event window.

To illustrate this categorization, we show the distribution of all active weights for DNB Norge at
the end of December 2013 in Figure 5. Lastly, we also add a fourth sub-portfolio. This consists of all
new bets the fund performs during the period. These bets can come from a change in weight from
neutral to positive or negative relative to the benchmark weight or from a new bet in a stock not part
of the benchmark. Thus, we can identify whether the managers change the initial active weights or

whether they take on new bets in stocks that they do not have a position in.

Figure 5.
Active weights for DNB Norge in December 2013

This figure present the active weights for DNB Norge in December 2013. Stocks with the largest absolute active
weights are in portfolio 1 (best ideas) and those with the smallest absolute active weights are in portfolio 3.
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In Table 6 we present our findings in three panels. We start with active share as the dependent
variable in Panel I. We present the diff-in-diff estimate for the four portfolios for both the cutoff at
40% and 50%. The estimate is equivalent to Column 3 and 8 in Table 3, but with a different dependent
variable. We find that it is in the new, not old stocks, that the scrutinized funds increases their active
share.”’ This applies to both the group of funds with an active share below 40% and 50%.

In Panel II, SCI is the dependent variable. We present the diff-in-diff estimate for the four portfolios
for both the cutoff at 40% and 50%. The estimate is equivalent to Column 3 and 8 in Table C.3, but
with a different dependent variable. We find that scrutiny makes funds take new and more concentrated
bets. Finally, in Panel III, gross alpha is the dependent variable. We present the diff-in-diff estimate
for the four portfolios for both the cutoff at 40% and 50%. The estimate is equivalent to Column 3 and

26Note that the sum of the characteristics we measure for the sub-portfolios is not exactly the same as for the total
portfolio, as shown in Section 5. This is because our definition of the sub-portfolios is limited to capture the changes
in stocks listed in December 2013 and does not capture all newly listed companies after the event window.
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Table 6.
Effect from intervention on sub-portfolios

This table present tests on the effect the intervention had on active share (panel I), security concentration index
(SCI, panel II) and gross alpha (panel III) in closet indexers’ sub-portfolios. We use 40% and 50% as cutoff
points to classify funds as closet indexers. All results are from a difference-in-differences model equivalent to
the one presented in Column 3 and 8 in table 5 in section 5.2. Standard errors are presented in parentheses.
Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

Panel I: Active share

40% 50%
New stocks  Sub-portfolio 1 ~ Sub-portfolio 2  Sub-portfolio 3 ~New stocks Sub-portfolio 1 ~ Sub-portfolio 2  Sub-portfolio 3
Scrutiny - Post 3.384™*" 0.586 0.303 0.726 3.2427 —0.758 —0.049 0.843
(0.520) (2.731) (0.832) (0.585) (0.500) (2.603) (0.840) (0.569)
Controls No No No No No No No No
Fund FE No No No No No No No No
Time FE No No No No No No No No
Sample Actual Actual Actual Actual Actual Actual Actual Actual
N 155 158 158 158 237 244 244 244
Adjusted R? 0.606 0.053 0.136 0.279 0.521 0.027 0.079 0.146
Panel II: Security concentration index (SCI)
40% 50%
New stocks  Sub-portfolio 1 ~ Sub-portfolio 2  Sub-portfolio 3 New stocks Sub-portfolio 1 ~ Sub-portfolio 2  Sub-portfolio 3
Scrutiny - Post 0.099"** —0.038 0.063 0.034 0.106™** —0.601 0.023 0.024
(0.029) (0.432) (0.051) (0.028) (0.026) (0.707) (0.054) (0.041)
Controls No No No No No No No No
Fund FE No No No No No No No No
Time FE No No No No No No No No
Sample Actual Actual Actual Actual Actual Actual Actual Actual
155 158 158 158 237 244 244 244
Adjusted R? 0.286 0.001 0.060 0.144 0.304 0.008 0.038 0.017
Panel III: Gross alpha
40% 50%
New stocks  Sub-portfolio 1 ~ Sub-portfolio 2 ~ Sub-portfolio 3 ~New stocks Sub-portfolio 1 ~ Sub-portfolio 2  Sub-portfolio 3
Scrutiny - Post —0.038"* 0.011 —0.019 0.011 —0.070™" 0.017 —0.028" —0.018
(0.017) (0.027) (0.017) (0.011) (0.033) (0.030) (0.016) (0.023)
Controls No No No No No No No No
Fund FE No No No No No No No No
Time FE No No No No No No No No
Sample Actual Actual Actual Actual Actual Actual Actual Actual
N 133 158 151 139 207 243 232 211
Adjusted R? 0.048 0.028 0.010 0.014 0.040 0.018 0.013 0.028

8 in Table

from these new concentrated bets. Thus, the main source of underperformance from closet index funds

, but with a different dependent variable. We find that the relative negative alpha comes
found in Section stems from the new bets.

In sum, relative to active managers not put under scrutiny, treated funds do not create excess
return on their best ideas nor on bets that they are already familiar with, but in new stocks. We can
only speculate, but a potential explanation is that closet index managers are uncomfortable with being
forced to increase activity. This underpins that the motive behind closet indexing is a lack of new

quality bets.

6.2 An alternative test of decreasing return to scale?

One constraint discussed in the active management literature is decreasing returns to scale. If scale
impacts performance, skill and scale interact, a more skilled large fund can underperform a less skilled

small fund. Therefore, to learn about the skill, we must understand the effects of scale. The intervention
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we examine gives a unique opportunity to test whether skill has decreasing returns to scale. Suppose
we choose to accept that asset managers are forced to increase their level of activeness. In that case, we
have a quasi-natural experiment that allows us to investigate a sudden increase in active management.
We assume managers cannot use in- or outflows to change the degree of active management. With a
decreasing return to scale, we expect that a manager’s new bets will be worse than the initial bets.
Thus, if closet index funds underperform a comparable group of funds, then the marginal bets add less
value than the initial bets, and we observe decreasing returns to scale.

When we analyze the total portfolio in Section 5.2, we find that closet index funds under scrutiny
underperform relative to funds not under scrutiny. A more direct test of decreasing returns to scale is
identifying where the new or the marginal bets are underperforming. In Table 0, in the previous section,
we documented that the primary source of underperformance came from the new stock portfolio. In
the performance evaluation of these sub-portfolios, we find significant losses for the funds forced to

increase activity. This finding supports that returns to scale is negative for active management.

6.3 True active fund as control funds

As an alternative control group, we use another group of funds, not under scrutiny. This group consists
of truly active funds in Scandinavia. However, these funds have differing characteristics. If we consider
closet indexing to be a disease, contrasting closet index funds and truly active funds is tantamount to
comparing sick funds with healthy ones. Such a comparison introduces a selection bias. Fund fixed
effects may partly remedy this problem. As a robustness test of our main results, we carry out the
same analyses as earlier.

In Table 7 we present the same summary statistics as we did in Table 2, but now the control group
is truly active funds. There are three main differences between the samples. First, active share is lower
for the closet index funds. Second, even if not much, about 24 basis points annually, the group of closet
index funds is cheaper than truly active funds. Finally, the closet index funds are older than truly
active funds. This confirms that closet index funds often can be old funds with uninformed investors.

Table 7.

Summary statistics: Scandinavian funds

This table presents summary statistics for the sample of closet index and truly active funds in Scandinavia
(Denmark, Norway, and Sweden). The treated group are the Scandinavian funds classified as closet indexers,
based on the active share limit highlighted in the top row. Conversely, the control group is the sample of truly
active mutual funds in Scandinavia. Active share, assets under management, and fund age is as of December 31,
2013 before the event window. Expense ratio, gross and net alpha estimates are means over a two-year window
before the event.

Limit active share 40% 50%
Group Treated Control Diff Treated Control Diff
Number of funds 46 104 75 75
Active share (%) 30.40 60.80 —30.40""* 35.90 67.10 —31.20"**
Gross alpha (%) 0.09 0.06 0.03 0.10 0.03 0.07
Expense ratio (%) 0.10 0.12 —0.02"*" 0.10 0.12 —0.02"*"
Net alpha (%) -0.01 -0.06 0.05 0.00 -0.09 0.09
AUM (million USD) 589 362 226 463 401 62
Fund age (years) 17.1 13.0 4.17** 16.0 12.5 3.5
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In Table 8 we present how scrutiny influence closet index funds relative to truly active funds. The

Table has three panels, where the dependent variable is either active share, expense ratio or gross

alpha.

Table 8.
Robustness: Effect from intervention on main outcomes

This table present tests on the effect the intervention had on our main outcome variables for closet index funds.
In panel I, the dependent variable is active share, in panel II expense ratio and in panel III the dependent
variable in gross alpha. We use 40% and 50% as cutoff points to classify funds as closet indexers. Our control
group is comprised of the truly active Scandinavian funds. The model in Column 1-2 and 6-7, labeled Diff post,
is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the event.
The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use the
actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

Panel I: Active share

40% 50%
Diff post Diff post DiD FE FE Diff post Diff post DiD FE FE
Scrutiny —24.342"**  —21.696™"" —26.944***  —24.518"**
(2.431) (2.546) (1.877) (1.919)
Scrutiny - Post 3.579 3.617*  3.902** 1.316 1.299 2.667"
(3.314) (1.625)  (1.528) (2.632) (1.601) (1.550)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual Actual Actual Match Actual Actual Actual
N 150 78 300 7,288 6,908 150 124 300 7,288 6,908
Adjusted R? 0.400 0.482 0.468 0.892 0.902 0.579 0.569 0.605 0.890 0.901
Panel II: Expense ratio
40% 50%
Diff post Diff post DiD FE FE Diff post Diff post DiD FE FE
Scrutiny —0.033"** —0.030"** —0.023*** —0.018"**
(0.006) (0.008) (0.005) (0.006)
Scrutiny - Post —0.007 —0.005  —0.004 —0.003 —0.002 —0.001
(0.009) (0.005)  (0.005) (0.008) (0.004) (0.005)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual  Actual Actual Match Actual Actual Actual
N 148 78 294 7,140 6,908 148 124 294 7,140 6,908
Adjusted R? 0.190 0.154 0.131 0.756 0.775 0.103 0.066 0.075 0.756 0.774
Panel ITI: Gross alpha
40% 50%
Diff post Diff post DiD FE FE Diff post Diff post DiD FE FE
Scrutiny —0.104"* —0.098"* —0.113"* —0.098"*
(0.043) (0.041) (0.040) (0.040)
Scrutiny - Post —0.129*  —0.109" —0.148 —0.181"**  —0.166"" —0.115
(0.073) (0.059)  (0.102) (0.067) (0.074) (0.123)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual  Actual Actual Match Actual Actual Actual
N 148 78 294 10,197 9,945 148 124 294 10,197 9,945
Adjusted R? 0.032 0.057 0.011 0.100 0.106 0.046 0.038 0.022 0.101 0.106
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Panel I is the same as Table 3, but the control group is now truly active funds. In Column 1-5,
we present the result for the cutoff of an active share of 40%. In Column 1, we find that the closet
index funds have an active share 24% lower than truly active funds after the intervention. If we match
based on skill, size and fund age, we find that the difference decreases to 22%. In Column 3, we
compare the difference between before and after for treated and control funds. We find that treated
funds increase on average their active share by 4% more than control funds. In Columns 4 and 5, we
perform regression analyses with fixed effects at both fund level and for each month. The interaction
effect between after and funds under scrutiny is similar to the diff-in-diff estimate.

In Column 6-10, the cutoff point is 50%. We should expect smaller estimates since the degree of
scrutiny probably is negatively related to active share. This is also what we find. The estimates are
smaller and not always statistically significant. However, independent of the cutoff level, the funds
under scrutiny have increased the activity level relative to non-scrutinized funds.

Panel II in Table 8 is the same as Table 4, but with truly active funds as controls. Again the
results are not surprising. As shown in Column 1-2 and 3-4, the truly active funds are also cheaper
after the intervention. From the diff-in-diff analyses or the fixed effects regressions, the estimates are
small and not statistically significant. Thus, we find that funds under scrutiny do not lower their costs
more than truly active funds.

Panel I1I is equivalent to Table 5 except for the control group. The results are surprisingly similar to
what we estimated with the other control group. The differences lie in the magnitude of the estimates,
which are somewhat higher. In Column 1-5, we present the results for the 40% limit, while we in
Column 6-10 present the result for the 50% limit. In Columns 1 and 6, we find that the closet index
funds have on average a 10- 11 basis points lower monthly excess return than truly active funds. If
we convert the monthly returns to yearly returns, the difference is about 1 — 1.5%. If we match the
Scandinavian closet index funds based on skill, size and fund age, we find that the difference is similar.
In Columns 3 and 8, we compare the difference between before and after for treated and control funds.
For the 40% cutoff, the diff-in-diff is about 13 basis points per month or 1.5% annually, while for
the 50% cutoff, the diff-in-diff is about 18 basis points per month or 2% annually. The fixed effect
regressions yield similar estimates as the diff-in-diff analysis. Notice that we in Column 4 and 9 cluster
standard errors at the fund level while we in Column 5 and 10 cluster standard errors independently
along the fund and date dimensions. In conclusion, we confirm that our previous results also hold for

a different control group, which suffers from selection bias.

7 Policy implication and conclusion

The current trend is that people increasingly become their own money managers. The landscape in
which they make decisions are becoming increasingly complicated, and many often lack the necessary
information and knowledge to judge the quality of the products they purchase. This information
asymmetry creates incentives for opportunistic behavior on the part of service providers, leading to
market failures. The existence of closet indexing can be viewed as a realistic example of this failure. If
investors were able to evaluate the quality of their fund managers’ services, they would not choose to

pay high fees for closet indexing. Clearly, there is a role for financial authorities to align the interest
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of financial intermediates and investors.

