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BRIEF SUMMARY

This dissertation is composed of three self-contained chapters where the common

object of interest is asset management. Actively-managed mutual fund skill is a

central theme in asset management. This thesis aims to investigate different types

of mutual fund skills and how fund firms exploit their managers’ skill to generate

higher revenues. The first chapter examines the source of active mutual funds’ value

added (a proxy of active investment skill) by decomposing the value added using

public asset pricing anomalies. It shows that mutual funds lose substantial value to

accounting anomalies and add value to market anomalies. This is because funds

do not have the skill to keep low exposure to accounting short legs while profiting

from high exposure to market-based anomalies. The second chapter studies the

spillover effect of senior mutual fund managers’ capital raising ability on their junior

colleagues. It provides evidence that fund managers benefit their colleagues through

their capital raising ability which is another managerial skill fund managers possess.

The third chapter explores the outcomes and reasons for asset management firms’

reallocation decisions. It shows that the fund manager’s capital raising ability is an

important managerial skill that fund firms exploit to generate higher firm revenues.
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BRIEF DANISH SUMMARY

Denne afhandling er sammensat af tre selvstændige kapitler, hvor fællesnævneren er

formueforvaltning. Aktivt forvaltede færdigheder i investeringsforeninger er inden for

formueforvaltning for et centralt tema. Denne afhandling har til formål at undersøge

forskellige typer færdigheder hos investeringsforeninger, og hvordan investeringsfor-

eninger udnytter deres lederes evner til at generere højere indtægter. Første kapitel

undersøger kilden til aktive investeringsforeningers merværdi (en proxy for aktiv in-

vesteringsfærdighed) ved at dekomponere værditilvæksten vha. uregelmæssigheder i

prissætningen af offentlige aktiver. Det viser, at investeringsforeninger mister væsent-

lig værdi til regnskabsmæssige uregelmæssigheder og tilføjer værdi til uregelmæssig-

heder på markedet. Dette skyldes, at foreningerne ikke evner at holde eksponeringen

lav for regnskabsmæssige "short legs", mens de profiterer af høj eksponering for

markedsbaserede anomalier. Andet kapitel undersøger afsmitningseffekten fra mere

erfarne forvaltere af investeringsforeninger på deres mindre erfarne kollegaer mht.

evne til at rejse kapital. Det beviser, at foreningsforvaltere er til gavn for deres kolleger

gennem deres evne til at rejse kapital, hvilket er en anden ledelseskompetence, som

foreningsforvaltere besidder. Tredje kapitel udforsker resultaterne og årsagerne til

kapitalforvaltningsfirmaers beslutninger om omfordeling. Det viser, at forenings-

forvalterens kapitalfremskaffelsesevne er en vigtig ledelsesmæssig færdighed, som

investeringsforeninger udnytter til at indbringe højere virksomhedsindtægter.
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SUMMARY

Asset management has been an important topic in finance given that investment

funds manage billions of assets and affect the pricing of financial assets. Whether

mutual funds possess skill is a central theme in asset management. The mutual fund

literature mainly focuses on the fund’s active investment skill. Some papers find that

mutual funds have no skill (e.g. Jensen (1968); Fama and French (2010)), while others

provide evidence supporting the view that active equity funds are indeed skilled (e.g.

Berk and van Binsbergen (2015); Barras, Gagliardini, and Scaillet (2021)). However,

many stylized facts in mutual funds cannot be explained by the active investment

skill framework. For example, empirical evidence shows that there is a large cross-

sectional dispersion of net alphas and fees of mutual funds (Carhart (1997); Cooper,

Halling, and Yang (2021)). There could be other types of skills that investors demand

in addition to the active investment skill.

The three self-contained chapters of this thesis all investigate the skills of mutual

funds - the active investment skill and the capital raising ability. The first chapter

investigates the source of mutual funds’ active investment skills by decomposing skills

using 234 public asset pricing anomalies. The second chapter documents a spillover

effect of senior fund managers’ capital raising ability on junior colleagues. Junior

managers benefit from senior managers by attracting more capital and generate

higher revenues. The third chapter studies the outcomes and reasons for fund firms’

reallocation decisions by focusing on fund managers’ capital raising ability.

Chapter 1, Origins of Mutual Fund Skill: Market versus Accounting Based As-

set Pricing Anomalies (joint with Charlotte Christiansen and Ran Xing) studies the

source of U.S. actively-managed equity funds’ value added, which is a measure of

mutual fund active investment skill (Berk and van Binsbergen (2015)). We decom-

pose the value added using 234 public asset pricing anomalies documented by Hou,

Xue, and Zhang (2018). Empirical evidence shows that mutual funds on average

lose considerable value through their high exposure to the short legs of accounting

information-based anomalies (e.g., investment and profitability), while they add

value through their exposure to the long legs of market information-based anomalies

(e.g., momentum and liquidity risk). This is because there is a high correlation be-

tween the short legs of accounting anomalies and the long legs of market anomalies.

Further analysis in the cross-sectional and in the time series suggests that mutual
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funds losing value to the short-legs of accounting anomalies is due to their inabil-

ity to keep low exposure to it while profiting from high exposure to market-based

anomalies. We rule out other possibilities such as fund flows or the career concerns

of fund managers.

Chapter 2, Spillovers of Senior Mutual Fund Managers’ Capital Raising Ability

documents a spillover effect of senior mutual fund managers’ capital raising ability

on their colleagues. Nowadays, the majority of U.S. mutual funds are managed by

multiple managers, and one manager manages multiple funds (Agarwal, Ma, and

Mullally (2018); Fedyk, Patel, and Sarkissian (2020); Harvey, Liu, Tan, and Zhu (2020)).

This chapter investigates the benefit of this mutual fund management structure. I

show that when a junior fund manager has new senior colleagues in a fund, the

junior manager’s other funds also have substantial capital inflows. To understand

what managerial skill attracts these capital inflows, I extend the active investment

skill model by Berk and Green (2004) with capital raising ability. It predicts that when

the capital raising ability of managers increases, both net and gross alpha decrease

because fund inflows dilute revenues from the active investment. The capital raising

ability does not affect value added when capital is abundant. In contrast, when the

active investment skill of managers increases, gross alphas and value added increase.

Empirical evidence shows that a fund manager’s net and gross alphas in other funds

decrease significantly after having new senior colleagues, and value added from the

active investment does not increase. These findings suggest that there is a spillover

effect of senior managers’ capital raising ability rather than active investment skills.

Chapter 3, Reallocation of Mutual Fund Managers and Capital Raising Ability

shows that mutual fund manager capital raising ability is a crucial skill that fund firms

use to generate higher firm revenues. Fund firms frequently reallocate fund managers

to other funds within the firms. This paper studies which skills are determinants for a

fund manager to be reallocated. Existing studies suggest that active investment skill

is an important reason for manager reallocation (Nanda, Wang, and Zheng (2004);

Berk, van Binsbergen, and Liu (2017); Agarwal et al. (2018)). This paper focuses on

fund manager capital raising ability (Xu (2021)). I find that fund firms reallocate

managers with high capital raising ability to funds with large outflows. Investors

reward the managers’ capital raising ability by investing more capital despite lower

future net alpha and gross alpha. Compared to the active investment skill, capital

raising ability is dominated because future value added by reallocated managers

does not increase. Funds with a larger experience difference between reallocated

managers and existing managers receive higher inflows, indicating that there exists a

synergy effect on manager capital raising ability.
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C H A P T E R 1
ORIGINS OF MUTUAL FUND SKILL:

MARKET VERSUS ACCOUNTING BASED

ASSET PRICING ANOMALIES

Charlotte Christiansen
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Ran Xing
Stockholm University

Yue Xu
Aarhus University and CREATES

Abstract

This paper investigates the source of active U.S. equity mutual funds’ value added

using 234 public asset pricing anomalies. We find that mutual funds on average lose

substantial value through their high exposure to the short legs of accounting anoma-

lies (e.g., investment, profitability, accrual). This high exposure is largely due to the

high correlation between the short legs of accounting anomalies and the long legs of

anomalies based on market information (e.g., momentum, liquidity risk, seasonality).

Funds do not manage to keep a low exposure to the former while profiting from a

high exposure to the latter. Further evidence suggests that the negative exposure

to accounting anomalies is not due to fund flows or the career concerns of fund

managers.
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CHAPTER 1. ORIGINS OF MUTUAL FUND SKILL: MARKET VERSUS ACCOUNTING BASED ASSET

PRICING ANOMALIES

1.1 Introduction

While the old consensus in the mutual fund literature is that fund managers have

no skill (e.g., Jensen (1968) and Carhart (1997)), recent mutual fund papers provide

evidence that active equity mutual funds are skilled and add value over the market

return before fees (e.g., Berk and van Binsbergen (2015) and Gârleanu and Pedersen

(2018)). However, the origins of the funds’ skill (value added) remain an open ques-

tion.1 The large number of public stock market anomalies documented in the asset

pricing literature (e.g., the 234 distinct anomalies in Hou, Xue, and Zhang (2018))

provide a natural framework for this analysis. In this paper, we decompose mutual

fund skill using asset pricing anomalies to help investors understand where mutual

fund skill comes from based on different anomaly information.

We categorize the anomalies into market, accounting, and accounting-to-market

(AtM) based on the sources of information used to construct the anomaly variables.

Anomalies in the AtM category use both market and accounting information. We find

that mutual funds, on average, have significantly positive exposures to anomalies

based on market information (e.g., momentum, liquidity risk, seasonality) and sig-

nificantly negative exposures to anomalies based on accounting information of firm

fundamentals (e.g., investment, profitability, accrual).

The asset pricing literature has been debating whether pricing factors like value

and momentum are risk factors or anomalies for several decades now and yet has

to reach a definitive conclusion on this. Berk and van Binsbergen (2016) and Bar-

ber, Huang, and Odean (2016) document that fund investors chase CAPM alphas,

suggesting that they regard these premia as a source of value added rather than a

compensation for risk. Patton and Weller (2020) report that mutual funds pay large

amount of implementation costs for value and momentum exposures. To make sure

that we do not omit important sources of value added by wrongly assuming them as

risk factors, we use the Vanguard S&P 500 Index fund as well as the Capital Asset Pric-

ing Model (CAPM) as benchmark to be conservative.2 We show in a robustness check

that our findings hold when more comprehensive benchmarks such as a seven-factor

model (Fama-French five-factor model plus momentum and liquidity risk factors) or

seven Vanguard index funds are used.

Using the return of the Vanguard S&P 500 Index fund as the benchmark, Figure

1.1 shows that U.S. equity mutual funds profit 1.9 billion dollars per month from

their positive exposure to market-based anomalies and lose 2.6 billion dollars from

the negative exposure to accounting-based anomalies. Moreover, the value added

unexplained by our public asset pricing anomalies is as large as 1.3 billion dollars

1Berk and van Binsbergen (2015) argue that the skill of a manager is measured through the fund’s
value added which is the product of the gross return in excess of the benchmark and the lagged assets-
under-management.

2Following Berk and van Binsbergen (2015), we use the returns of Vanguard funds as the benchmark
which accounts for transaction costs and is a realistic alternative investment opportunity for mutual funds.
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per month, indicating that mutual funds profit from their private strategies. This

value added from private information is larger than the total value added of these mu-

tual funds (0.9 billion dollars), though not statistically significant in our benchmark

setting.

Figure 1.1: Value Added - Three Categories

This figure shows the value added defined by Eq. (1.11) using the Vanguard S&P500 index fund as a bench-
mark with 95% confidence intervals. The sample of 45 anomalies is categorized into market, accounting,
and accounting-to-market (AtM). We aggregate returns by taking an equally-weighted average of anomaly
returns in the category defined by Eq. (1.9). The sample period is from January 1984 to December 2017.

Considering that most mutual funds are short-sale constrained, we further in-

vestigate mutual funds’ exposures to the long and short legs of these anomalies

separately.3 We find that their positive exposure to the market-based anomalies

stems entirely from the long leg, and their exposure to the short leg of market-based

anomalies is insignificant, which is consistent with the short-sale constraints that they

face. More interestingly, mutual funds’ negative exposure to the accounting-based

anomalies is entirely from their high exposure to the short leg, and their exposure to

the long leg of the accounting-based anomalies is small and insignificant.

One stylized fact in asset pricing anomalies is that the long legs of market-based

anomalies are on average positively correlated with the short legs of accounting-

based anomalies in terms of abnormal returns. For example, in terms of the CAPM

alpha, the correlations between the long leg of momentum factor and the short

legs of investment and profitability factors are 0.432 and 0.277 correspondingly. The

correlations between the long leg of liquidity risk factor (the beta of stock returns to

market liquidity in Acharya and Pedersen (2005)) and the short legs of investment

3See, e.g., Stambaugh, Yu, and Yuan (2012) and Stambaugh, Yu, and Yuan (2014). They show that there
is an arbitrage asymmetry in long and short legs of anomalies.
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and profitability factors are 0.531 and 0.505. Thus, a fund investing in all stocks in

the long legs of market-based anomalies will have high exposures to the short legs

of accounting-based anomalies. However, a profit-maximizing fund can potentially

avoid stocks in the short legs of accounting-based anomalies by investing in the stocks

that only in the long legs of market-based anomalies.4 In this paper, we hypothesize

that mutual funds’ high exposure to the short-legs of accounting anomalies is a

result of their inability to keep it low while profiting from a high exposure to the

market-based anomalies.

We test this hypothesis using both the cross-section of mutual funds and the

time-series variation of mutual funds’ exposures to the market-based anomalies in

the aggregate. Under the null hypothesis that fund managers can keep the exposure

to the short legs of accounting-based anomalies constant while profiting from high

exposures to the long legs of market-based anomalies, the correlation between these

two exposures should be zero in both the cross-section of funds and the time series.

For the cross-sectional analysis, we regress funds’ exposures to the short leg of

accounting-based anomalies on their exposures to the long leg of market-based

anomalies and other fund characteristics including fund turnover, size, expense

ratio, flow volatility, and manager tenure. We find that the exposures to the long

leg of market-based anomalies explain as much as 86.6% of the cross-sectional

variation in funds’ exposures to the short leg of accounting-based anomalies, and

they explain about 57.5% of the cross-sectional variation in funds’ exposures to the

long-short portfolio of accounting-based anomalies. The coefficients of flow volatility

and manager tenure suggest that the negative exposures to accounting anomalies are

not due to fund flows or the career concerns of fund managers. For the time-series

analysis, we estimate mutual funds’ time-series exposures to the long leg of market-

based anomalies and the short leg of accounting-based anomalies in the aggregate

using a 5-year rolling window. We find a time-series correlation as high as 0.844

between these two exposures. Both cross-sectional and time-series evidence suggests

that fund managers are unable to keep low exposure to short legs of accounting

anomalies when they profit from long legs of market anomalies.

To investigate the origins of value added/lost in more detail, we further categorize

the market anomalies into momentum, liquidity risk, and other market anomalies;

and we categorize the accounting anomalies into investment, profitability, and other

accounting anomalies. Figure 1.2 illustrates that mutual funds have significantly posi-

tive exposures to both momentum and liquidity risk anomalies and have significantly

negative exposures to investment and profitability anomalies. They profit 0.7 billion

dollars per month from the positive exposure to the momentum factor and 0.5 billion

dollars from the positive exposure to the liquidity risk factor, indicating that they

mainly profit from market information by following the momentum strategy and

4For example, AQR’s Multi-Style Funds are designed to have positive exposures to value, momentum,
and quality factors at the same time.
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by providing liquidity to (or bearing liquidity risk for) other investors. They lose 1.5

billion dollars per month from their negative exposures to investment anomalies

and 1.3 billion dollars from the negative exposures to profitability anomalies. Mutual

funds’ exposures are negative to almost all the individual anomalies in the invest-

ment and profitability subcategories. Moreover, we find that more than 50% of the

variation in gross alpha is explained by these seven anomaly subcategories, and the

unexplained value added increases to two billion dollars per month and becomes

significantly positive, supporting the conjecture that mutual funds profit from their

private information.