In this paper, we have tried to identify what we can learn from the interventions in the Scandinavian
countries. We highlight the following four results. First, a potential closet index fund chooses to increase
activity and not reduce fees when under suspicion from the supervisory authorities. Second, when
closet index funds force themselves to become more active, they perform worse than the closet index
funds not under scrutiny. Third, the funds under scrutiny take positions in new stocks when they
increase activity. Finally, the funds under scrutiny are losing relative to unaffected funds on these new
marginal bets. This finding lends support to the hypothesis about decreasing returns to scale.

Regulators have two main alternatives. They can either force funds to increase the active man-
agement level or to reduce fees. So far, there has been little research investigating the effect of this
intervention. We show that when the funds have a choice, they increase their level of activity. We
suggest two different reasons behind the increased activity behavior; either that managers are skilled
and have new ideas but are afraid of losing assets under management, or they lack ideas and will
harvest as much revenue as possible. We find that the managers that increase activity do not add
much value to the investors. This finding supports a story where revenue harvesting managers do not
have a plethora of new and good ideas.

So, what can regulators learn from these findings? One of the most important motives for closet
indexing is that the managers do not have many additional investment ideas, and they are afraid of
losing revenue by revealing that they are not as skilled as other fund managers. The best solution
is not to force these funds to increase activity but to force them to update investor information and
reduce the fees they charge their investors. Regulatory authorities should be careful forcing potential
closet index funds to become more active. However, it is not that simple in practice because a regulator
cannot stop managers from increasing activity and thereby defend their high fees. If managers choose
to increase their activity and are not skilled, poor results should lead to lower assets under management.
In the most severe cases, the funds will be forced out of business. However, this process is slow and
will cause significant losses for uninformed investors on the way.

Taken together, a regulator should not force funds to be more active. Instead, their role should be
to identify closet index funds. If funds want to keep a low degree of activity, this should be reflected
by the fee levels and the information set. If the trend of investigating closet index funds is maintained,
the hope is that this will discourage new funds from choosing such a strategy. In this setting, the DNB
case from Norway illustrates that legal settlements can also be made. For closet index funds that will
become a truly active fund, intermediaries and information providers such as Morningstar should pay
special attention to their performance. This point also illustrates the benefit of having independent fund
providers ( ( )) and the problem with "own brand" funds (

( )). Of course, more information, such as presenting active share
and tracking error, should also be available to investors.

Mutual funds are made up of trillions of dollars. The funds’ investment decisions determine where
a significant proportion of capital is allocated in the economy ( ( ))-

A recent trend is that more capital is allocated away from active and into index funds (
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( )).”" Eventually, the flow of funds from active to passive has to stop. The
cost of active funds goes down, making active funds more attractive relative to passive funds. However,
we always need to look after the content of the active funds. The debate about closet indexing gained
momentum after the paper by ( ) and is still ongoing. The conviction
of DNB in the Norwegian Supreme Court in February 2020 is a milestone in this debate. To our
knowledge, this is the first sanction made by the court system. Only the future will tell how the closet

index problem evolves from here.

2"There are many reasons for this development. One reason is the poor historical performance of actively managed funds;
another is increased competition between funds due to new technology. Finally, the difference between what some
active funds have promised and what they have delivered can cause investors to lose confidence in active funds.
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Appendices

A The DNB Norge case

On 21 June 2016, the Norwegian Consumer Council instituted legal proceedings before the Oslo District
Court against DNB Asset Management AS (henceforth DNB), a wholly-owned subsidiary of DNB ASA
offering asset management services. The Norwegian Consumer Council instituted a group action to
pursue compensation on behalf of 180,000 investors in DNB Norge, a fund managed by DNB. The
lawsuit alleged that the investor information and the high fees charged gave the investors the reason
to expect active management. In contrast, the funds actually were managed very close to the index.

The Oslo District Court passed its judgment on 12 January 2018, whereby the claim was rejected,
and DNB was held not liable. On 12 February 2018, the Norwegian Consumer Council appealed to
the Borgarting Court of Appeal. The ruling from the Court of Appeal was announced on 8 May 2019
and ruled in favor of the Norwegian Consumer Council in the group action.

In short, the Court of Appeal describes the effort of active management as (i) undertake analyses
to identify potential good bets; and (ii) translate this into active positions such that the fund deviates
from the index to the extent that is not insignificant. By comparing the investor information and
the high fee on the one hand and the fact that the funds were managed very close to the index, the
Court concluded that DNB had violated its obligations to its investors. DNB was sentenced to pay
approximately NOK 350 mill (approx. USD 35 mill).

DNB appealed the case to the Norwegian Supreme Court. The appeal case started on 21 January
2020. The ruling was delivered on 27 February, upholding the Court of Appeal’s ruling.

B Data

B.1 Sample selection and raw fund data

In this section, we present details on the sample selection and construction. Next, we present informa-

tion on the fund data. This section is provided for information on how to replicate the results of the

paper.

Sample selection

The initial sample is constructed based on lists generated in Morningstar Direct. As explained in the
main part, and shown in Table 1, the treated countries are Denmark, Norway, and Sweden. In these
countries, there has been strict scrutiny by the financial authorities. The European countries included
in the initial sample are Austria, Belgium, Finland, Poland, Portugal, and Switzerland. In these
countries, there has been no scrutiny or interference from the FSAs. For each country we construct

lists based on the fields Global Broad Category Group, Investment Area, Firm Country, and Base

28 Available at
29

30
31
32

87


https://lovdata.no/dokument/TRSIV/avgjorelse/toslo-2016-105341-2
https://lovdata.no/dokument/LBSIV/avgjorelse/lb-2018-43087
https://betterfinance.eu/publication/better-finance-congratulates-the-norwegian-consumer-council-forbrukerradet-on-its-historic-collective-redress-victory-in-the-name-of-individual-fund-investors-in-europe/
https://fil.forbrukerradet.no/wp-content/uploads/2020/02/press-release-norwegian-supreme-court-verdict-in-the-case-forbrukerradet-vs-dnb.pdf
https://lovdata.no/dokument/HRENG/avgjorelse/hr-2020-475-a-eng

Currency. We set the field Global Broad Category Group equal to equity to extract equity-only funds.
Next we filter by Firm Country equal to Investment Area for funds with Firm Country for the countries
included in the study, to obtain domestic funds. Last, we set the Base Currency equal to the domestic
currency in each country. Also, a large part of the funds is structured with multiple share classes. We
use the field Oldest Share Class, which takes the values of either Yes or No, to filter out the main share

class of each fund. The initial sample consists of 1,148 funds, as presented in Table

Table B.1.
Sample selection of domestic equity mutual funds

This table presents the outcome of our sample selection procedure. The number of funds at the initial step are
those where the management company is located within the same geographic area as they invest. At the fund
type step we exclude all the funds that are registered as either an index fund, enhanced index fund or a fund of
funds. To draw meaningful inference, we require that funds are alive one year before and after the event. Thus
we exclude all funds that have an inception date after 31.01.2013 or an obsolete date before 31.12.2016 in the
alive during event step. In order to form treatment and control groups we need data on active share before and
after the event. Finally, we require funds to have data on key variables such as returns, size etc. during the
event, and thus exclude funds that have missing observations over the two-year event period.

Step Total Treated Control
Initial 1,148 624 524
Fund type 960 522 438
Alive during event 378 177 201
Data coverage 353 156 197
Total sample 353 156 197
Active share < 50% 122 47 75
Active share < 40% 79 33 46

Next, we impose three additional filters based on the fund type. As this study’s scope is to interpret
the portfolios of actively managed funds, we require the funds to be active, i.e., manage a portfolio
where the objective is to outperform a passive benchmark index and have a managed portfolio. For this
we use the fields: Index Fund, Enhanced Index Fund, and Fund of Funds. These three fields take the
values Yes or No, and we set all these parameters to No. For robustness purposes, we cross-check the
fields from Morningstar with the Lipper database and find that our initial sample selection is not free
of errors. Despite having removed index and enhanced index funds from the sample before matching
with Lipper, there are still three Swiss funds flagged by Lipper as index funds. With the two data
providers categorizing the funds differently, we manually check the funds’ investment objectives to
determine which category is most appropriate. All of them state directly in the investment objective
that they are either an index fund or replicate their benchmark index using either the physical or
synthetic method. After excluding funds based on fund type, we are left with a sample consisting of
960 funds in total.

The last requirement is that the funds have sufficient data before and after the event window. The
event is taking place between January 2014 and December 2015. To draw meaningful inference, we
require that each fund has data starting, at the latest, one year prior and ending, at the earliest, one
year after the event. We use the fields Inception Date and Obsolete Date to filter out funds. This
means that funds with an inception date after January 2013 or an obsolete date before December 2016
are filtered out of the initial sample. This leaves us with a sample of 378 domestic actively managed
equity mutual funds in our initial sample from which to draw treatment and control funds based on

active share, with 177 potential treated funds and 201 potential control funds.
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Fund data

After defining the initial sample, we collect fund returns, fund size, and portfolio holdings. The main
source of the time series fund data is Morningstar Direct, while we use both Morningstar and Lipper
Database for the fund portfolio data. For each constituent in the lists explained in the previous section,
we download the variables Monthly Return, Monthly Gross Return, and Monthly Fund Size aggregated
over share classes.

For returns, all income and capital gains are reinvested monthly. The return data is in the local
currency, while assets under management are in USD to have a common currency for comparison
across countries. The Monthly Return includes management, administrative, and other costs that are
deducted from the NAV, such as the 12b-1 fee, and gross returns are returns before fees. Thus, we use
these two variables to compute the expense ratios following the definition from Morningstar Direct.

For the portfolio data, we use both the Morningstar and Lipper database. However, we find that
some of the other European countries’ funds are missing portfolio data in the Lipper database. For these
funds, we download the portfolios from Morningstar to complete the data. We match the Morningstar
(fund characteristics, performance, and portfolios) and Lipper data (fund portfolios) by ISIN or fund
name if ISIN is missing. We end up with a link-list between the two databases with ISIN, fund names,

Lipper IDs (Lipper’s internal fund identifier) and Sec ID (Morningstar’s internal fund identifier).

B.2 Benchmark data

To measure active share and compare the fund returns to the returns of a benchmark, we must
determine a benchmark index to which the fund portfolios and performance are evaluated. We use
Datastream to download the constituents and benchmark weights, as well as the benchmark returns.
We use the primary prospectus benchmark from Lipper if these are available. For funds where the
primary prospectus benchmark constituents are unavailable in Datastream, we choose to use the most
common domestic benchmark within each country for that particular fund type.”” Also, for some of the
indices, we cannot obtain the actual index weights from Datastream and use value-weighted weights
based on market capitalization for the constituents. We match the benchmark portfolios with the
fund portfolios based on stock ISIN. After downloading data for the initial fund sample, some funds
miss either fund or portfolio data. After excluding funds with missing data, we end up with a sample
consisting of 353 funds in total, where 156 are potential treated funds, and 197 are potential control
funds.

The last row in Table reports the final sample. The treated funds are funds from Scandinavia,
and the control funds are funds from other European countries. We also show how many funds are

closet index funds based on a limit of an active share of either 50% or 40%.

33This applies in funds are divided into funds focusing on small, mid, or large-cap companies.
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B.3 Sample

Table , reports summary statistics for all the domestic European active funds in the sample. The
table presents the base sample of funds, where we form treatment groups in the main tests based on

active share levels.

Table B.2.
Summary statistics: Equity mutual funds
This table presents summary statistics for the full sample of funds. The full sample of treated funds are all
Scandinavian funds, and the full sample of control funds are all funds from other European countries. Active

share, assets under management, and fund age is as of December 31, 2013 before the event window. Expense
ratio, gross and net alpha estimates are means over a two-year window before the event.

Sample Full sample Treated Control Diff
Number of funds 353 156 197

Active share (%) 55.6 51.5 59.7 —8.2**
Gross alpha (%) 0.07 0.06 0.09 —0.03
Expense ratio (%) 0.11 0.11 0.11 0.00
Net alpha (%) -0.04 -0.06 -0.02 —0.04
AUM (million USD) 295 423 193 229%**
Fund age (years) 12.8 14.0 11.8 2.2

B.4 Return factors

We download style portfolio returns from MSCIs webpage and create factor returns according to

( , ) and the methodology described on Ken French’s webpage.”” As market return
we use each countries well diversified all cap portfolio with neutral loading from MSCI. To create the
size and value factor we download large cap (LC) and small cap (SC) returns, both with returns for
value, none, and growth style indices to calculate the size and value factor. All returns are downloaded
in local currency to correspond to the fund returns. The factor returns are then calculated by the

following formulas:

1 1

SMB == g (SCvalue + SCnone + chrowth) - g (LCv(zlue + LCnone + LCgrowtha) (1)
1 1

HML = 5 (SCvalue + LCvalue) B 5 (SCQTOWth + LCQTOU’th') (2)

where the subscripts denote the style of the portfolios. Using MSCI returns to create factors, we get
homogeneity across the countries, as the returns of these factors are calculated in the same way for all

countries.

34 Available at:
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B.5 Variables

In this section, we present the variables divided into outcome variables and control variables. The
outcome variables are tested in the regressions, and the control variables are included in the vector of

controls. We use control variables widely used in the literature.

Table B.3.
Variable definitions

This table documents our variables and their definitions. We group them into two categories: Outcome variables
and explanatory variables.