Figure 1.2: Value Added - Subcategories

This figure shows the value added defined by Eq. (1.11) using the Vanguard S&P500 index fund as a
benchmark with 95% confidence intervals. The sample of 45 anomalies is categorized into momentum,
liquidity Risk, other Market, investment, profitability, other accounting, and accounting-to-market. We
aggregate returns by taking an equally-weighted average of anomaly returns in the category defined by Eq.
(1.9). The sample period is from January 1984 to December 2017.

Our results are robust to using three different sets of anomalies, namely all 234

anomalies and subsamples of 81 and 45 of the most important anomalies (to be

defined below). Our results are also robust to using the market portfolio from CAPM,

a seven-factor model (Fama-French five-factor model plus momentum and liquidity

risk factors (Fama and French, 2015; Carhart, 1997; Pástor and Stambaugh, 2003),

and seven Vanguard index funds as benchmarks. The result using seven factors as

benchmarks suggests that the negative exposures to accounting information cannot

be fully explained by the risk-based story.

Existing empirical evidence on whether mutual funds trade with or against asset

pricing anomalies is mixed. For example, Lewellen (2011) shows that the aggregate

portfolio of institutions closely resembles the market portfolio and that there is little
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evidence that mutual funds trade on anomalies. Other papers (including Lou (2012),

Akbas, Armstrong, Sorescu, and Subrahmanyam (2015), Edelen, Ince, and Kadlec

(2016), and McLean, Pontiff, and Reilly (2020)) document that mutual funds trade

against asset pricing anomalies. Calluzzo, Moneta, and Topaloglu (2019) find that

institutional investors eliminate anomalies and improve market efficiency after their

publications. We contribute to this discussion by categorizing the anomalies based on

the sources of their information and linking the exposures to market-based anomalies

and accounting-based anomalies. Moreover, most of the previous studies use the

changes in quarterly holdings of mutual funds to calculate trades for their analyses,

which neglect the short-term trades within a quarter and the price impact of trades.

Considering this, we use fund returns directly for our analysis. It further allows us to

calculate the value added/lost by mutual funds from their exposure to each anomaly

category and to decompose the total value added of mutual funds from anomaly

categories, which has not been done in previous studies.5

Our results on individual anomalies and anomaly subcategories are largely in

accordance with existing studies of institutional trades on individual anomalies. For

example, our finding that mutual funds add value through their positive exposure to

the momentum factor is consistent with the large corpus of literature on the feedback

trades of mutual funds (e.g., Grinblatt, Titman, and Wermers (1995), Nofsinger and

Sias (1999), Wermers (1999), Wermers (2000), Badrinath and Wahal (2002), Bennett,

Sias, and Starks (2003), Parrino, Sias, and Starks (2003), and Sias (2004)). The positive

exposure to the liquidity risk factor echoes studies documenting that some mutual

funds and hedge funds profit from liquidity provision or from bearing liquidity risks,

such as Da, Gao, and Jagannathan (2011), Jame (2018), and Dong, Feng, and Sadka

(2019). The negative exposures to investment anomalies corroborate the findings in

Edelen, Ince, and Kadlec (2016) and Ali, Chen, Yao, and Yu (2008) that institutions

trade against the investment anomaly, and few, if any, mutual funds’ trades agree

with the accruals anomaly. Our comprehensive set of anomalies allows us to have a

more complete picture of mutual funds’ exposures by categories.

This paper also contributes to the studies on the origins of asset pricing anoma-

lies. For example, Hirshleifer, Hou, and Teoh (2012) find that misinterpretation and

limited capacity for processing accounting information lead to accounting-based

pricing anomalies. Other papers show that underreaction to news and inattention

to accounting information lead to mispricings in the stock market, such as Frazzini

5Our findings are consistent with the empirical findings and the theoretical model in Kacperczyk and
Seru (2007) who show that a manager’s skills are negatively related to the responsiveness of her allocations
to changes in public information. Our work also contributes to the literature on the mutual fund skill.
There are numerous studies focusing on the skills of market timing and stock picking (e.g., Kacperczyk,
Nieuwerburgh, and Veldkamp (2014)), fund characteristics such as industry concentration and active share
(Kacperczyk, Sialm, and Zheng (2005) and Cremers and Petajisto (2009)), fund manager characteristics
such as education and SAT (Chevalier and Ellison (1999a)), fund family in allocating capital and marketing
(Berk, van Binsbergen, and Liu (2017) and Roussanov, Ruan, and Wei (2020)). Our results are in accordance
with market and accounting information being relevant sources of fund skill.
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(2006), Ben-Rephael, Da, and Israelsen (2017), and Cohen, Malloy, and Nguyen (2020).

We find that mutual funds lose substantial value through their significantly negative

exposures to accounting-based pricing anomalies (e.g., investment and profitability),

indicating that these accounting-based anomalies might be caused by mutual funds’

incapability to process or interpret accounting information.

The remaining part of the paper is organized as follows. Section 1.2 outlines our

data and variable construction for mutual funds and anomalies. Section 1.3 offers our

methodology. Section 1.4 presents the empirical results for the aggregate anomalies.

Section 1.6 shows the empirical results for the subcategories and individual anomalies.

Section 1.7 provides robustness checks, and Section 2.9 concludes. Various details

are provided in the Appendix.

1.2 Data and Definitions of Variables

We first describe our data on mutual funds and asset pricing anomalies. The time

period of our analysis is from January 1984 to December 2017 at a monthly frequency

based on the availability of both the mutual fund data and the anomaly data.

1.2.1 Mutual Fund Data and Value Added Measure

We obtain monthly mutual fund data from the Center for Research in Security Prices

(CRSP) survivor-bias-free database. Since our asset pricing anomalies are based

on U.S. stocks, we limit our sample to 3,178 actively managed U.S. equity mutual

funds that only invest in domestic equities. Following the data cleaning process of

Kacperczyk, Sialm, and Zheng (2008), we remove bond, money market, balanced,

index, ETFs/ENFs, international, and sector funds. We merge funds with multiple

share classes into a single fund and include mutual funds into our sample since

January 1984.6 A more detailed description of the data cleaning process is in the

Appendix, and the summary statistics for our sample of mutual funds are reported in

Table A.1.

We use the value added measure proposed by Berk and van Binsbergen (2015) to

measure fund skill. Let Rn
i t denote fund i ’s net return (n denotes net) in excess of the

risk-free rate (the 1-month U.S. Treasury bill rate) at month t . Rn
i t can be decomposed

as below

Rn
i t = RB

i t +εi t , (1.1)

where RB
i t is the excess benchmark return, which is the return of the funds’ next best

alternative investment opportunity, and εi t is the abnormal return earned by fund i .

6As described in Fama and French (2010), around 15% of funds only report annual returns from 1962
to 1983, which leads to a sample-selection bias in monthly return data.
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Let Rg
i t denote fund i ’s gross return in excess of the risk-free rate at time t . We

decompose Rg
i t into the mutual fund’s net return and the expense ratio as

Rg
i t = RB

i t +εi t + fi ,t−1, (1.2)

where fi ,t−1 is the monthly expense ratio changed from month t −1 to t .

The benchmark return on fund i at month t is given as

RB
i t = β̂ j

i R j
t , (1.3)

where R j
t is the excess return of benchmark j at month t , and β̂ j

i is estimated by the

linear projection of the return of fund i onto the excess return of benchmark j .

We use the returns of the Vanguard S&P 500 Index Fund as the benchmark, which

accounts for transaction costs and is a realistic alternative investment opportunity for

mutual funds. We only use the Vanguard S&P 500 Index (VFINX) fund for the bench-

mark, instead of all 11 Vanguard index funds as in Berk and van Binsbergen (2015).

Because we focus on U.S. equity mutual funds only, we cannot have international

index funds in our benchmark; and because we investigate funds’ value added from

exposures to asset pricing anomalies including size and value factors, we cannot have

index funds for value, growth, small-cap, and large-cap stocks in our benchmark as

well. We also use the market portfolio from the Capital Asset Pricing Model (CAPM)

as the benchmark in the paper. In the robustness check, we estimate sophisticated

benchmark returns using Fama-French 5-factor model (Fama and French (2015))

plus momentum (Carhart (1997)) plus liquidity risk (Pástor and Stambaugh (2003)),

and 7 Vanguard index funds excluding international index funds in Berk and van

Binsbergen (2015).7

The benchmark-adjusted gross return of mutual fund i at month t (also known

as gross alpha) can be obtained by taking the difference between gross return and

benchmark return.8 We follow Fama and French (2010) and first calculate the alpha

for each mutual fund and then calculate the weighted average of these.9

α̂
g
i t = Rg

i t −RB
i t . (1.4)

To study the relationship between the mutual fund industry and asset pricing

anomalies, we calculate the value-weighted average of all the mutual funds’ gross

alphas for our analysis

α̂
g
t = qi ,t−1∑I

i=1 qi ,t−1
α̂

g
i t , (1.5)

7Vanguard Index Funds and liquidity risk data is obtained from CRSP. The market portfolio, momen-
tum and Fama-French 5 factors data is from Kenneth French’s website.

8Panel A of Table A.1 shows that the equally-weighted CAPM alpha is 0.07% per month and the
equally-weighted Vanguard alpha is 0.097% per month.

9The results are robust to using the value-weighted returns for all the funds to obtain alpha, cf. analysis
in Section 1.7.3.
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where I is the number of mutual funds in our sample; and qi ,t−1 is fund i ’s AUMs at

month t −1. AUMs are inflation-adjusted to dollars at the end of 2017. We refer to the

value-weighted Vanguard S&P 500 adjusted gross return as the Vanguard alpha and

the value-weighted market-adjusted gross return as the CAPM alpha.10

We now define the value added of each mutual fund, as proposed by Berk and

van Binsbergen (2015), and the value added for U.S. active equity mutual funds in the

aggregate. The value added of mutual fund i at month t is the product of the fund

AUM and the fund’s gross alpha is defined as

Vi t = qi ,t−1α̂
g
i t = qi ,t−1(Rg

i t −RB
i t ), (1.6)

which measures the dollar value that funds extract from capital markets.11

The value added by all mutual funds at month t is calculated as

Vt =Qt−1α̂
g
t , (1.7)

where Qt−1 =∑I
i=1 qi ,t−1, which is the sum of inflation adjusted AUMs of all funds at

month t −1.

1.2.2 Data and Variable for Asset Pricing Anomalies

Following Hou, Xue, and Zhang (2018) and Li (2020), we construct our data set of

234 anomalies using CRSP, Compustat, and IBES databases and all common stocks

traded on NYSE, AMEX, and NASDAQ. Summary statistics for these 234 anomalies

are in the Online Appendix. We closely follow the definitions of anomalies in Hou,

Xue, and Zhang (2018) and Li (2020).12

For each anomaly variable, we sort all U.S. stocks traded on NYSE, AMEX, and

NASDAQ into ten deciles using its NYSE breakpoints.13 Let Aa,t denote anomaly a’s

10Panel B of Table A.1 shows that the average value-weighted CAPM alpha is 0.035% per month, and
the value-weighted Vanguard alpha is on average 0.030% per month.

11Panel A of Table A.1 shows the mean of surviving funds’ monthly value added using different bench-
marks. Mutual funds, on average, generate $0.55 million per month in December 31, 2017 dollars using
the excess return on the market portfolio as the benchmark, or generate $0.68 million per month using
Vanguard S&P 500 Index as the benchmark.

12See the definitions of the anomaly variables in Appendix A of Hou, Xue, and Zhang (2018). We thank
Li (2020) for sharing the data with us.

13We use NYSE breakpoints in portfolio sorts and form value-weighted decile portfolios to mitigate
the effects of microcaps. Trades in the microcaps make it difficult to earn a desirable abnormal return to
mutual funds because microcaps incur high transaction costs due to illiquidity (Novy-Marx and Velikov
(2016)). Hou, Xue, and Zhang (2018) show that over half of the well-documented anomalies fail after
mitigating microcaps. Mitigating the effects of microcaps also serves our research goal because we use
value-weighted mutual fund returns that are also driven by returns of large funds, which are less likely to
trade on microcaps due to liquidity constraints and price pressure (e.g., Berk and Green (2004), Coval and
Stafford (2007)). NYSE breakpoints can avoid that over 60% of microcaps are included in the extreme deciles
(Hou, Xue, and Zhang (2018)). We calculate value-weighted hedge portfolio return, not equally-weighted
returns because value-weighted returns can circumvent microcap-driven anomalies. Equal-weighted
return is dominated by microcaps because tiny stocks only account for 3% of the market capitalization but
represent about 60% of the total number of stocks (Fama and French (2008)) and rebalance based on the
frequency of the anomaly variable.
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value-weighted long-short portfolio return obtained from the extreme deciles (decile

10 minus decile 1) at month t . We refer to Aa,t as the anomaly return.

We construct all anomalies using the same procedure (decile 10 minus decile 1),

so they are constructed consistently, and they all stand a fair chance of being equally

important. It has the cost that not all anomalies are constructed as they are originally

defined, e.g., the popular SMB and HML risk factors from Fama and French (2010).

1.3 Methods

In this section, we discuss the methods we use to (1) select important asset anomalies

for our analysis; (2) aggregate anomalies within each category; and (3) calculate the

value added from each anomaly category or individual anomaly.

1.3.1 Selecting Anomalies

Starting from the full sample of 234 anomaly variables, we select anomalies in two

steps.

First, we remove statistically insignificant anomalies, that is anomalies where the

average of the long-short portfolio returns are not significantly different from zero.

We preserve anomalies whose long-short portfolio returns can clear the single test

hurdle of |t | Ê 1.645. 81 of the 234 anomaly stay, which is consistent with the results

in Mclean and Pontiff (2016) and Jacobs and Müller (2020) that many anomalies fail

after publication or have an economic magnitude smaller than originally reported.

Even though funds may have exposures to insignificant anomalies, the value added

from those exposures would be statistically insignificant. Eliminating insignificant

anomalies helps to focus on the value added from robust anomalies.

Second, we exclude anomalies that mutual funds are not significantly exposed to.

If funds do not have significant exposure to an anomaly, that anomaly cannot have a

significant effect on the funds’ value. We run a univariate regression that uses one

anomaly at a time to explain the value-weighted benchmark-adjusted gross returns

of the mutual funds:

α̂
g
t = γ+δa Aa,t +ϵt , (1.8)

where δa is the mutual funds’ exposure to anomaly a, γ is the gross alpha left un-

explained by anomaly a, and ϵt is the residual. We preserve anomalies that have

statistically significant exposure with a single test hurdle of |t | Ê 1.645 under both

Vanguard and CAPM benchmark-adjusted returns and with the same sign under

these two benchmarks.14 45 out of 81 anomalies stay.15

14Some may argue that even if the aggregate mutual fund industry has insignificant exposures to some
anomalies, some funds might have positive exposures, and others might have negative exposures. Since
we focus on the value added of the active mutual fund industry as a whole, the fact that some funds may
have positive or negative exposure does not affect our conclusion.

15The results of the univariate regressions are provided in the Online Appendix.
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Since eliminating insignificant anomalies increases the accuracy of our estimates

and the total explanatory power, we use these 45 robust anomalies with significant

mutual fund exposures (denoted as 45 anomalies) as our benchmark analysis. We

also use the sample that contains all 234 anomalies (denoted as 234 anomalies) and

the sample that contains the 81 robust anomalies (denoted as 81 anomalies) for

robustness check.16

1.3.2 Aggregating Anomalies by Category

To answer the question of whether mutual funds add value through market or ac-

counting information, we categorize the anomalies into market, accounting, and

accounting-to-market (AtM) based on the sources of information used to construct

the anomaly variables. The market category includes 73 anomalies that are con-

structed from market information only, such as prior 11-month returns and the

idiosyncratic volatility. The accounting category includes 129 anomaly variables that

are constructed from accounting information only, such as firm assets and operating

cash flows. The accounting-to-market category includes 32 variables that are con-

structed from both accounting and market information, such as ratios of accounting

variables to market values.