Outcome variables

Name Definition
Active share Percentage of a fund’s portfolio holdings that differ from its benchmark index holdings.
Expense ratio Monthly expense ratio.
Gross alpha Difference between the fund gross return and its benchmark return.
Net alpha Difference between the fund net return and its benchmark return.
Factor adjusted alpha Three-factor alpha (percentage per month) with country-specific factors.
Gross value added Product of a fund’s gross alpha and size (AUM) in USDm.
Control variables
Name Definition
AUM Total assets under management in USDm for all share classes.
Family AUM Total assets under management in USDm for the funds in the same
management company excluding the fund’s own AUM.
Fund age Number of years since the fund’s launch date.
Flows Percentage growth in AUM, net of internal growth (assuming reinvestment of

dividends and distributions).

Explicit indexing (% AUM) Percentage that explicitly indexed funds represent of the AUM of open-end equity
mutual funds in the fund’s country.

Fund industry size Sum of total assets under management for open-end equity mutual funds in the
fund’s country.
GDP per capita Gross domestic product per capita in U.S. dollars in the fund’s country

(World Development Indicators).

B.6 Relations between active share and tracking error

An alternative measure of active management level is tracking error, i.e., the standard deviation of
the funds’ active returns. Active share and tracking error are often used in combination to determine
whether funds are potential closet indexers, where the active share is forward-looking while tracking
error requires historical data for calculation. Figure plots the mean active share against tracking
error of monthly return observations in the pre- and post-event window, in Panel I and II, respectively.
The correlation coefficients between the two variables are 0.73 in the pre-event window and 0.74 in
the post-event window. This shows that for the domestic funds in our sample, these two measures are

highly correlated. This confirms the findings from ( ).
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Figure B.1.
Tracking error and active share

This figure shows the relationship between tracking error and active share in the fund sample. Panel I plots it
for the pre-event window, and panel II for the post-event window.
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C Additional analyses regarding impact on active share and fees

C.1 Testing for pre-trends

If the groups have a differential trend in the pre-event window, this can be a concern. If the interaction
between treatment and a linear time trend is significant and of the same sign as the corresponding
interaction, the results might be a manifestation of the favorable trend rather than the effect of the
intervention.

Figure 2 shows that there is no large difference in pre-trend for active share. In Table C.1 we
formally test for pre-trends. For the cutoff point at 50% the pre-trends are close to zero. For the cutoff
point at 40%, the trend is significantly negative without controls, while insignificant for the regression
with controls. Notice that the pre-trend has an opposite sign of the corresponding interaction terms
in Table 3. A concern with the trend with opposite signs is that the effect is based on reversion to the
mean. However, given the magnitude of the coefficients in our regressions, we argue that the effect
goes far beyond reversion to the mean.

Figure 3 shows that there is no large difference in pre-trend for expense ratio. In Table C.2 we
formally test for pre-trends. The trend before the event is close to zero and insignificant for all cutoff

points and regression specifications.
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Table C.1.
Testing for pre-trend in active share

This table presents formal tests of pre-trend in the main regressions testing the effect the intervention had
on active share in Table 3 in Section 5. The displayed results are from panel regression over the pre-event
window. The regressions in Column 1-2 employs the sample of closet index funds using the 40% active share
limit. Conversely, Column 4-5 uses the 50% active share limit. The coefficient Scrutiny - t tests the difference
in trend in active share. All regressions include fund fixed effects and time fixed effects. Standard errors are
presented in parentheses. In Column 1 and 3 standard errors are clustered at the fund level. In Column 2 and 4
standard errors are clustered independently along the fund and date dimensions (two-way clustering). Asterisks
denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

40% 50%

(1) (2) 3) (4)
Scrutiny - t —0.142** —0.169 —0.021 0.013
(0.062) (0.124) (0.053) (0.075)

Controls No Yes No Yes

Fund FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes
Sample Actual Actual Actual Actual
N 1,864 1,711 2,875 2,637
Adjusted R? 0.887 0.908 0.907 0.915

Table C.2.

Testing for pre-trend in expense ratio

This table presents formal tests of pre-trend in the main regressions testing the effect the intervention had
on expense ratio in Table 4 in Section 5. The displayed results are from panel regression over the pre-event
window. The regressions in Column 1-2 employs the sample of closet index funds using the 40% active share
limit. Conversely, Column 4-5 uses the 50% active share limit. The coefficient Scrutiny - t tests the difference
in trend in active share. All regressions include fund fixed effects and time fixed effects. Standard errors are
presented in parentheses. In Column 1 and 3 standard errors are clustered at the fund level. In Column 2 and 4
standard errors are clustered independently along the fund and date dimensions (two-way clustering). Asterisks
denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

40% 50%
(1) (2) (3) (4)

Scrutiny - t 0.000 0.000 —0.000 —0.000

(0.000) (0.000) (0.000) (0.000)
Controls No Yes No Yes
Fund FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Sample Actual Actual Actual Actual
N 1,861 1,729 2,879 2,667
Adjusted R? 0.968 0.978 0.949 0.955

C.2 Propensity score matching

This section explains how we match treated funds with control funds. A propensity score is the
probability of treatment conditional on the matching variables. The matching variables are realized
gross alpha, assets under management in USD and fund age. The propensity scores are calculated by

running the regression.

Treat; = $1&;2013m12 + B2AU M; 2013m12 + B3Ag€i 2013m12, (3)
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where assets under management and fund age are collected in December 2013, and gross alpha are the
means over the last year, i.e., from January 2013 to December 2013. We match with ratio 1-1, i.e.,
each of the treated funds is assigned one control fund with similar properties along with the matching
variables. Also, we add constraints on how large the propensity score differences can be for the funds
to be a good match. We set the constraint, Caliper, which is the standard deviation of the propensity
score within which to draw control units to 0.25. Also, we use average alpha as a matching variable in

the case of multiple potential matches within each limit.

C.3 Signal jamming

We examine whether the change in activity comes from "real bets" or whether the managers only added
noise to their returns, also known as signal jamming ( ( ) and

( )). As a measure for whether the fund randomly selects stocks or take more concentrated bets,
we use the Stock Concentration Index (SCT). This is a stock-level version of the industry concentration
index developed by ( ). The SCT is calculated by summarizing the squared

active weights,
N
SCI =" (uf)?, (4)
i=1

for a total of N stocks. The measure gives larger weight to larger active weights and suppresses smaller
active weights. The measure is related to a portfolio level of the Herfindahl measure (HHI). The
advantage of SCT is that it "corrects" for the market weights.”” By comparing the development of SC'T
for treated closet index funds with control closet index funds, we learn how the managers implement
the activity change. If they spread the bets (signal jamming), we would expect no difference in change
of SCI, while if they take more concentrated bets, we would expect an increase in the difference in
change of SCT.

To describe the development of the active portfolio concentration, we use the same methodology as
when testing the change in active share. We compare the SCT before and after the event and against
a control group in a diff-in-diff setting.

We report the regression results in Table . Suppose we assume the active portfolios for treatment
and control are equal before. In that case, we find from Column 1 and 2 that the treated post portfolios
with a cutoff at 40% have more concentrated active bets. This is not the same for the 50% cutoff. In
the diff-in-diff analysis and fixed effect regression for both cutoffs, the results are mixed. Thus, mixed
results regarding how the managers implement the increased active share for the active portfolios. In
Appendix 6.1, we perform similar analyses to investigate different parts of the active portfolios. Among
other things, we find that treated managers take more concentrated bets in stocks not previously part

of the active portfolio.

35The Herfindahl-Hirschman Index is defined as HHI = Zf;l (w? )2. The weight w? is total portfolio holding, and not
the active weight w;'.

36The numbers for SCT are presented in percentage. A fund with three active weights of —0.05, —0.05, and 0.10 have
SCT equal to (—0.05)% 4 (—0.05)% + (0.10)? = 0.015, and this is presented as 1.5 (in %).
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Table C.3.
Effect from intervention on SCI

This table present tests on the effect the intervention had on SCI for closet index funds. We use 40% and 50%
as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff post, is
a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the event.
The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use the
actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently

along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%

Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny 0.012***  0.012*** 0.000 —0.000

(0.002) (0.002) (0.006) (0.006)
Scrutiny - Post 0.006  0.006"**  —0.018"** —0.001  0.003  —0.026""

(0.004)  (0.002) (0.006) (0.008)  (0.003) (0.010)

Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual Actual Actual Match Actual  Actual Actual
N 79 7 158 3,788 3,691 122 119 244 5,697 5,506
Adjusted R? 0.236 0.233 0.110 0.764 0.815 0.000 0.000 0.001 0.412 0.421

D Additional analyses regarding impact on value creation

D.1 Testing for pre-trends

A different trend in the pre-event window between treated and control funds can be a concern. If
the interaction between treatment and a linear time trend is significant and of the same sign as the
corresponding interaction, the results might be a manifestation of the favorable trend rather than the
effect of the intervention.

For gross alpha, Figure 4 shows that there is no large difference in pre-trend; if something, the
treated funds perform better than the control funds. In Table we formally test for pre-trends. The

trend before the event is close to zero and insignificant for all cutoff points and regression specifications.
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Table D.1.
Testing for pre-trend in gross alpha

This table presents formal tests of pre-trend in the main regressions testing the effect the intervention had
on gross alpha in Table 5 in Section 5. The displayed results are from panel regression over the pre-event
window. The regressions in Column 1-2 employs the sample of closet index funds using the 40% active share
limit. Conversely, Column 4-5 uses the 50% active share limit. The coefficient Scrutiny - t tests the difference
in trend in active share. All regressions include fund fixed effects and time fixed effects. Standard errors are
presented in parentheses. In Column 1 and 3 standard errors are clustered at the fund level. In Column 2 and 4
standard errors are clustered independently along the fund and date dimensions (two-way clustering). Asterisks
denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

40% 50%

(1) (2) (3) (4)
Scrutiny - t —0.002 —0.006 0.004 0.010
(0.005) (0.020) (0.004) (0.017)

Controls No Yes No Yes

Fund FE Yes Yes Yes Yes

Time FE Yes Yes Yes Yes
Sample Actual Actual Actual Actual
N 1,859 1,729 2,876 2,667
Adjusted R? 0.078 0.084 0.121 0.117

D.2 Clustered standard errors

A potential concern with the regressions in the main analysis is that the time dummy does not fully
capture potential autocorrelation across funds each month. Therefore we extend the results in Table

in Section by clustering on date and benchmark pairs. This clustering method implies that we
allow for autocorrelation. From the different clusters in Table , we find that the standard errors

increase when we go from one-way fund clustering to two-way fund and time clustering.

Table D.2.
Sensitivity: Cluster robust s.e. and gross alpha

This table shows the effect of different clustering levels on the size of regression standard errors for the panel
fixed effects regressions in Table 5, Column 5 and 10 in Section 5. Results are shown for the samples using 40%
and 50% cutoffs. Asterisks denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

40% 50%
(1) (2) (3) (4) (5) (6)

Scrutiny - Post —0.529*** —0.529** —0.529"* —0.396"** —0.396 —0.396

(0.086) (0.257) (0.265) (0.090) (0.221) (0.241)
Controls Yes Yes Yes Yes Yes Yes
FE Fund + Time Fund + Time Fund + Time Fund + Time Fund + Time Fund + Time
Cluster Fund Fund + Country x Time Fund + Time Fund Fund + Country x Time Fund + Time
N 5,427 5,427 5,427 8,258 8,258 8,258
Adjusted R? 0.106 0.106 0.106 0.131 0.131 0.131
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D.3 Placebo tests

As shown in the histogram in Figure .1, we find a significantly negative effect (5% confidence level)
only for 1 of the 1,000 trials (0.1%) when using 40% as the limit on active share. For the sample using
50% as a limit, the corresponding number of trials with a significantly negative estimate is 13 (1.3%).
Further, only 0.1% (40% limit) and 1.3% (50% limit) of the estimated coefficients on the Scrutiny -
Post interaction term is equal to or smaller than the coefficient estimated using the original sample
(-0.093 and -0.090, represented by solid vertical lines in the figure). These results reassure us that our
tests capture the treatment effect of regulatory scrutiny on fund value creation and not some random

effect or omitted variable.

Figure D.1.
Random assignment to treatment and control group

This figure presents histograms of the estimated coefficients of a falsification test for the difference-in-difference
model for gross alpha. We use 40% and 50% as the cutoff points to classify funds as closet indexers. In each
of the 1,000 separate estimations, the treatment and control groups are randomly assigned following a uniform
distribution with the ratio of treated to control identical to the one of the original sample (see Table 2). Then,
the DiD model (i.e., a model equivalent to Column 3 and 8 in Table 5) is re-estimated using the randomly
assigned treatment variable. The reported coeflicients are for the interaction Scrutiny - Post. The solid vertical
lines marks the estimated coefficients in Column 3 and 8 in Table 5.

Limit active share: 40% Limit active share: 50%
75
50
25
E)0.10 -0.05 0.00 0.05 0.10-0.10 -0.05 0.00 0.05 0.1(

Scrutiny x Post
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D.4 Net alpha

In Table we perform the same analyses for net alpha as we perform for gross alpha in Table

The estimates are similar.

Table D.3.
Effect from intervention on net alpha

This table present tests on the effect the intervention had on net alpha for closet index funds. We use 40% and
50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff post,
is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the event.
The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use the
actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post Diff post DiD FE FE
Scrutiny —0.049* —0.043 —0.077**  —0.077"*
(0.026) (0.026) (0.029) (0.029)
Scrutiny - Post —0.085* —0.076* —0.528" —0.087* —0.073"*  —0.396
(0.046) (0.040) (0.265) (0.046) (0.037) (0.242)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual Actual Actual Match Actual Actual Actual
N 79 77 158 5,522 5,427 122 119 244 8, 445 8, 258
Adjusted R? 0.031 0.021 0.004 0.096 0.106 0.049 0.050 0.011 0.128 0.132
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D.5 Factor adjusted alpha

So far, our analysis has not disentangled the excess return in either stock picking or factor tilts. In
this section, we adjust the active returns for factor risk from the market, a size factor, and a value
factor. One problem with measuring factor tilts is that we measure the exposure ex post, and this
exposure can be different from the indented ex ante exposure.

The risk-adjusted diff-in-diff estimates for alpha from Table are consistent with the findings
in Section 5, but are slightly smaller in magnitude. Thus, the negative excess return is caused by the

combination of poor stock picking and factor exposure.

Table D.4.
Effect from intervention on factor adjusted alpha

This table present tests on the effect the intervention had on factor adjusted alpha for closet index funds. We
use 40% and 50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled
Diff post, is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the
event. The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use
the actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny —0.025 —0.014 —0.001 0.002
(0.033) (0.032) (0.028) (0.027)
Scrutiny - Post —0.077  —0.067* —0.019 —0.046 —0.038 —0.025
(0.052)  (0.040)  (0.206) (0.044) (0.035) (0.162)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual  Actual  Actual Actual Match Actual  Actual  Actual
N 79 7 157 5,492 5,427 122 119 243 8,410 8,258
Adjusted R? 0.008 0.02 0.007 0.089 0.093 0.000 0.000 0.002 0.098 0.097

To sum up, our results support that the true active managers were the most successful managers
both in their stock selection and factor tilts. We have not found evidence indicating that closet index

managers are more skilled than true active managers.
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D.6 Value added

Following the arguments in ( ) and ( )
value added for a period (before fees) can be viewed as the total value the funds extract from the
capital markets. This is the product of gross active return, «, multiplied with the fund’s assets under
management, AUM, at the end of the previous period.

In Table we perform the same analyses as in Table 5, but now with value added as the dependent
variable. Even if the statistical significance is slightly lower, we find that funds under scrutiny extract
less value from the stock market than funds not under scrutiny. In Column 1, we find that with a
cutoff point at 40% the treated funds have destroyed, on average, 0.10 million USD more value than
the control funds per month for the four years after the event. From Column 6, we find that the treated
funds with a cutoff at 50% have destroyed , on average, 0.07 million USD more than the control funds
per month for the four years after the event. The value treated funds have destroyed is larger with a

limit at 40%.

Table D.5.
Effect from intervention on gross value added

This table present tests on the effect the intervention had on gross value added for closet index funds. We use
40% and 50% as cutoff points to classify funds as closet indexers. The model in Column 1-2 and 6-7, labeled Diff
post, is a cross-sectional OLS model, where we compare the collapsed group-wise means before and after the
event. The difference between the estimates are due to the underlying sample, where we in Column 1 and 6 use
the actual sample, whilst in Column 2 and 7 we use a matched sample based on one-year pre-event average gross
alpha, fund age and assets under management. DiD is a difference-in-differences model and FE are panel data
regressions with both time and fund fixed effects. Standard errors are presented in parentheses. In Column 4
and 9 standard errors are clustered at the fund level, whilst in Column 5 and 10 they are clustered independently
along the fund and date dimensions (two-way clustering). Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1.

40% 50%
Diff post  Diff post DiD FE FE Diff post  Diff post DiD FE FE
Scrutiny —0.102 —0.085 —0.066 —0.057
(0.131) (0.133) (0.097) (0.098)
Scrutiny - Post —-0.356" —0.326" —0.593 —0.078 —0.045 —0.412
(0.192) (0.189)  (1.088) (0.166)  (0.152)  (0.599)
Controls No No No No Yes No No No No Yes
Fund FE No No No Yes Yes No No No Yes Yes
Time FE No No No Yes Yes No No No Yes Yes
Sample Actual Match Actual Actual  Actual Actual Match Actual  Actual  Actual
N 79 77 156 5,395 5,391 122 119 241 8,264 8,214
Adjusted R? 0.008 0.006 0.018 0.058 0.058 0.004 0.003 0.003 0.053 0.053
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Abstract

Active fee is the ratio between the excess cost of active management over the index
alternative and the fund’s activity level. We suggest a simple model that explains active
capital allocations in the presence of time-varying active fee. We show that investors respond
in accordance with the model’s prediction of a negative relationship between active fee and
subsequent flows. Our findings can be interpreted as negative price elasticity of demand for
active management, where one standard deviation change in active fee translates into a shift
in net flow of 83.4 bps. This effect implies a 42% change in the unconditional expected yearly
flow. The time-series relation is driven by both the activity level and the excess cost of active

management. The result also holds after controlling for Morningstar Ratings.
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1 Introduction

Despite the growing popularity of passive investing, a large part of mutual fund money is actively
managed. An extensive literature examines what matters to active mutual fund investors. Many
papers examine how investors respond to signals such as past performance and fees." In this
paper, we argue that active fee is a valuable signal for a fund’s potential to beat its benchmark
index. Active fee was first proposed by ( ) and is the ratio between the
excess cost of active management over the index alternative and the activity level of the fund.
The measure can be interpreted as the unit price of active management. The lower the measure,
the larger the upside potential of the active mutual fund. We examine whether investors agree
with us and use active fee as a criterion to choose active mutual funds.

There is a sizable discussion on how mutual fund investors should select among active funds.
One part of the literature examines whether it is possible to identify skilled funds”, another part, to
which this paper contributes, examine what investors actually do. What signals influence investors
are not limited to efficiency and rationality but can reflect motivations such as advertising and
salesmanship.” Recently there has been a discussion on whether mutual fund investors behave

rationally and use a full asset pricing model when deciding which funds to buy and sell (see

( ) (BHO) and ( ) (BvB)) or react
to different attention-grabbing or easy-to-process signals (for example ( )
and ( ) show that Morningstar ratings drive fund flows).

The hypotheses we develop are based on something "in the middle". We suggest investors
follow a simple signal in the form of active fee when picking active funds. This signal is not a
result of either a complicated asset pricing model or an estimated prediction that can change due
to "new regimes." Active fee can be seen as the unit price of active management. The numerator,
the excess fee, is how much the given amount costs, and the denominator, the activity level, is
how many units of active management the investor gets.” In Section 2 we formalize the idea by
developing a simple model of fund flow in the presence of time-varying active fee. Our model’s
key implication is a negative time-series relation between active fee and subsequent fund flow.
The result can be interpreted as negative price elasticity of demand for active management.
Furthermore, we develop hypotheses that indicate that the response is negative to excess fees
and positive for activity level if the skill level, measured with IR, is larger than the risk aversion
parameter against active management.

As the mapping from behavior to beliefs is not one-to-one, investors’ true beliefs are unknown.

But in practice, we show that they utilize active fee to pick active funds and that this is a

1See ( ) for a comprehensive review.
2See ( ) for a comprehensive review.
3See ( ) and ( ) for evidence on the importance of

marketing to attract flows for mutual funds.

4With unit pricing, we take the price of a product, for example, 1.59 for a 24-ounce jar of spaghetti sauce, and
divides the total cost by a standard unit of measurement (such as ounces). We then have a simple price comparison
point, i.e., 1.59 divided by 24 ounces = 0.07 per ounce. We can then use that unit price to compare whether we
get the best deal. For example, what is the unit price of a 45-ounce jar of sauce at 3.69?7 When we do the math,
3.69 divided by 45 ounces = 0.08 per ounce, we find that the smaller jar is the best buy.

102



sophisticated response to a challenging problem. Consistent with the model, we find that a
fund’s active fee negatively predicts the fund’s subsequent flow. For example, a one standard
deviation increase in a fund’s active fee translates to a decrease in annual net flow of 83.4 bps
(0.834% = —2.98 - 0.28). This number is economically significant in that it involves a 42%
(= 0.834/1.99) change in the unconditional expected yearly flow. We find that the negative effect
comes from both the numerator, excess fee, and the denominator, activity level. The size of the
effect is about the same when we control for variables known to influence fund flows, such as
Morningstar ratings and past performance. Finally, the effect is less important for large funds.

We give new insight into what drives mutual fund flows. As noted earlier, this literature is
extensive, and our contribution is to come up with a rational but straightforward measure with
as little as possible estimation error. Investors respond to different simple signals, for example,
Morningstar ratings. These measures are based on historical performance one hopes will last
into the future. Active fee is almost as simple as the Morningstar stars, and all information is
freely available, but often not shown in investor information. However, we suggest that increased
awareness may lead to better investment decisions and greater competition in the industry.

Mutual fund flows help us understand the important influences on consumers’ economic
thinking since the decisions are the aggregate of a large portion of society. Since mutual fund
shares are issued and redeemed at a fixed price, essentially no matter the quantity, we can study
the behavior of investors without considering the counterparty to the trade, the mutual fund.
Such an opportunity to explore one side of the market rarely exists elsewhere.

Given investors’ ability to switch among funds and a large number of active mutual funds,
almost all funds face multiple close substitutes. Thus, the opportunity for investors to choose
among rival funds is well established. However, empirical evidence suggests there is significant
price dispersion even when products are homogeneous. ( ) show that complexity
increases the market power because it prevents some consumers from becoming knowledgeable
about prices in the market.

A relevant question is whether investors are sufficiently sensitive to price that they will
respond to excess fees by substituting into a reasonably close substitute fund with a lower price.
The fund flow response to changes in active fee can be interpreted as an estimate of the degree of
price sensitivity of demand for active equity mutual funds. ( ) and

( ) find a negative relationship between total fund fee and mutual fund
flow. However, to our knowledge, no other papers have examined the price elasticity of demand
for active management with such a finely grained measure we use.

The rest of the paper is organized as follows: In Section 2, we propose a simple model and
develop the hypothesis. In Section 3, we present the research design, including the data and
sample. Section 4-6 shows the results, where the main result is described in Section 4. Finally,

in Section 7, we conclude.
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2 Model of the active fee-flow relation

This section outlines a simple partial-equilibrium ex-ante model of optimal active fee for an active
mutual fund investor. Active fee is the ratio between the excess cost for active management over
the degree of active management performed by the manager. The model suggests a negative
active fee relation: a time-series regression in which a fund’s active fee is negatively related to the
fund’s subsequent value-added. For the components of active fee, the activity level and excess
fee, the relation is negative for fees and, in most cases, positive for the activity level.

Based on the pioneering work of ( ), investors cannot expect to be rewarded,
on average, for taking unsystematic risk. However, if an investor possesses the skill to select
superior stocks, the optimal portfolio strategy for an investor can change. Forming a portfolio
that concentrates on stocks for which the investor has the highest conviction may represent a
dominant approach (see for example ( ), and ( ).
Thus, a prospective mutual fund investor faces the choice of an index fund in line with Markowitz
or an active fund that invests in roughly the same universe of assets as the index fund but with

aspirations for better performance and the certainty of higher risk.

Active fund selection model

Investors buy actively managed funds to earn excess returns, i.e., maximize risk-adjusted excess
return net of fees. We call the difference in return between the managed portfolio and the
passive index benchmark portfolio gross alpha, of. A sensible heuristic that narrows the set of
alternative passive assets is to focus on salient benchmarks. Such a benchmark model is relevant
since there is no consensus regarding the true asset pricing model. Given model uncertainty,

( ) show that investors can utilize passive assets (including
benchmarks) instead of the unknown risk factors.

The risk associated with deviation from the benchmark is called activity level, AL;. We set
a negative weight on the deviation from the benchmark but opens up for that this parameter is
low since an active manager can only add value relative to the index by deviating from it.” We
name this active risk aversion parameter, \.

The excess fee is the difference between the total price of the fund over the alternative index
cost, Fy. Asin ( ), we split the fee into a part for portfolio management
services (mainly diversification) and a part for active asset selection. Our fee measure is for the
latter.” Thus, the investor trade off expected alpha against active risk and fees (

, )." We assume the investors maximize the value-added, V A;11 given by the following

equation:

5 ( ), chapter 4, suggests that investors have two separate risk aversions, one for market risk
and another for active risk. Since our model does not see the investment in a relationship with the investor’s total
portfolio, an extension of the model could incorporate the investor-specific diversification effect in this parameter.

5We are ignoring benchmark timing, assuming beta against benchmark equal to 1.

"We do not model the objective of the fund manager.

8Note that this is a different value-added measure than in ( ).

104



VAH_1 == Oég - A ALt - Ft. (1)

A fund manager who merely forms a concentrated portfolio without possessing the inherent
stock selection skills is not likely to experience a successful result. As a measure of the consistency
of performance, i.e., the probability that the manager will realize positive active return every
period, we define information ratio IR;. It helps little for the investor with a skilled manager
(with positive IR) if the manager does not use his skill.” The way the manager can utilize his
skills is by taking deviating positions from the index. The more and larger positions, the greater
the activity level, AL;. With a positive skill, this leads to larger gross alpha, i.e., af = TR - AL;.

( ) also suggest a similar model with a positive relation between activity

level and performance for skilled managers:

VA1 =IR-AL — \- AL — F,
(2)
= (IR—-\)-AL; — F,.

In this basic version of the model, we do not assume we can predict skill from previous signals.
We acknowledge that identifying managerial skill is difficult given finite sample constraints; thus,
for example, past performance or fees are not a signal for future success.'’ However, in some of
the sub hypotheses, we will examine whether investors behave differently depending on the most
common signals.

What will happen with an increasing level of activity or total fees? We first take the derivative

of value-added with respect to the fee level,

oV A
— = —1. 3
5F 3)
Since the derivative is negative, we want a lower fee. Then we take the derivative of value-added
with respect to activity level:
VA

Our desired activity level will increase if the skill is more considerable than active risk aversion,i.e.,
IR > X. Since a prerequisite of investing in active management is a belief in skill, IR > 0, and,
as suggested above, A is low, we postulate a positive relation between VA and AL. Furthermore,
we find that the derivative is more positive for more skilled managers.