To understand in more detail the specific types of anomalies that mutual funds

are exposed to, we further classify market anomalies into momentum, liquidity risk,

and other market; accounting anomalies into investment, profitability, and other

accounting; and accounting-to-market remains the same.17

We calculate the equal-weighted average anomaly returns for all anomalies in

one category/subcategory as

Ap,t = 1

A

∑
a∈Ωp,t

Aa,t , (1.9)

where p is the pth anomaly category or subcategory, a is the ath anomaly in p’s

category, andΩp,t is the set of all anomaly returns in category p at time t . We refer to

Ap,t as the category p’s return. This approach of aggregating anomalies is also used

in Dong, Feng, and Sadka (2019).18

1.3.3 Value Added by Anomalies

To calculate the value added from each anomaly (sub)category, we first run multivari-

ate linear regressions of mutual funds’ gross alpha on the aggregated returns of each

16A list of all anomalies in these three samples is available in the Online Appendix.
17Refer to Li (2020) for a more detailed rationale behind these categorizations.
18Alternatively, we could include all the individual anomalies into one multivariate regression for

the calculation of exposures and value added. But this approach suffers from severe multicollinearity
problems, especially when the number of anomalies is large. By categorizing anomalies based on their
information sources, the multicollinearity problem is largely solved.
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anomaly (sub)category as below

α̂
g
t = ζ+

P∑
p=1

ηp Ap,t +κt , (1.10)

where ηp measures the exposure of the value-weighted mutual fund gross alpha to

the anomalies in the pth category, and κt is the residual. ζ is the constant which rep-

resent the mutual funds’ gross alpha that remains unexplained by all of the anomaly

categories. ζ is caused by either the anomalies not covered by our sample or some

private investment strategies used by mutual funds. Robust Newey and West (1987)

standard errors are used to adjust for heteroskedasticity and serial correlation.

Using the exposures η̂p estimated from Eq. (1.10), we calculate mutual funds’

value added from the exposure to each anomaly category as

V̄ M
p = 1

T

T∑
t=1

Qt−1η̂p Ap,t , (1.11)

where V̄ M
p is a constant, which denotes the value added from anomalies in category

p, estimated from the multivariate regression.

Since the standard errors of the value added calculated from Eq. (1.11) are de-

cided jointly by the standard errors of the exposures η̂p and the standard errors of

anomaly returns Ap,t , we use the bootstrapping method to calculate the p-values

of value added. We impose the null hypothesis of zero value added by the anomaly

category. To set value added to zero, we subtract the value added estimated from the

observed mean to construct a sample when the null hypothesis is true. We then draw

observations from the new sample randomly with replacement for 1000 times. We

finally compare the bootstrapping sample with the observed sample, and calculate

the p-value.

As a robustness check of the potential multicollinearity problem in the multivari-

ate regression, we also run a univariate regression of the value-weighted gross alpha

on each anomaly (sub)category’s returns as

α̂
g
t = θ+λp Apt +χt , (1.12)

whereλp is the regression coefficient of the gross alpha on the pth anomaly category’s

return, θ is the mutual funds’ gross alpha that remains unexplained by this anomaly

category, and χt is the residual.

We then calculate the value added by each anomaly category using the regression

coefficients from Eq. (1.12)

V̄ U
p = 1

T

T∑
t=1

Qt−1λ̂p Ap,t , (1.13)

where V̄ U
p is the constant value added from anomalies in category p, estimated from

the univariate regression.
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1.4 Empirical Results for Anomalies by Categories

In this section, we first show the mutual funds’ value added from their exposures to

different anomaly categories, then exploit the arbitrage asymmetry in long and short

legs of anomalies.

1.4.1 Exposures and Value Added by Anomaly Category

To obtain mutual funds’ value added from market versus accounting information, we

first estimate their value added from the three main categories of anomalies - market,

accounting, and accounting-to-market. The second and third columns of Table 1.1

report the mutual funds’ exposures to these categories using the two benchmark-

adjusted returns. As the two multivariate regressions show in Panel A, mutual funds

have positive exposure to anomalies constructed from market information, whereas

they have negative exposure to anomalies constructed from accounting information.

The exposures are significantly different from zero at the 1% significance levels for

both benchmarks. The average portfolio of all investors is the market portfolio, and

this has zero abnormal return and no exposure to any anomaly. The fact that the

aggregate portfolio of mutual funds has negative exposure to public anomalies in the

aggregate (and thus earning negative abnormal returns from the exposure to those

anomalies) indicates that other investors have positive exposures. Therefore, the

result of mutual fund alpha’s negative exposure to the accounting anomalies implies

that other investors profit from their positive exposures to accounting anomalies.

Mutual funds, on average, do not add value through collecting and interpret-

ing accounting information. Mutual funds could be less sophisticated than other

investors (e.g., hedge funds) at processing accounting information, and they are

potentially the reason accounting-based anomalies exist in the first place. Recent

studies, such as Hirshleifer, Hou, and Teoh (2012), find that misinterpretation and

limited capacity for processing accounting information lead to accounting-based

pricing anomalies. Consistently, other papers show that underreaction to news and

inattention to accounting information lead to mispricings in the stock market, such

as Frazzini (2006), Ben-Rephael, Da, and Israelsen (2017), and Cohen, Malloy, and

Nguyen (2020).

Moreover, as shown in the fourth row in Panel A of Table 1.1, the exposures to

the accounting-to-market anomaly category are small and not different from zero,

suggesting that mutual funds are neutral to anomalies based on both accounting

and market information. The last two rows of Table 1.1 show that the three anomaly

categories explain 38.8% of the variation (R-squared) of the Vanguard adjusted mutual

fund gross returns, but only 14.4% of the CAPM adjusted mutual fund gross returns,

and the magnitude of the exposures by the Vanguard benchmark is much larger in

all categories than for the CAPM benchmark. This is mainly because the Vanguard

benchmark considers transaction costs while the CAPM benchmark does not.
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The fourth and fifth columns in Panel A of Table 1.1 report the estimated value

added of active equity funds defined by Eq. (1.7) and the value added by categories

estimated by the multivariate regressions reported in Y2017 $ millions per month

adjusted by inflation. As the first row shows, our sample of actively managed U.S.

equity funds adds $875 million value per month using the Vanguard index as a bench-

mark, which is statistically insignificant. The second and third rows show that mutual

funds’ value added can be credited to the positive exposures to market information,

whereas value lost can be ascribed to the negative exposures to accounting informa-

tion. Mutual funds add $1,918 million per month through their positive exposures to

anomalies based on market information, while they lose $2,602 million per month

from their negative exposures to accounting information based anomalies.

The fifth row of Table 1.1 shows that as much as $1,297 million per month value

added is left unexplained by public information based anomalies, indicating that the

mutual funds add value through their private investment strategies. Although this

unexplained value added is statistically insignificant, its magnitude is economically

large.

All the findings above hold when the CAPM benchmark is used and are consistent

with exposures to anomaly categories. The magnitude of value added estimated that

using Vanguard as the benchmark is greater than that using CAPM.

We also report the number of individual anomalies that mutual funds are posi-

tively exposed to, as well as the total number of anomalies in the category in the last

column of Table 1.1. Consistent with the signs of the exposure, mutual funds have

positive exposures to four out of six anomalies in the market category, whereas only

eight out of 36 anomalies in the accounting category have positive exposures. There

are only three anomalies in the accounting-to-market category of which two tend to

have positive fund exposures.

Panel B of Table 1.1 shows the exposures and value added estimated by univariate

regressions defined by Eq. (1.12) to address the concern of potential multicollinearity

in our multivariate regressions.

The first and second rows in Panel B show that mutual funds have positive expo-

sure to anomalies based on market information and negative exposure to anomalies

based on accounting information in univariate regressions. These results are consis-

tent with the results in the multivariate regressions. The value added also has a similar

magnitude, about $2 billion for the Vanguard benchmark. The third row shows that

accounting-to-market alone produces similar insignificant and positive value added

for both benchmarks.