Thus, given that active fee is the ratio between excess fees and activity of the fund, i.e.,
AF; = ALLtp a lower fee or a higher activity level first leads to a lower active fee, which again

leads to a higher value-added for the investor.

Tt does not help to have a skilled football player on the team if he sits on the bench for large parts of the match.
10 Again see ( ) for a review.
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Example: Comparing two funds

Before we formulate the hypotheses, we illustrate our simple model with an example. We compare
two active funds, Fund 1 and Fund 2. The active fund literature has recognized that it is hard to
predict specific estimates. For example, skill is random, leading us to assume skill, represented by
IR, is the same for the two funds. Furthermore, we assume the risk aversion against active risk
is identical. Thus, in our setup, activity level and fee are the only variables that differ between

the funds, leading to a difference in value-added as follows:
VAijy1 — VA1 =1R- (AL1y — ALoy) — (Fip — Foy). (5)

Figure 1:
Active return

This plot illustrates the net alpha return distribution of two hypothetical funds with identical IR of 0.5,
but different fee levels.

—— Fund 1
Fund 2

A% 9% 0% 2% A% 6%

The net return of the two funds is shown in Figure 1. Fund 1 has an activity level, represented
here by tracking error, at o(a1) = 3.0%, while manager 2 has a tracking error at o(az) = 1.5%.
We assume that both managers are equally skilled with an IR at 0.5. Fund 1 has an excess fee
at 0.75%, while fund 2 has an excess fee at 1.5%. The red curve illustrates the investor’s net
alpha for Fund 1 where the expected return is 1.5% — 0.75% = 0.75%. The blue curve illustrated
the distribution of net alpha for Fund 2 with expected return equal 0.75% — 1.5% = —0.75%.
Using Equation 5, we find that the difference in value-added is 1.5%. Active fee is for fund 1:

AFy; = %ggﬁ = 1, while active fee for fund 2 is AFy; = %‘r’o}? = 0.25. This illustrate that a lower
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active fee leads to increased value-added.

Hypotheses

Our model’s key implication is a negative time-series relation between active fee and subsequent

fund flow. Below we list the main hypothesis and explain the sub hypotheses.

Hypothesis 1: Active fee and subsequent fund flow

Above, we have argued that there should be a negative relation between active fee and subsequent
fund flow, named Hla. The fund flow response to changes in active fee can be interpreted as an
estimate of the degree of price sensitivity of demand for active equity mutual funds. In Equation

we showed that the relation between the excess fee level and subsequent fund flow is negative,
named H1b. In Equation 4 we show that the association between activity level and subsequent
fund flow depends on IR and \. Since a prerequisite of investing in active management is a
belief in skill, IR > 0 and a low A, we predict a positive relation, i.e., IR > X, for the typical

investor in Hlec.

e Hla: Negative relationship between active fee and subsequent fund flow.
e H1b: Negative relationship between excess fee and subsequent fund flow.

e Hlc: Positive relationship between active share and subsequent fund flow.

Hypothesis 2: Morningstar ratings and the active fee-fund flow relation

As also argued in the introduction, Morningstar rating has an important influence on fund flows.
Mutual fund ratings do not produce new information. They are purely quantitative, backward-
looking measures of funds’ past performance ( , ). In our simple model,
we do not assume a relationship between past performance and fund flow. An interesting question
is whether Morningstar ratings pick up the same signal as active fee. No paper we are aware of
examines the relationship between past performance and active fee. However,

( ) suggest that there is no clear relationship. We examine how Morningstar ratings
affect the relationship between active fee and fund flow in two steps. First, in H2a, we test if
active fee is correlated with ratings, and then, in H2b, we test whether the impact from active
fee changes when we control for the stars.

The degree of financial sophistication may also vary with the level of rating.

( ) find that investors with high financial literacy choose funds by chasing fund performance.

HYWe can learn from Figure | that Fund 1 has a higher probability of net alpha relative to an index fund (the red
shaded area) compare to Fund 2 (the blue shaded area). We also see that Fund 1 relative to Fund 2 has a larger
upside potential, defined as probability of return above zero), however note that the likelihood of large losses
are larger for Fund 1 than 2.

12 ( ) find that funds with higher active share attract more flows.

( ) and ( ) find a negative relationship between total fund fee and mutual fund

flow.
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This finding implies that owners of high-rated funds are more sophisticated than low-rated fund
owners. A natural question then is whether financial sophistication is related to the response of
active fee. We predict that more financial sophistication investors (high rating) respond more

than less sophisticated investors (low ratings). This prediction we test in H2c.

e H2a: No relation between active fee and subsequent Morningstar rating.

e H2b: Negative relationship between active fee and subsequent fund flow after controlling

for Morningstar rating.

e H2c: More negative relationship between active fee and subsequent fund flow for high

rating investors.

Hypothesis 3: Fund characteristics and the active fee-fund flow relation

The effect may also vary for different segments of funds. First, in H3a, we examine how past
performance interferes with the relation between active fee and fund flow. Past performance is
easily accessible for investors and has been shown to be a predictor of subsequent flows (see for
example ( )). Since Morningstar rating builds on past
performance, we suggest that past performance should have the same impact as Morningstar
ratings (see H2c). Thus, we predict a more negative (positive) relationship between active fee
and subsequent fund flow for funds with high (low) past performance.

In its simplest form, see Equation 2, we do not assume funds face decreasing returns to
scale. However, suppose we expand the model to incorporate diminishing returns to scale in
active management, as suggested by ( ). In that case, we find that skill,
represented by IR, is lower for larger funds than for smaller funds. This again leads to a less
negative relationship between active fee and fund flow. It is more important that a fund is active
when skill is high than when skill is low. In H3b, we predict that the relationship between active
fee and fund flow is more prominent for small funds than large funds.

Third, in H3c, we examine if the fund style interferes with the relationship between active
fee and fund flow. As far as we find, little is known about the typical factor investor.

( ) find that value investors have higher financial and real estate wealth,
lower leverage, lower income risk, lower human capital, and are more likely to be female than
the average growth investor. However, since this is not much to back a hypothesis on, we are
agnostic and formulate a null hypothesis that fund factors do not influence how active fee relates

to fund flow.

e H3a: More negative relationship between active fee and subsequent fund flow for funds

with high past performance.

e H3b: More negative (positive) relationship between active fee and subsequent fund flow

for small (large) funds.

108



e H3c: Fama-French factors do not interfere with the relationship between active fee and

subsequent fund flow.

3 Research design

This section describes the universe in which we test our hypotheses by detailing our data collection
and sample construction. Furthermore, we discuss the main variables and offer some descriptive

statistics.

3.1 Data and sample

We use Lipper as our primary database. It provides a comprehensive sample of mutual funds
offered across many countries. Our primary interest is on the relation between active fee and flow;
therefore, we focus on actively managed open-end equity mutual funds. The active fee calculation
requires an activity measure. We use active share, introduced by ( ),
which was known a few years before the paper’s publication. Consequently, our sample period
is 2006-2019.

From Lipper, we obtain fund characteristics (fund name, domicile, benchmark, monthly
returns, total net assets (TNA), fees and expenses (TER)) in addition to detailed fund holdings.
Since the database provides both active, merged and liquidated funds, it is survivorship bias-free.
Lipper treats separate share classes within the same fund as different observations despite them
having the same holdings and the same returns before expenses. Following ( ),
we keep as our unit of observation the share class that Lipper identifies as the primary share
class. Fund-level variables are consequently aggregated across the different share classes. Fund
holdings are necessary to calculate active share, but their availability varies across countries. In
calculating active share, we follow ( ) and use the Lipper-assigned benchmarks
instead of the self-declared fund benchmarks to infer the investment opportunity sets of funds.
In so doing, we avoid the problem of funds strategically picking their benchmarks. To arrive
at securities’ benchmark weights, we use the weights of index funds and ETFs that replicate
the benchmark. Moreover, fund expense ratios are yearly fees. As highlighted in

( ), investors often respond slowly to fund performance. We, therefore, follow BHO
and model the response of flows on a yearly basis.

The sample obtained from Lipper consists of 39,324 mutual funds with a combined TNA of
6.7 USDtn as of December 2019. In defining a fund’s nationality, we follow ( ),
where it is the location of the management company that dictates residence over the fund’s legal
domicile. To estimate the relationship between flows and active fee, we require a fund to have
at least 12 observations on size and returns. To compute active fee, we drop funds without any
fee information or that have zero observations on active share. Given our primary interest in
open-end equity mutual funds, we exclude index funds, fund-of-funds and closed-end funds. The
resulting sample consists of 13,367 funds (122,172 fund-year observations) with 3.1 USDtn as
of December 2019. Table 1 list the 30 sample countries along with the number of funds and
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fund-year pairs, assets under management, average net flow, active and excess fee and active
share for each domicile.

To complement the data from Lipper, we gather additional information from Morningstar
Direct on fund rating and Morningstar’s style-box classification. Morningstar’s Overall Rating is
a time-series variable that assigns a fund a star rating between one and five stars on a monthly
basis. ” Style-box classification is a 3x3 grid variable indicating where a fund lies in the dimensions
of size (small, mid, large) and style (value, growth, blend).”” We match the Morningstar data
into the Lipper data by ISIN or fund name (text-matching) if ISIN is missing.

3.2 Main variables

In Table in Appendix we give a complete list of all variables including their definition

and data sources. Here, we give a brief overview of the main variables.

Net flow

Following ( ) and ( ), we define new money growth
rate as the net growth rate in total net assets (TNA), not due to dividends and capital gains on
the assets under management, but to new external money. Net flow (NF) for fund 7 at time ¢ is

calculated as:

NFjp = ot — (14 14y), (6)

where TNA;; is the total net asset value in USD for fund ¢ at the end of time ¢ and r;; is fund
1’s total return from ¢ — 1 to . Equation 6 assumes that flows occur at the end of each period, as
we have no information on the timing of new investments. Since we have monthly information
on fund size and returns, we compute net flows using Equation 6 monthly and aggregate these
to a yearly variable, thereby avoiding the assumption that all flows occur at the end of each year.
To ensure that extreme values do not drive our results, we winsorize fund flows at the bottom

and top 1 % level of the distribution within each country-year.

Active fee

An active fund’s portfolio can be divided into an index fund and a "residual" fund with over-
(long) or underweights (short). The relative weighting of these two parts is determined by the

fund’s activity level, for which there are several different measures.'” We use active share (AS),

13See ( ) and for details on Morgninstar ratings and their methodology.
HMSee for details on the Morningstar style-box.
!5Three common measures are tracking error, active share ( , ) and activeness (

, ). With our forward-looking model, we prefer to use active share over ex-post
tracking error. The information needed to compute active share is easier to obtain than ex-ante tracking error
as well. Active share is also more readily available than the activeness measure by Pastor. However, there is a
clear overlap between the different measures. For a formal analysis, see ( )-
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as introduced by ( )
We define active fee (AF) as the unit price of the active management of the fund.
( ) show that we can split a fund’s total expense ratio into an index and an active

part:

TER — (1 — AS) - Indexfee ~ TER — Index fee
AS = AS + Index fee (7)

where we, in the second part, rewrite the expression to highlight the active and index fund part
explicitly. The first term is the cost per percentage point of active share (activity level), i.e.,
what we name the active fee. The latter term is the cost associated with investing in an index
fund tracking the same benchmark as the overall fund. In our analyses, we focus on the active

fund component defined as:

TER;; — Index fee; (8)
AS;+

AF;; =

The TER term in Equation 8 is downloaded from Lipper and is the yearly total expense
ratio of the fund. To obtain relevant index fees, we use our data on 3,100 index mutual funds
and ETFs to compute benchmark-year fees for the benchmarks these index funds track. We
then match index fund fees with our active funds based on their respective benchmarks.” The
difference between TER and index fee is often called excess fee. Due to dispersion in the
frequency of portfolio reporting intra-year, we use the average active share for fund ¢ in year ¢

in the denominator.

3.3 Empirical strategy

To examine whether investors can identify and respond to factors affecting a fund’s ex-ante
potential to outperform its benchmark index, we investigate the interaction between active fee
(AF), excess fee (EF) and active share (AS) with future flows. Our main focus is on active
fee. Therefore, if investors identify and respond to changes in active fee, then AF;; 1 and NF;;
should be negatively related. Since we want to measure the investors’ response (net flow) to a

change in either of the three variables discussed, we specify the following baseline regression:

16 Active share is

2

i,t
AS; = Wy, i,e — Wyt
1

N | =

J
where wj,; is the weight of security j in fund ¢’s portfolio at time ¢ and w;j s+ is security j’s weight in the
benchmark b at time ¢. The weight LS fund’s weight is equal to the overall fund’s active share and the index
fund’s weight equals 1 - active share.

I7If a benchmark-year fee is missing, we substitute in the average domicile-year index fee. If both are missing, we
use the global-year index fee.

¥We label the slope coefficient capturing the active fee-flow relation yar, the slope coefficient for excess fee-flow
ver and active share-flow yas.
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NF; i = ori + Xnyit—1 + 0Zit—1 + €pie 9)

where NF; ; is fund 7’s net flow at time ¢. Furthermore, since we have three independent variables
of interest, we denote that Xj;; 1 can be main variable £ for fund ¢ at time ¢ — 1, where
k € {AF,EF, AS}. Since we model active capital allocation as a function of time-varying active
fee, our primary interest lies in the time-series relationship between the two. Therefore, Equation

includes the ¢ subscript on the constant term ¢y ;, indicating that we do not require equal
intercepts across funds. The main result of this paper is thus the estimated relationship between
active fee (k = AF') and net flow from a fund fixed effects panel regression.'” As fund fixed effects
isolate the time variation, using time fixed effects alone is equivalent to using only cross-sectional
variation in active fee and net flow.

A restriction we do impose is that 741 = Y52 = - -+ = 7%, which increase the power of our
inference. For an individual fund, a negative yar; reflects investors’ reallocation of capital to
(from) fund ¢ in period t based on their ability to identify a decrease (increase) in that fund’s
active fee (better upside potential) in period ¢ — 1. With a maximum of 13 yearly observations
for each fund, the individual 4 ;’s would have low precision. Consequently, our focus is on ;.

Moreover, detecting this active fee-flow relationship demands variation in the upside potential
of each fund. Thus, if a fund does not change its fee or varies its activity level when we observe
them, they will not participate in our results. Therefore, a potential concern is that our results
depend on only a small sub-sample of funds. Still, we detect only eight with zero variation in
active fee, alleviating our worries.

Z;:—1 is a vector of control variables, see Table for their definitions. In addition to those,
different levels of fixed effects (e.g., domicile and benchmark) can be contained in Z; ;1 as a way
of controlling for unobserved group heterogeneity, as advocated by ( )
amongst others. In all tables, we specify the level of variation used to estimate the reported

coeflicients.

19Using fund fixed effects isolate the time-series variation and excludes the cross-sectional variation when using
OLS to estimate v, as shown by ( ). They derive how 4 is a weighted average
of individual fund time-series regressions. Each fund’s weight is influenced by the number of observations and
the variation in active fee. The OLS estimate is given by

N
Vi = wiYk,; where wy ; = ————.
! ; ! 27]:7:1 Tnag(n,
With yearly observations on active fee and net flow, the number of observations for each fund falls within a
relatively tight range. Consequently, the variability in active fee will be the key factor in each fund’s contribution
to the overall estimate.
20Here, the 4 coefficient becomes a weighted average of yearly cross-sectional OLS regressions (see
( ) for details).
21We do however note that in fund-by-fund regressions of Equation 9 where Zar ;+—1 = &, we find that 58 % of
the OLS slopes estimates 4ar,; are negative. Furthermore, 7.3 % (2.4 %) are significantly negative at the 5 %
(1 %) confidence level.

2
Tiaxk,i
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3.4 Descriptive statistics

In this section, we present descriptive statistics for our main variables across the entire sample
and by country. For the control variables that are in Z;;_1, we present descriptive statistics

across the sample.

Table 1:
Country descriptive statistics

This table presents summary statistics on the number of actively managed equity mutual funds, the total net
assets as of December 2019, the average net flow and average active and excess fee, as well as average active share
by country for our sample.

Country Number of funds N fund-year TNA (USDbn) Net flow (%) Active fee (%) Excess fee (%) Active share (%)
Australia 146 1,503 21 3.5 0.8 0.5 69
Austria 231 2,387 13 -2 1.6 1.1 75
Belgium 237 2,098 6.2 -5.7 1.3 0.8 68
Canada 1,399 11,946 269 3.8 2 1.6 83
China 25 287 6.9 -0.9 1.2 1 86
Denmark 199 2,139 30 -3.7 1.4 0.8 69
Finland 195 2,000 24 0.4 1.6 1.1 r
France 948 9,415 84 -0.3 1.5 1.1 75
Germany 493 4,328 118 -4 1.4 0.9 75
Hong Kong 134 1,346 35 -1.3 1.2 0.9 74
India 319 3,268 91 3.6 2.2 1.5 74
Ireland 448 3,720 62 4.3 1.5 1.1 r
Italy 174 1,306 9.3 -8.5 2.2 1.3 69
Japan 1,377 11,783 90 -13 1.3 0.9 r
Liechtenstein 150 1,353 4.4 -0.1 1.8 1.5 85
Luxembourg 76 855 25 1.3 1.2 0.9 79
Malaysia 244 2,460 7.4 -2 0.7 0.5 83
Netherlands 95 1,006 18 -6.1 0.8 0.5 74
Norway 153 1,632 36 1.3 1.3 0.9 78
Portugal 26 319 0.5 -8.3 1.6 1 72
Singapore 143 1,400 9.4 -8.4 1.4 1.1 80
South Africa 252 2,398 24 3.7 1.5 1 73
South Korea 924 7,148 20 0 1.3 1 78
Spain 416 3,357 28 -2.5 1.8 1.1 70
Sweden 198 1,814 70 2.2 1.3 0.8 66
Switzerland 279 2,723 21 -4.3 1.6 1 68
Taiwan 363 3,452 14 -15 2.1 1.7 82
Thailand 320 3,000 23 0.8 1.3 0.8 72
UK 1,357 12,308 393 -0.3 1.2 0.9 78
USA 2,010 19,421 1,564 -1.7 0.5 0.4 82
All countries 13,331 122,172 3,119 -2.1 1.4 1 76

Table 1 illustrates the large variation in both active fee and net flows across our global sample
of mutual funds. At one end of the range, we have countries such as Canada and Ireland that
have experienced an average net inflow of capital over the sample period, while countries such as
Japan and Taiwan have large average outflows. Across countries, we see a negative trend in an
average country net outflow of 2.1 % per year over the sample period. This decline is similar to
other sources; see, for example, Figure 3.14 in ( ). The Active fee is, as net flow,
widely dispersed, ranging from an average of 0.5 % in the USA to 2.2 % in Italy, i.e., a spread
of 170 bps between the countries. Overall, the average level of active fee is 1.4 % per year. For
excess fee, the total cost of active management minus indexing, the global country average is 1
% per year. Also, here, the USA is the country with the lowest fee, charging on average only 40
bps per year for active management. Active share at the country level is in the interval between
66 % (Sweden) and 86 % (China).

In Table 2, we summarise our main variables as well as our control variables across all funds
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Table 2:
Variables descriptive statistics

This table presents summary statistics for our main variables and additional control variables used in panel
regressions. For each variable, we report the number of fund-year observations (N), mean and medians, standard
deviation (SD) and mean average deviations (MAD), as well as the minimum and maximum values. These values

are derived from the full set of observations in our sample. The variables are described in Table in Appendix
Variable N Mean Median SD MAD Min Max
Net flow (%) 122,172 -1.99 -4.94 47 19 -100 1,182
Active fee (%) 122172 1.34 1.27 0.99 0.83 -2.9 9.39
Excess fee (%) 122,172 0.98 0.97 0.69 0.6 -1.42 7.11
Active share (%) 122,172 78 81 19 20 3.94 100
Gross alpha (%) 122,172 -0.83  -0.81 7.94 548 48 85
TNA (USDm) 122,172 484 65 3,215 85 1 185,786
Family TNA (USDbn) 122,172 16 2.29 70 3.18 0 1,976
Fund age 122,172 12 10 9.92 8.15 0.11 94
Industry size (USDbn) 122,172 787 136 1,518 167 1.63 6,712
GDP per capita (USDk) 122,172 43 44 21 11 0.81 181
Competition (1-HHI) 122,172 94 96 7.52 2.62 8.92 100
Years of schooling 122,172 12 12 1.69 1.19 5 14
Market share index funds (% of TNA) 122,172 17 14 14 11 0.02 83

and years. We find that the average fund has a negative yearly net flow at -1.99%, charges 1.34%
for active management, is 12 years old with 484 USDm in assets and delivers a negative gross

alpha of -83 bps per year.

4 Main results

In this section, we report the estimated slope coefficients on active fee (4r), excess fee (Ygr)
and active share (945) for various specifications of the panel regression capturing the ex-ante

upside potential-flow relation. All tests, follow the structure from Equation

4.1 Active fee and flow

Our first hypothesis relates to the central implication from the model in Section 2 of a negative
time-series relation between active fee and subsequent flows. In Table 3, we provide details on
this relation by reporting the estimated slope coefficient of active fee, or 44, for variations of
Equation 9. In the first four columns, control variables are not included, while they are included
in Columns 5-8.

Column 1 reports the slope coefficient when no fixed effects are included in the panel regression.
This entails that we have dropped the 4 subscript from the constant term in Equation 9, thus
we are not only imposing the restriction that yar1 = v4r2 = --- = yar, but also that psp1 =
YAr2 = -+ = @ar. The estimate in Column 1 thus reflects both cross-sectional and time-series
variation. The estimate, -0.76 is statistically significant. Column 2 is the result from a purely
cross-sectional regression, in which fund fixed effects in Equation 9 p4r; is replaced by year fixed

effects p1ar¢. The estimate of -1.40 means that isolating cross-sectional variation strengthens
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Table 3:
Active fee-flow relation

This table reports the estimated slope coefficients from eight different panel regressions of NF; ; on AF; ;1 They
differ in their treatment of fixed effects and inclusion of additional controls beyond active fee. The control variables
are described in Table in Appendix . NF;+ is fund 4’s net flow in year t. AF;+_1is fund #’s active fee in the
year ending before net flow is measured. For each model we report the level of fixed effects and the dimension we
cluster our standard errors. As short-hand notation, we use F for fund and Y for year. Asterisks denote statistical
significance: ***p<0.01, **p<0.05, *p<0.1.

Net flow (t)
1) (2) (3) (4) (5) (6) (7) (8)
Active fee, 1 —0.76***  —1.40%**  —2.98%%*  _303%** —0.13  —1.36%*  —2.81%%  _4.21%*
(0.13) (0.33) (0.58) (0.60) (0.14) (0.33) (0.55) (0.56)
Controls No No No No Yes Yes Yes Yes
Fixed effects None Y F F+Y None Y F F+Y
SE Robust F+Y F+Y F+Y Robust F+Y F+Y F+Y
N 94,571 94,571 94,571 94,571 86,186 86,186 86,186 86,186
R?2 0.00 0.00 0.25 0.25 0.03 0.03 0.34 0.34
Adjusted R2 0.00 0.00 0.13 0.13 0.03 0.03 0.23 0.23

the active fee-flow relation considerably.

The slope coefficient in Column 3 is negative and highly significant. This finding of a negative
active fee-net flow relation in the time-series is the main empirical result of the paper. The average
within-fund standard deviation of Xar ; ;—1 is 0.28. Therefore, the estimated slope of -2.98 implies
that a one standard deviation increase in a fund’s active fee translates to an decrease in annual
net flow of 83.4 bps (—0.834% = —2.98-0.28). This number is economically significant in that it
involves a 42 % (= 0.834/1.99) reduction in unconditional expected yearly outflow.

In Column 4, we add time fixed effects to the panel regression, meaning that the matrix
of controls Z;;_1 is replaced by a vector of year-dummies p;. The resulting slope coefficient
is slightly more negative, -3.03. The only thing separating the estimate in Columns 3 and 4
is the inclusion of year fixed effects. This addition controls for any unobserved variables that
change over time but not across funds within each sample country.”” This can be macroeconomic
variables, regulatory changes etc. Because our results with and without time fixed effects are
close to each other, such aggregate variables cannot explain the negative relation between active
fee and net flow.

In Column 5-8, we run the same panel regressions as in Column 1-4, but now we condition on
the set of control variables listed in Table . Most importantly, the main specification, fund
fixed effects, is only somewhat weakened when controlling for fund and country characteristics.

The economics of this slope coefficient suggests that a one standard deviation increase in active

22In single country studies, adding time fixed effects, control for unobserved variables that change over time but
not across funds within that country. Thus, time fixed effects can be interpreted as country-specific unobserved
time-varying changes affecting all funds equally. In our case, adding time fixed effects, in the same way, controls
for global unobserved time-varying changes that affect all funds in the same way. Therefore, when including
time fixed effects, we first residualize the main variable of interest by regressing it on year dummies country by
country. This variable stripped of time-varying unobserved effects is then used in conjunction with fund fixed
effects in the panel regressions.
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fee is associated with a subsequent decrease in the net flow of 78.7 bps (—0.787% = —2.81-0.28).
This effect is still economically important as it represents a 39.5% reduction in unconditional
expected yearly outflow. Using both cross-sectional and time-series variation in combination with
controls weakens the relation a lot. In Column 6, we see that the pure cross-sectional relationship
still obtains. More interestingly, controlling for country-specific unobserved time-varying effects
by adding year fixed effects in Column 8 increases the estimated slope coefficient in absolute
terms. Using the within-fund standard deviation of active fee after controlling for year fixed
effects, we see it decrease marginally from 0.28 to 0.275. This entails that a one standard
deviation increase in active fee is related to a 116 bps (—1.16% = —4.21 - 0.275) decrease in
the year-ahead net flows, a reduction in unconditional expected outflow of 58.3% (= 1.16/1.99).
Thus, consistent with the hypothesis, we find that a fund’s active fee negatively predicts the

fund’s subsequent flow.

4.2 Excess fee and flow

Having established a strong time-series relation between active fee and net flow in Section 4.1,
we now zoom in on the numerator of the active fee measure, excess fee. Our hypothesis is based
on Equation 3, where we show how that higher fees lead to lower value-added. As such, we test
whether there is a negative relation between excess fee and net flow. Following the same setup

as before, we now run our panel regressions on excess fee instead.

Table 4:
Excess fee-flow relation

This table reports the estimated slope coefficients from eight different panel regressions of NF; ; on EF; ;1. They
differ in their treatment of fixed effects and inclusion of additional controls beyond excess fee. The control variables
are described in Table in Appendix . NF;+ is fund ¢’s net flow in year t. EF; +—1 is fund i’s excess fee in the
year ending before net flow is measured. For each model we report the level of fixed effects and the dimension we
cluster our standard errors. As short-hand notation, we use F for fund and Y for year. Asterisks denote statistical
significance: ***p<0.01, **p<0.05, *p<0.1.