One would doubt whether the significant negative exposure from accounting

anomalies is due to the negative correlation of long-short portfolio returns between

the market and accounting category. As Table A.2 shows, our market category does

not significantly correlate with the accounting category.
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Table 1.1: Exposures and Value Added - Three Categories

This table shows the coefficient estimates from regressions of mutual fund gross alpha on the anomaly
category returns defined by Eq. (1.10) and (1.12) and the corresponding value added defined by Eq. (1.11)
and (1.13). Panel A shows the multivariate regression, and Panel B shows the univariate regression. The
sample of 45 anomalies is categorized into market, accounting, and accounting-to-market (AtM). We
aggregate returns by taking an equally-weighted average of anomaly returns in the category defined by Eq.
(1.9). #positive/total refers to the number of anomalies that mutual funds are positively exposed to over
the total number of anomalies in the category. Vanguard alpha/CAPM alpha is the monthly value-weighted
benchmark-adjusted gross return estimated by Eq. (1.5) using the Vanguard S&P500 index fund/market
portfolio as a benchmark. The sample period is from January 1984 to December 2017. p-values are reported
below the regression coefficients. Bootstrapped p-values are reported below the value added. *, **, and ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Exposure Value added #positive/total

Vanguard CAPM Vanguard CAPM

Panel A: Multivariate Regression

Value added (total) 875 706
0.483 0.256

Market 0.187*** 0.090*** 1,918*** 921*** 4/6
0.000 0.000 0.000 0.000

Accounting -0.239*** -0.060*** -2,602*** -656*** 8/36
0.000 0.002 0.000 0.008

AtM 0.025 0.014 262 142 2/3
0.149 0.255 0.220 0.313

Constant/Unexplained 0.001 0.000 1,297 299
0.232 0.617 0.182 0.598

Observations 408 408
R-squared 0.388 0.144

Panel B: Univariate Regression

Market 0.197*** 0.093*** 2,022*** 958*** 4/6
0.000 0.000 0.004 0.000

R-squared 0.128 0.093
Accounting -0.239*** -0.060*** -2,601*** -653** 8/36

0.000 0.006 0.000 0.015
R-squared 0.264 0.052
AtM 0.017 0.014 175 150 2/3

0.519 0.231 0.543 0.290
R-squared 0.000 0.003

1.4.2 Exposures and Value Added by Anomaly Categories’ Long and Short

Legs

The above result gives rise to a puzzle why mutual funds lose value to accounting

information based anomalies. Motivated by the fact that mutual funds cannot short-

sell, we investigate the arbitrage asymmetry in long and short legs of anomalies.

Although mutual funds are not allowed to short-sell, it is possible that funds can

underweight the underlying assets in the portfolios to have artificial short positions.

Stambaugh et al. (2012) and Stambaugh et al. (2014) suggest that there is an arbitrage
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asymmetry in long and short legs of anomalies. We examine whether funds’ short-sale

constraints can explain negative exposures to accounting anomalies.

Long-short portfolios are market neutral, but the long and short legs have market

risks. Thus, we first adjust the long and short legs using CAPM as the benchmark. We

then estimate the exposures for long and short legs of anomalies categories A+
p,t and

A−
p,t :

α̂
g
t = ζ+η+p A+

p,t +δ−p A−
p,t +κt , (1.14)

where A+
p,t and A−

p,t are the risk-adjusted returns of the long leg and short leg of the

anomaly category p.

We multiply the benchmark-adjusted return of the short leg A−
p,t with −1 to

simplify interpretation. If mutual funds make symmetric arbitrage in both legs, the

coefficients η+p and η−p should be the same as the coefficient of the long-short portfo-

lio.

Table 1.2: Exposures to long and short legs, and long-short portfolios - Three Categories

This table shows the coefficient estimates from regressions of mutual fund gross alpha on the anomaly
category returns defined by Eq. (1.14) in Panel A and defined by Eq. (1.12) in Panel B. Panel A shows the
regression coefficients for long and short legs of each anomaly category. The short leg is multiplied by -1.
Panel B shows the regression coefficients for long-short portfolios of each anomaly category. The sample
of 45 anomalies is categorized into market, accounting, and accounting-to-market (AtM). We aggregate
returns by taking an equally-weighted average of anomaly returns in the category defined by Eq. (1.9).
Vanguard alpha/CAPM alpha is the monthly value-weighted benchmark-adjusted gross return estimated
by Eq. (1.5) using the Vanguard S&P500 index fund/market portfolio as a benchmark. The sample period is
from January 1984 to December 2017. p-values are reported below the regression coefficients. *, **, and ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Vanguard CAPM

Market Accounting AtM Market Accounting AtM

Panel A: Legs

Long 0.312*** 0.066 0.119*** 0.130*** 0.051* 0.052***
0.000 0.178 0.000 0.000 0.083 0.000

Short -0.010 -0.280*** -0.252*** 0.028 -0.067*** -0.084***
0.797 0.000 0.000 0.177 0.004 0.000

Observations 408 408 408 408 408 408
R-squared 0.361 0.363 0.266 0.166 0.084 0.118

Panel B: LS Portfolio

LS 0.197*** -0.239*** 0.017 0.093*** -0.060*** 0.014
0.000 0.000 0.519 0.000 0.006 0.231

Observations 408 408 408 408 408 408
R-squared 0.128 0.264 0.000 0.093 0.052 0.003

Table 1.2 reports the mutual funds’ exposures to long and short legs, and to the

long-short portfolios. The first column shows that mutual funds have significantly
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positive exposures to the long legs of market anomalies, but have no significant

exposure to the short legs of market anomalies. This result is consistent with the

short-sale constraints of mutual funds. The positive exposures to the market long-

short portfolio in Panel B imply that the exposures to the long-short portfolio are

mainly dominated by the positive exposure to the market long leg. On the other

hand, as the second column shows, mutual funds do not have significant exposure

to accounting anomalies in the long legs, but funds mainly lose value from their

significant exposures to the accounting short legs. Therefore, the long-short portfolio

exposure to accounting anomalies entirely stems from funds’ overweight stocks in

the short leg. The third column shows that mutual funds are positively exposed to

both legs of accounting-to-market anomalies, and the long-short portfolio effect

is canceled out. Our results are consistent when using CAPM as the benchmark.

The overall result indicates that mutual funds are not only short-sale constrained,

but also overweight stocks in the short legs. The market information is correctly

interpreted by mutual funds (long legs dominates the long-short portfolio exposures),

while accounting information is interpreted incorrectly (short legs dominates the

long-short portfolio exposures).

1.4.3 Correlation Between Anomaly Legs

As mutual funds’ exposures to the market long legs and accounting short legs are

comparable in magnitude, we investigate the possibility that market long leg is pos-

itively correlated with accounting short leg, resulting in opposite exposures to the

long short portfolio.

Table 1.3 shows that the market long leg is highly positively correlated with the

accounting short leg, and the market short leg is also highly correlated with the

accounting long leg in our category. A further investigation of the long and short

legs’ correlations among subcategories in A.3 shows similar results. A more complete

individual anomalies’ correlation between risk-adjusted returns of market long legs

and accounting short legs is shown in Table A.4. Table A.5 shows the individual

anomalies’ correlations using portfolios from French’s website.19

Although we find a significant positive correlation between risk-adjusted returns

and stock overlaps of the market short legs and accounting short legs, the correlation

between anomaly legs does not necessarily imply that mutual funds’ exposures

should be highly correlated. If mutual funds are skilled in investing signals that cause

anomalies, they can avoid to invest in stocks that are in the accounting short legs.