Net flow (t)
1) (2) (3) (4) (5) (6) (7) (8)
Excess fee;—1 —0.18 —1.20** —1.93* —0.34 0.11 —2.22%** —2.09** —5.26***
(0.18) (0.47) (1.07) (1.00) (0.22) (0.50) (0.96) (0.97)
Controls No No No No Yes Yes Yes Yes
Fixed effects None Y F F+Y None Y F F+Y
SE Robust F+Y F+Y F+Y Robust F+Y F+Y F+Y
N 94,571 94,571 94,571 94,571 86,186 86,186 86,186 86,186
R?2 0.00 0.00 0.25 0.25 0.03 0.03 0.34 0.34
Adjusted R?2 0.00 0.00 0.13 0.13 0.03 0.03 0.23 0.23

Table 4 list our estimated slope coefficients for the various specifications. The results vary to
a larger extent, but are for the most part, in agreement with what the literature has found earlier
( ( ), and ( )). There is no significant relation between excess

fee when employing cross-sectional and time-series variation (Column 1), nor when controlling
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for year fixed effects in the time-series relation (Column 4). The pure time-series relation is
statistically significant on the 10% level, and the relation is here weaker than the comparable
one in Table 3. Despite being on the statistically weaker end, the economic significance is not
trivial. Given a within-fund standard deviation in excess fee of 0.185, the coefficient in Column
3 suggests that one standard deviation change is associated with a subsequent change flow of
35.7 bps, which translates to an 18% relative change compared to the unconditional average.
Including controls in Column 5-8 brings the slope coefficients more in line with the results in
the previous section. The pure cross-section results are stronger for excess fee (ypp = —2.22 than
for active fee (94 = —1.36), a little weaker for in the time-series (ypr = —2.09 vs. J4p = —2.81)
and considerably stronger when controlling for year fixed effects in the time-series relationship.
In sum, we find a negative effect from excess fee, however, not as strong as suggested by the

model.

4.3 Active share and flow

Lastly, in this section, we test the relation between active share and net flow. We expect 49
to be positive, indicating that an increase in the size of the long-short fund component attracts

capital. As above, we test this relation using variants of Equation

Table 5:
Active share-flow relation

This table reports the estimated slope coefficients from eight different panel regressions of NF; ; on AS; ;—1. They
differ in their treatment of fixed effects and inclusion of additional controls beyond active share. The control
variables are described in Table in Appendix .NF; ¢ is fund i’s net flow in year . AS;;—1 is fund i’s average
active share in the year ending before net flow is measured. For each model we report the level of fixed effects and
the dimension we cluster our standard errors. As short-hand notation, we use F for fund and Y for year. Asterisks
denote statistical significance: ***p<0.01, **p<0.05, *p<0.1.

Net flow (t)

(1) (2) (3) (4) (5) (6) (7) (8)
Active share;_1 0.07*** 0.06*** 0.21%*** 0.30*** 0.01 —0.00 0.16*** 0.15%**
(0.01) (0.01) (0.03) (0.03) (0.01) (0.02) (0.03) (0.02)

Controls No No No No Yes Yes Yes Yes
Fixed effects None Y F F+Y None Y F F+Y
SE Robust F+Y F+Y F+Y Robust F+Y F+Y F+Y
N 94,571 94,571 94,571 94,571 86,186 86,186 86,186 86,186

R?2 0.00 0.00 0.26 0.26 0.03 0.03 0.34 0.34

Adjusted R? 0.00 0.00 0.13 0.13 0.03 0.03 0.23 0.23

In Table 5, we see that the sign of 449 matches our ex-ante expectations. Furthermore, no
matter what source of variation we draw from, the relation is highly significant when pooling
across funds. ( ) look at a similar relation but rely on the time-series variation
at the benchmark level. In contrast, we use time-series variation at the fund level, meaning that
our coefficient estimates are not directly comparable.

Column 1-4 also shows the time-series relation is more than 3x larger in magnitude than the
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cross-sectional association. The slope estimate in Column 3 suggest that a one (within-fund)
standard deviation increase in active share increases expected net flow by 110 bps (1.1% =
0.21 - 5.25). This effect is on par with the effect found in Column 8 in Section 1.1, where we
controlled for both year fixed effects and other fund and country-level factors. The slope estimate
increases from Column 3 to 4, where we also control for time-varying unobserved variables, but
not by much. Therefore, we infer that these types of unobserved variables are not what is driving
our results.

Conditioning the expected net flow on additional control variables weakens the active share
-flow relation in the interaction between the cross-section and time-series in Column 5, as well
as the purely cross-sectional relation in Column 6, but it persists for our main configuration in
Column 7, even though the economic impact is reduced.”” In contrast to the large change in
slopes when transitioning from Column 7 to 8 in Table 4, controlling for time fixed effects in the
active share-flow relation hardly changes the estimate, meaning that these unobserved aggregate
variables cannot explain the positive relation between active share and net flow.

To assess the statistical significance of the upside potential-net flow slope estimates, we cluster
independently by fund and country-year. Our rationale for clustering by fund is that net flows are
shown to be persistent by ( ). Furthermore, we cluster by domicile-year
to allow for cross-sectional dependence in net flows within each country.

We have established a clear negative time-series relationship between ex-ante upside potential
for outperformance and ensuing net flows. The relationship obtains independently of how we
measure this potential, i.e., by active fee, excess fee or active share. Even though we focus on
the time-series relation, we see in Appendix B that the same result also hold in the cross-section.
Furthermore, the time-series relationship is consistent whether we pool across all funds or by
conditioning on additional control variables. Controlling for aggregate and unobserved time-
varying factors alter, for the most part, not the relationship substantially. Where it does change,
it only strengthens our results, and these changes are driven by the fact that some aggregate
time-varying factors affect the level of excess fee in different countries. The documented relations
are not just highly significant in a statistical fashion, but also economically meaningful in that
conditioning on them reduces next year’s expected net outflow by 35.7% (excess fee) and 1.1%
(active share) when pooled across all funds, and a reduction between 19.6% (excess fee) and

42.2% (active share) as compared to the unconditional expected net flow.

5 Morningstar ratings and the active fee-fund flow relation

This section extends the main results for the active fee-flow relation by testing how Morningstar
ratings influence the relation between active fee and fund flow. The Morningstar Rating, or also

known as the “star rating,” is a purely quantitative, backward-looking measure of a fund’s past

23 A one standard deviation increase in active share is now only associated with an increase in expected net flow
of 84 bps, which is on par with the result for active fee, Column 3 Table 3 in Section
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performance, measured from one to five stars, and are calculated each month.”" Ratings are
annualized by calculating the average monthly rating within a year for each fund. For a more
detailed explanation of the Morningstar ratings and methodology, see

Our tests consist of three different regressions specifications. First, we test how the Morn-
ingstar ratings are related to active fee by running the regression in Equation (9) with ratings
as the dependent variable. This specification assesses whether active fee is orthogonal to the
Morningstar ratings or whether they measure the same thing.

Table 6 report the results for all regression specifications. In Column 1-2, we report the
estimated slope coefficient on active fee, or ¥4, on Morningstar ratings. We find a small and
negative relationship between these two variables. However, the economic significance of the
results is low. A one standard deviation increase in active fee is associated with a decrease of
—0.006 (—0.27 - 0.024) stars in the rating, where the rating ranges from 1 to 5. We also note
that the coefficients do not change much when adding the domicile-year fixed effects in Column
2 and that the standard errors are fairly stable from Column 1 to Column 2 when adding double

cluster. These results show that active fee and ratings are mainly independent of each other.

Table 6:
Active fee-flow relation and Morningstar ratings

This table reports the estimated slope coefficients for active fee from six different panel regressions. In Columns 1
and 2, we estimate the relationship between Morningstar ratings and active fee. In Columns 3 and 4, we estimate
the active fee-flow relationship when controlling for Morningstar ratings. Columns 5 and 6 estimate differences in
active fee-flow relationships for funds with high and low ratings. Fixed effects and level of cluster robust standard
errors are denoted at the bottom of the table. Asterisks denote statistical significance: ***p<0.01, **p<0.05,
*p<0.1

Morningstar Rating (t) Net flow (t)
1) (2) (3) (4) (5) (6)
AF;_1 —0.02 —0.02* —2.99%** —3.39%** —3.20%** —3.76%**
(0.01) (0.01) (0.47) (0.57) (0.50) (0.60)
Rating; 6.19%** 6.38%**
(0.32) (0.43)
High, 4.97*** 5.04***
(0.81) (0.95)
AF;_; - High, ; 0.20 0.39
(0.61) (0.63)
Low;—1 —6.78%** —6.52%**
(0.88) (0.92)
AF,_1 -Low;_1 1.52%%* 1.45%%+
(0.46) (0.49)
Controls Yes Yes Yes Yes Yes Yes
Fixed effects F F+Y F F+Y F F+Y
SE F F+Y F F+Y F F+Y
N 53,593 53,593 53,974 53,974 53,974 53,974
R?2 0.71 0.72 0.33 0.36 0.32 0.35
Adjusted R? 0.65 0.66 0.20 0.23 0.19 0.22

Second, we add lagged Morningstar ratings as a control variable to the main regression in

Equation (9). We argue that by controlling for the ratings, we improve the identification in two

%4 For more information about the Morningstar Star Ratings see:
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ways. First, it extracts the effect of ratings, giving a more clean estimate of the active fee-flow
relationship. Second, it allows for interpreting the economic significance of the active fee-flow
relationship relative to the rating-flow relationship.

Column 3-4 report the estimated slope coefficient of active fee, or 44, on net flows in a model
where we control for the lagged Morningstar ratings. In the model with fund fixed effects (Column
3), the active fee-flow relation also holds when controlling for the ratings, with significance at
the 1% level. Compared to our main results in Column 7 in Table 3, the coefficients do not
change much. A one standard deviation increase in active fee translates into an decrease in net
flow of 0.81% (—2.990 - 0.27). When adding year fixed effects and two-way clusters (Column 4),
our findings are similar and still significant at the 1% level. Compared to Column 8 in Table 3,
the magnitude of the coefficient drops slightly. A one standard deviation increase in active fee
translates into a decrease in net flow of 0.92% ( —3.394 - —0.27). Since past returns are part of
control variables and correlated with ratings, we also perform estimation without these control
variables. However, this specification does not change the estimated results.

In terms of economic significance, we argue that our findings from Section 4 hold and that
active fee still explains a fairly large portion of the flows. From Columns 3 and 4, we find that a
one standard deviation increase in Morningstar rating leads to a rise of 3.28% (0.53 - 6.195) and
3.38% (0.53-6.378) in net flow. This implies that the Morningstar ratings are more important for
explaining the flows, but we argue that active fee still explains a fairly large portion of the flows.
These results also confirm the findings from the literature showing that Morningstar ratings are
important for investors when choosing funds. However, we claim that the active fee signal is
more rational than the Morningstar ratings.

Our third set of tests are related to high and low ratings for funds. To examine differences in
the active fee-flow relation across funds based on ratings, we add interactions of high-rated and
low-rated funds with active fee to the regression in Equation (9). We define high-rated funds as
funds with 4 or 5 stars and low-rated funds as funds with 1 or 2 stars. This implies that the
base of the regression is medium-rated funds with 3 stars.

Columns 5 and 6 show that the relation between active fee and fund flows holds for the 3-star
funds. The active fee-flow relationships are less negative for low-rated funds compared to the
middle group. For high-rated funds, the interaction term is not statistically different from the
funds with medium rating. In the hypothesis development part, we suggest that the less sensitive
to changes in active fee for low-rated funds might be caused by less sophisticated investors for
these funds. This characteristic implies that they are less inclined to collect information and
respond to changes in active fee.

Based on our findings in this section, we argue that active fee as a flow signal is independent
of Morningstar ratings. The implies that even though Morningstar ratings are well-grounded
in the industry and easily accessible for investors, the signal from active fee is still followed by
investors. Relative to our findings in Section 4.1, the magnitude of the coefficient of the active
fee-flow relation does not change much, and the statistical significance holds. We also find that

investors in low-rated funds are less likely to use active fee to allocate assets, which we connect
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to low financial sophistication.

6 Fund characteristics and the active fee-fund flow relation

In this section, we test our third set of hypotheses. We explore whether different fund charac-
teristics influence the active fee-flow relation. We start with the influence of past performance
before we explore who fund size interfere before we finish with fund styles. Table 7 report the
results. We note from the first row in all regressions that the negative and statistically significant
active fee-flow relation holds at the 1% level for the middle groups for all of the characteristics.

In general, fund performance is not very persistent (see ( )). Despite this lack
of persistence, multiple studies document that fund flows follows the funds with highest past
performance (see e.g., ( ), ( ), ( ), and

( ). ( ) show in an international study that the flow-
performance relationship is most present in developed countries. Based on this, we first group
the funds based on past performance. As Morningstar ratings are based on past performance,
these tests are highly related to the tests in the previous section, but past returns are not as
accessible as the Morningstar ratings. We group the funds into terciles based on the benchmark
adjusted net returns of the previous year.”” Funds are sorted within each country-benchmark
segment to determine the rankings.

In Columns 1-2, we show the result where funds are ranked based on past performance.
Similar to Morningstar ratings, we find that the active fee-flow relation is less negative for
the worst-performing funds (lowest tercile).”” In the group of top performers, the coefficient of
the interaction variable is not statistically significant, but the relationship is negative. Since
Morningstar ratings are based on past performance, the similarities between these tests do not
come as a surprise.

We also note that the coefficients of the stand-alone dummy variables for High;—1 and Low;_1,
which can be interpreted as the average flow into these funds relative to the middle group of
funds, are highly significant and of opposite signs. These findings confirm the flow-performance
relationship of previous studies, where we find that money flows into the top performers and out
of the bottom performers.

Next, we investigate the influence of fund size. As suggested by the theoretical model of

( ), funds have decreasing returns to scale. This is also documented in several
empirical studies in the mutual fund literature (see e.g., ( )
and ( )). We can relate this feature to our setting, with a lower skill for large funds than

small funds. This relation implies a less negative relation between active fee and fund flow for
larger funds. For an investor, it is more important that the fund is active when the manager is

skilled than not, i.e., more important for a small fund than a large fund. To test this prediction,

25We use benchmark adjusted net returns as these are the returns left for investors.
26The number of observations with Morningstar data is lower due to missing data or that we couldn’t match the
whole sample.

121



Table 7:
Active fee-flow relation across funds

This table reports the estimated slope coefficients of active fee from eight different panel regressions. Columns 1
and 2 estimate differences in active fee-flow relationships for funds with high and low past performance. Columns
3 and 4 estimate differences in active fee-flow relationships for funds small and large funds. Column 5 and 6
estimate differences in active fee-flow relationships between small-cap and large-cap funds. Columns 7 and 8
estimate differences in active fee-flow relationships for value and growth funds. Fixed effects and level of cluster
robust standard errors are denoted at the bottom of the table. Asterisks denote statistical significance: ***p<0.01,
**p<0.05, *p<0.1

Dependent variable Net flow (t)
Characteristic High-low performance Large-small funds Large-cap - small-cap Value-growth
(1) (2) 3) (4) (5) (6) (7) (8)
AF; 1 —3.24%*F*  —4.26%** —2.33%** —3.52%%* —2.62%**  —2.69***  —3.37***  —3.87"**
(0.46) (0.57) (0.51) (0.61) (0.88) (1.02) (0.67) (0.73)
Lowi—1 —4.71¥** 4,64
(0.55) (0.67)
High,_; 3.52%** 3.60***
(0.55) (0.70)
AFt71 . LOWt,1 1.13%** 1.09***
(0.30) (0.34)
AF;_1 - High, —0.06 —-0.17
(0.34) (0.39)
Small; 1 19.72%** 19.66***
(1.12) (1.21)
Large;, —16.79***  —17.20***
(0.90) (1.41)
AF¢_1-Small;_4 —0.99 —0.81
(0.63) (0.67)
AFy_1 - Large, 1.15** 1.22%*
(0.51) (0.56)

Small-cap, 4

Large-cap;_,

AFi_1 - Small-cap;_, 3.05 0.82
(1.87) (1.95)
AF¢_1 - Large-cap;_; —1.01 —1.94
(1.02) (1.21)
AF;_1 - Growth;_1 1.88* 0.74
(0.99) (1.08)
AF:_1 - Value;_1 —1.19 —1.10
(1.11) (1.10)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Fixed effects F F+Y F F+Y F F+Y F F+Y
SE F F4+Y F F+Y F F+Y F F+Y
N 82,827 82,827 82,827 82,827 66,534 66,534 66,534 66,534
R?2 0.35 0.37 0.31 0.34 0.34 0.36 0.34 0.36
Adjusted R? 0.23 0.26 0.19 0.22 0.23 0.25 0.23 0.25

we sort funds into terciles based on the fund TNA at the end of the previous year within each
domicile. Next, we run regressions with interactions between the bottom and top terciles, leaving
the middle-sized funds as the regression base.

The difference in active fee-flow relation across funds based on size is presented in Columns 3
and 4. We find a positive and statistically significant coefficient of the interaction for large funds.
This result shows, as predicted, that investors investing in large funds are less sensitive towards

active fee. For small funds, we find a negative effect but not statistically significant difference
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from the mid-size funds. The results for these tests support our hypothesis. If skill is higher
for smaller funds, investors should care more about active fee in these funds compared to larger
funds.

Finally, we examine the Morningstar 3x3 style-boxes.”’ In the tests in Table 7, we focus on
the styles independently, i.e. large vs. small-cap funds and value vs. growth funds. We are
agnostic and do not form any specific predictions.

Columns 5-8 report the results for how fund styles influence the active fee-fund relation. For
small vs. large-cap funds, we see no evidence of any difference in price sensitivity. We find a
positive but weak statistically significant coefficient of the interaction between active fee and flow
for growth funds. Regarding value funds, the coeflicient is negative but statistically insignificant.

In sum, our findings in these tests show that there are differences in the active fee-fund flow
relation dependent on different fund characteristics. In our model in Section 2 we show that
rational investors base investment choices on active fee. We find that investors in the bottom
tercile based on fund performance and in the top tercile based on fund size are less rational, i.e.,
follows active fee less. For the style characteristics from Morningstar, we find only weak evidence

for differences across funds.

7 Conclusion

This paper develops a simple model showing that active fee can be a signal for future value
creation and hypothesize that investors follow it when picking their mutual funds. Our empirical
results are consistent with our predictions. For example, we show that a one standard deviation
increase in active fee translates into a reduction of 83.4 basis points in the subsequent annual
net flow. This result is both statistically and economically significant. Furthermore, the relation
between active fee and flow comes from both the excess fee and the activity level. Thus, we
show that in a market where it is hard for both researchers and investors to identify what creates
value for the investors, at least some investors use a "rational" signal such as active fee.
However, we argue that active mutual fund investors should have responded more than they
did. It is not easy to regulate financial markets, but maybe active fee should be part of the
investor information. As suggested by ( ), disclosure of active fee can
help prevent closet-indexing.”® Moreover, since Morningstar ratings are unrelated to active fee,

a combination of both can be valuable. This question, we leave for future research.

2"The nine styles in the style-box include small-cap value, small-cap blend, small-cap growth, mid-cap value, mid-
cap blend, mid-cap growth, large-cap value, large-cap blend, and large-cap growth. See
for more information about the Morningstar style-box.

28The alternative to disclosing this type of information ex-ante is a potentially costly ex-post intervention and
correction by regulatory authorities. For an example of the latter, see

(2020).
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Appendices

A Data
A.1 Variables

Table A.1:
Variable definitions

This table documents our variables, their definitions, unit of measurement and frequency. We make a
distinction between our main variables and other controls.

Variable Definition

Main variables

Net flow Percentage growth in TNA (in USD), net of internal growth
(assuming reinvestment of dividends and distributions).
See Section 3.2, Equation (6) for details.

Excess fee Total cost of active management, fund fee less comparable index fee.
See Section for details.

Active share Percentage of a fund’s portfolio holdings that differ from its benchmark

index holdings.

Active fee Unit cost of active management, excess fee over activity level.
See Section 3.2, Equation (8) for details.

Other controls

TER Yearly expense ratio. Not used directly in any tests.

Benchmark-adjusted

return (gross alpha) Difference between the fund gross return and its benchmark return.

Fund age Number of years since the fund’s launch date. Used in log form in panel regressions.
TNA Total net assets in millions of U.S. dollars. Used in log form in panel regressions.
Family TNA Family total net assets in millions of U.S. dollars of other equity funds in the same

management company excluding the own fund TNA.
Used in log form in panel regressions.
GDP per capita Gross domestic product per capita in U.S. dollars in the fund’s country
(World Development Indicators). Used in log form in panel regressions.
Education Average number of years of education averaged for men and women
(World Development Indicators).
Fund industry competition 1 - HHI, where HHI is the sum of squared market shares of fund management
companies for mutual funds in the fund’s country.
Fund industry size Sum of TNA for all funds within each domicile-year.
Used in log form in panel regressions.
Market share index The percentage market share of passive investment vehicles within domicile-years,
as measured by percentage of domicile-year TNA.
Morningstar rating A purely quantitative, backward-looking measure of a fund’s past performance,
measured from one to five stars. Star ratings are calculated at the end of every month.
See for more information about the Morningstar ratings.
Morningstar style-box A style based measure based on the tilts toward size (Small, Mid-Cap, or Large)
and value tilt (Value, Blend, or Growth) of the fund’s actual portfolio holdings.
See for more information about the Morningstar style-box.
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B Active fee-flow relation in the cross-section

In this appendix, we provide additional analyses on the active fee-flow relation in the cross-
section. As laid out in Section 2, our model focuses on the time-varying relationship between
net flow and active fee. Furthermore, with a global sample of mutual funds, there is less reason
to expect this relationship to be strong in the cross-section than in the time-series due to a large

number of potential confounding factors affecting the cross-sectional relationship.

B.1 Sorting

To understand the active fee-flow relation, we first start by examining the flow-relationship
to active share, excess fee, and active fee by single and double sorts. First, we form quintile
portfolios based on these variables. Then, we double sort net flow on both excess fee and active
share. Then, to get a more granular view than quintile portfolios allow for, we create percentile
portfolios and plot active fee, excess fee and active share at time ¢ — 1 against net flows at time ¢.

The quintiles are constructed within domicile-year pairs based on lagged sorting variables,
flows are measured over the ensuing year and are presented in Table . We find that net flows
are higher (less negative) in the funds with higher active share (quintile 1 highest and quintile
5 lowest). The same picture emerges for portfolios based on excess fee (quintile 1 has lowest
fees). The funds in Q1 had, on average, an outflow of 4.19 %, whereas the most expensive funds
(Q5) saw an average outflow of 6.52 %. For active fee, the group with the lowest fee level also
saw the least outflows and the most expensive quintile the largest. For all variables (with the
exception of Q1 to Q2 for active share), there is a strict negative linear relationship between
less favorable variable levels and subsequent flows. Furthermore, the differences between Q1 and
Qb5 are statistically significant for all. In isolation, both active share and excess fee show the
same pattern but combined through active fee the relationship is the strongest with the largest

increase in outflows from Q1 to Q5.

Table B.1:
Sorting: Quintiles
Net flows in quintiles based on active share, excess fee, and active fee. The variables used for sorting is denoted
at the top of the table. For active share, Q1 contains the funds with the highest active share, and Q5 the funds

with lowest active share. For excess fee and active fee, Q1 contains the funds with lowest fee, and Q5 the funds
with highest fee.

Net flow

Quintile Active share (H to L) Excess fee (L to H) Active fee (L to H)
(1) -4.63 -4.19 -3.85

(2) -4.24 -5.07 -4.33

(3) -5.13 -5.64 -5.78

(4) -6.30 -6.25 -6.37

(5) -7.38 -6.52 -7.36

(1) - (5) 2.75*** 2.33*** 3.51%**

Similarly to ( ), we double sort net flow on active share and excess
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fee and present these results in Table . This allows us to assess in more detail the relationship
between net flows and the intersection of the main components making up our variable of interest.
We saw a clear and negative relationship between net flow and quintile portfolios using univariate
sorts in Table . As was the case there, here we also witness a more or less negative linear
relationship between net flows and decreasing active share within quintiles of excess fee. Keeping
the active share variable constant and moving from smallest to largest fee levels, we see for each
level of active share that this negative relationship is strictly decreasing. The only exception is
when moving from fee category M to L for active share category S. Likewise when keeping the
fee categories constant and moving along the active share dimension, much of the same dynamics
apply. However, it seems to be for all levels of excess fee a break in the relation when moving
from the XL to L category of active share. These results give additional support to the notion

that investors appear to take active share into account when selecting funds.

Table B.2:
Double sorting flows

Net flows in quintiles based on active share and excess fee. Here, we double sort into quintile pairs and calculate
average net flows. The value in the top-left cell is the average net flow to the group of funds with the highest
active share and the lowest excess management fee.

Active share

Excess fee XL L M S XS

XS -3.31 -1.51 -2.43 -6.45 -5.64
S -3.64 -3.27 -5.09 -5.93 -6.64
M -4.41 -3.53 -5.36 -6.80 -8.10
L -5.49 -5.69 -6.12 -5.59 -9.02
XL -5.48 -6.00 -6.56 -6.86 -9.06

To allow for a more detailed picture of the cross-sectional relationship between net flow and
active fee, we perform the same exercise but separate funds into percentile buckets and plot
active fee at ¢ — 1 against net flow at ¢. This is shown in Figure , where we also superimpose
a linear fit. Figures and shows the same, but for the main components that go into our
active fee calculations.

It is evident from Figure that the cross-sectional relationship is negative as well, indicating
that active fee is able to explain some of the variations in the cross-sectional flows in the capital
in and out of actively managed mutual funds. We infer from this that, on average, investors

withdraw capital from actively managed funds that charge a high fee for active management.
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Figure B.1:
Active fee-flow relationship
This plot shows the relationship between average net flow at time ¢ and active fee at time ¢ — 1. For
each domicile-year we rank actively managed funds according to level of active fee (1 = lowest and 100 =

highest). Then, we plot the average net flow within each percentile against the average active fee within
each percentile. The correlation between NF; ;_; and AF;_; is -0.68.
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Figure B.2:
Active share-flow relationship
This plot shows the relationship between average net flow at time ¢ and active share at time ¢ — 1. For
each domicile-year we rank actively managed funds according to level of active share (1 = lowest and 100

= highest). Then, we plot the average net flow against the average active share within each percentile.
The correlation between NF; ;1 and Activeshare;_; is 0.56.
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Figure B.3:
Excess fee-flow relationship
This plot shows the relationship between average net flow at time ¢t and excess fee (EF) at time ¢ — 1.
For each domicile-year we rank actively managed funds according to level of EF (1 = lowest and 100

= highest). Then, we plot the average net flow against the average EF within each percentile. The
correlation between NF; ;1 and Excessfee;_; is -0.46.
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