For example, some quantitative hedge funds that invest in anomaly strategies would

double or triple sort stocks and avoid to invest in stocks that have opposite signals

from different anomalies. Therefore, our null hypothesis is that fund managers can

19The high correlation of risk-adjusted returns should in theory caused by the stock overlaps in the
market category’s long decile and accounting category’s short decile. We test this hypothesis and find that
there are indeed high stock overlaps.
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Table 1.3: Correlations Between the Long Leg of Market Anomalies And the Short legs of
Accounting Anomalies

This table shows the pairwise correlations between the long leg of market anomalies and the short legs
of accounting anomalies. Panel A shows the correlations for individual anomalies, and Panel B shows
the correlations for categories. Momentum is prior 11-month returns; Liquidity Risk is return-illiquidity
(Acharya and Pedersen (2005)); Seasonality is average returns from month t −240 to t −181 (Heston and
Sadka (2008)). Investment is net stock issues; Profitability is cash-based operating profitability; Accruals are
discretionary accruals. The sample of 45 anomalies is categorized into market, accounting, and accounting-
to-market. We aggregate returns by taking an equally-weighted average of anomaly returns in the category
defined by Eq. (1.9). The sample period is from January 1984 to December 2017. *, **, and *** indicate
significance at the 10%, 5%, and 1% level, respectively.

Correlations - CAPM-Adjusted Returns

Panel A: Individual Anomalies

Momentum+ Liquidity Risk+ Seasonality+

Investment- 0.432*** 0.531*** 0.326***
Profitability- 0.277*** 0.505*** 0.263***
Accruals- 0.251*** 0.116** 0.309***

Panel B: Anomaly Category

Market Long Leg

Accounting Short Leg 0.675***

keep a low exposure to the short legs of accounting anomalies while profiting from

high exposures to the long legs of anomalies based on market information.

In the aggregate, the null hypothesis is that mutual funds’ exposure to the short

legs of accounting anomalies is 0, and the exposure to the long legs of market anoma-

lies is larger than 0. Our empirical evidence in Table 1.2 rejects this null hypothesis

and suggests that mutual funds are not sophisticated enough to avoid stocks that are

both in the market long legs and accounting short legs.

1.4.4 Cross-Sectional Analysis

We conduct a cross-sectional analysis in this section to further investigate why funds

lose value to accounting information-based anomalies. In the cross-sectional of funds,

our null hypothesis is that the exposures to the short legs of accounting anomalies do

not increase with the exposures to the long legs of market anomalies.

Each mutual fund i ’s exposure to the anomaly category p is estimated using the

following regression specification

α̂
g
i ,t = ζi +

P∑
p=1

ηi ,p Ap,t +κi ,t . (1.15)

We also obtain each mutual fund’s exposures to the risk-adjusted returns of the

long and short legs of the anomaly categories A+
p,i ,t and A−

p,i ,t .
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We test whether mutual funds’ exposures to the long leg of market anomalies can

explain funds’ negative exposures to accounting anomalies or accounting short legs.

We run the following cross-sectional regression

ηi ,Accounti ng− = b0,i +b1,iηi ,M ar ket+ +b2,i tur noveri +b3,i expensei

+b4,i ln(q)i +b5,i ln( f ami l yq)i +b6,i f low voli +b7,i tenur ei +ei ,
(1.16)

where ηi ,Accounti ng is the mutual fund i ’s exposure to the accounting short leg,

ηi ,M ar ket+ is the mutual fund i ’s exposure to the market long leg, tur noveri is

the time-series average of fund i ’s turnover ratio, expensei is the time-series av-

erage of fund i ’s expense ratio, l n(q)i is the time-series average of fund i ’s log size,

ln( f ami l yq)i is the time-series average of fund i ’s family’s log size, f low voli is the

time-series average of fund i ’s past flow volatility using a one-year rolling window,

and tenur ei is the fund i ’s managers’ average tenure.20

Table 1.4: Cross-Sectional Regression

This table shows the coefficient estimates from cross-sectional regressions of mutual funds’ exposures to
accounting category’s long-short portfolio return and short leg’s risk-adjusted return on the exposure to
market long leg and fund characteristics defined by Eq. (1.16). The sample includes 45 anomalies that are
categorized into market, accounting, and accounting-to-market (AtM). We aggregate returns by taking an
equally-weighted average of anomaly returns in the category defined by Eq. (1.9). We use Vanguard alpha,
which is the monthly value-weighted benchmark-adjusted gross return estimated by Eq. (1.5) using the
Vanguard S&P500 index fund as a benchmark. The sample period is from January 1984 to December 2017.
p-values are reported below the regression coefficients. *, **, and *** indicate significance at the 10%, 5%,
and 1% level, respectively.

Exposures to Accounting’s

Long-Short Short Leg Long-Short Short Leg Long-Short Short Leg

Exposures to Market Long Leg -0.485*** -0.907*** -0.479*** -0.929***
0.000 0.000 0.000 0.000

Turnover ratio 0.041*** 0.030*** -0.052* -0.150***
0.000 0.000 0.066 0.008

Expense ratio -4.902*** -1.614 -14.726*** -20.669***
0.000 0.130 0.000 0.000

Ln(lagged size) -0.002 0.017*** -0.012** -0.001
0.531 0.000 0.020 0.911

Ln(family size) 0.011 -0.039*** 0.028 -0.005
0.374 0.000 0.135 0.853

Past 1y flow volatility -0.493 2.115*** -0.027 3.018*
0.530 0.000 0.980 0.073

Tenure 0.000 -0.000 0.000* 0.000*
0.972 0.384 0.067 0.058

Constant -0.096*** -0.044*** -0.121 0.115 -0.257 -0.148
0.000 0.000 0.221 0.118 0.112 0.548

Observations 2,998 2,998 2,718 2,718 2,718 2,718
R-squared 0.575 0.866 0.627 0.909 0.084 0.122

20Many funds are managed by multiple fund managers who have different years of tenure.
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Table 1.4 reports the cross-sectional regression results using Vanguard as the

benchmark to adjust mutual fund gross alpha. The first and second columns show

that the mutual fund’s exposures to market long leg can significantly explain the

exposures to accounting’s long-short portfolio and the exposures to accounting’s

short leg (R2 is 0.575 and 0.866). When we add more fund characteristics into the

regression, R2 increases slightly (from 0.575 to 0.627 and 0.866 to 0.909), indicating

that fund characteristics to explain mutual funds’ negative exposures to accounting

anomalies are much less than the positive exposures to market long leg in the cross-

section. The fifth and sixth column only include fund characteristics and come to the

same conclusion.

Mutual funds that have volatile fund flows may have to give up good investment

opportunities (Shleifer and Vishny (1997)). We test this hypothesis by including past

1-year flow volatility into the regression. The result does not strongly support this

hypothesis because fund flow volatility cannot explain the exposure to accounting’s

long-short portfolio returns.

Finally, young fund managers might have career concerns to make correspond-

ing investment decisions to prove themselves (Chevalier and Ellison (1999b)). We

construct the tenure variable to measure the career concern of fund managers. Given

that many mutual funds have multiple managers, tenure is calculated as the average

number of years’ experience of all managers in the fund. As the seventh row shows,

tenure is marginally significant, but no longer significant after including the expo-

sures to market long legs. It suggests that career concern does not explain mutual

funds’ value loss to accounting anomalies.

We also report the regressions using CAPM as the benchmark for mutual funds in

Table 1.5 which are consistent with results in Table 1.4 .

Other than cross-sectional regressions, we also use a cross-sectional sorting

method to intuitively show that funds profit from high exposures to the long legs of

anomalies based on market information, but are not sophisticated enough to keep a

low exposure to the short legs of accounting anomalies.

We first sort mutual funds into 10 deciles based on their exposure to the long

legs of market anomalies and calculate the value-weighted fund gross alpha for each

decile. Then we regress gross alpha of each decile onto the risk-adjusted returns of

accounting short legs.

Figure 1.3 depicts the sorted mutual funds’ exposures to the market long leg, and

sorted funds’ exposures to accounting short legs. Funds with more positive exposures

to market anomalies are monotonically decreasing in the negative exposures to the

short legs of accounting anomalies, consistent with the cross-sectional regressions.

Using CAPM as the benchmark for mutual funds (reported in Figure 1.4), we show a

similar result.

The findings suggest that mutual funds that have more positive exposures to

market anomalies, at the same time, have more negative exposures to accounting
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Figure 1.3: Exposures to the Accounting Short Legs - Funds Sorted by the Market Long Leg

This figure shows the mutual funds’ exposures to the accounting short legs. We sort mutual funds into 10
deciles based on their exposure to the long legs of market anomalies and calculate the value-weighted
fund gross alpha for each decile. The first graph shows each sorted mutual fund’s exposures to market long
legs. We then regress gross alpha of each decile onto the risk-adjusted returns of accounting short legs. The
second graph shows each sorted mutual fund’s exposures to accounting short legs with 95% confidence
intervals. We use the Vanguard S&P500 index fund as the benchmark to adjust the mutual funds’ gross
alphas. The sample of 45 anomalies is categorized into market, accounting, and accounting-to-market
(AtM). We aggregate returns by taking an equally-weighted average of anomaly returns in the category
defined by Eq. (1.9). The sample period is from January 1984 to December 2017.

Figure 1.4: Exposures to the Accounting Short Leg - Funds Sorted by the Market Long Leg
(CAPM Benchmark)

This figure shows the mutual funds’ exposures to the accounting short legs. We sort mutual funds into 10
deciles based on their exposure to the long legs of market anomalies and calculate the value-weighted fund
gross alpha for each decile. The first graph shows each sorted mutual fund’s exposures to market long legs
with 95% confidence intervals We then regress gross alpha of each decile onto the risk-adjusted returns of
accounting short legs. The second graph shows each sorted mutual fund’s exposures to accounting short
legs with 95% confidence intervals. We use the CAPM as the benchmark to adjust the mutual funds’ gross
alphas. The sample of 45 anomalies is categorized into market, accounting, and accounting-to-market
(AtM). We aggregate returns by taking an equally-weighted average of anomaly returns in the category
defined by Eq. (1.9). The sample period is from January 1984 to December 2017.
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Table 1.5: Cross-Sectional Regression (CAPM Benchmark)

This table shows the coefficient estimates from cross-sectional regressions of mutual funds’ exposures to
accounting category’s long-short portfolio return and short leg risk-adjusted return on the exposure to
Market Long Leg and fund characteristics defined by Eq. (1.16). The sample includes 45 anomalies that are
categorized into market, accounting, and accounting-to-market (AtM). We aggregate returns by taking an
equally-weighted average of anomaly returns in the category defined by Eq. (1.9). We use CAPM alpha,
which is the monthly value-weighted benchmark-adjusted gross return estimated by Eq. (1.5) using CAPM
as a benchmark. The sample period is from January 1984 to December 2017. p-values are reported below
the regression coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

Exposures to accounting’s

Long-Short Short Leg Long-Short Short Leg Long-Short Short Leg

Exposures to Market Long Leg -0.384*** -0.893*** -0.374*** -0.907***
0.000 0.000 0.000 0.000

Turnover ratio 0.036*** 0.029*** -0.032 -0.136***
0.000 0.000 0.114 0.007

Expense ratio -4.014*** -1.731* -10.466*** -17.386***
0.000 0.086 0.000 0.000

Ln(lagged size) 0.009*** 0.018*** 0.007* 0.014**
0.009 0.000 0.096 0.043

Ln(family size) -0.017 -0.037*** -0.018 -0.040
0.121 0.000 0.232 0.122

Past 1y flow volatility -0.018 1.732*** 0.721 3.525**
0.979 0.002 0.414 0.022

Tenure -0.000 -0.000 -0.000 0.000
0.284 0.343 0.853 0.621

Constant -0.039*** -0.005* 0.097 0.153** 0.131 0.233
0.000 0.099 0.286 0.029 0.316 0.297

Observations 2,997 2,997 2,718 2,718 2,718 2,718
R-squared 0.475 0.866 0.518 0.900 0.068 0.119

anomalies. The results are consistent using three main categories and seven subcate-

gories, as well as using long-short portfolios and long/short legs.

1.4.5 Time Series Analysis

Finally, we investigate whether the positive correlation for mutual funds’ exposures to

market long legs and accounting short legs also holds in the time-series. We estimate

the time-series exposures to the market long leg and accounting short leg using a

5-year rolling window.

Figure 1.5 depicts the exposures over time and the correlation between the market

long leg and the accounting short leg. There is a strong co-movement between mutual

funds’ exposures, and it is consistent over time, using both Vanguard and CAPM as

benchmarks to estimate fund gross alphas.

In sum, both the cross-sectional and time-series evidence show that mutual funds’

exposures to market long legs and accounting short legs are significantly correlated.

Given to the stylized fact that anomalies’ market long legs and accounting short legs

are positively correlated, our empirical evidence suggests that mutual funds’ lost
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value to accounting anomalies can be explained by their inability to avoid stocks that

have poor accounting signal, but good market signal.

Figure 1.5: Time-series Exposures to the Market Long Leg and Accounting Short Leg

This figure shows the time-series exposures to the market long leg and accounting short leg using a 5-year
rolling window. The time-series correlation is 0.844 for Vanguard and 0.899 for CAPM as the benchmark.
The coefficient estimates from regressions of mutual fund gross alpha on the anomaly category returns are
defined by Eq. (1.10) with a 5-year rolling window. We use Vanguard alpha and CAPM alpha, which are
the monthly value-weighted benchmark-adjusted gross return estimated by Eq. (1.5) using the Vanguard
S&P500 index fund and CAPM as benchmarks. The sample period is from January 1984 to December 2017.

1.5 Value Added by Anomaly Subcategory

To further understand the origins of mutual funds’ value added, we conduct the

same analysis for the following subcategories: momentum, liquidity risk, and other

market for anomalies using market information; investment, profitability, and other

accounting for anomalies using accounting information, and accounting-to-market.

In Panel A of Table 1.6, the first row reports the total value added by mutual funds.

As the second row of Table 1.6 shows, funds have significant positive exposures to the

momentum anomaly and add $728 million of value per month under the Vanguard

benchmark. The only robust momentum anomaly in the set of 45 anomalies is the

traditional prior 2-12 returns (R11) momentum factor as shown in Table A.6. This

finding is consistent with the large corpus of literature on the feedback trades of

mutual funds (e.g., Grinblatt, Titman, and Wermers (1995); Nofsinger and Sias (1999);

Wermers (1999),Wermers (2000); Badrinath and Wahal (2002); Bennett, Sias, and

Starks (2003); Parrino, Sias, and Starks (2003); and Sias (2004)).

As shown in the third row of Table 1.6, mutual funds also add substantial value

($469 million per month) from their positive exposures to the liquidity risk anomaly.

Similar to momentum, only one of the liquidity risk anomalies is positively related

to fund alphas and statistically significant. This is one of the liquidity betas - return

to illiquidity (BETALRC) that is documented by Acharya and Pedersen (2005), who

argue that this liquidity risk premium is due to investors’ preferences for high return

securities when the market is illiquid. Our result shows that mutual funds, as a long-
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term investor, indeed earn a positive liquidity risk premium by providing liquidity to

the markets in illiquid times. This positive exposure to the liquidity risk factor echoes

those studies documenting that some mutual funds and hedge funds profit from

liquidity provision or bearing liquidity risks, such as Da, Gao, and Jagannathan (2011),

Jame (2018), and Dong, Feng, and Sadka (2019). The fourth row shows that mutual

fund alpha is positively but insignificantly related to other market anomalies.

Furthermore, we find that mutual funds’ value lost from accounting-based anoma-

lies is mainly from their negative exposures to investment and profitability anomalies.

The fifth row of Table 1.6 shows that mutual funds lose as much as $1,536 million

per month from their negative exposures to the investment anomalies under the

Vanguard benchmark. Most surprisingly, as shown in the last column, mutual funds

have negative exposures to all nine individual anomalies in the investment category,

which provides additional support to the finding that mutual funds lose value from

investment related accounting information. The negative exposures to investment

anomalies corroborate the findings in Edelen, Ince, and Kadlec (2016) and Ali, Chen,

Yao, and Yu (2008) that institutions trade against investment anomaly, and few, if

any, mutual funds’ trades agree with the accruals anomaly. Our comprehensive set of

anomalies allows us to have a more complete picture of mutual funds’ exposures by

categories.

The sixth row shows that mutual funds lose another $1,302 million per month

from their negative exposures to the profitability anomalies under the Vanguard

benchmark, and the last column reports that mutual funds only have positive ex-

posure to one out of 14 profitability anomalies. However, the value added turns

insignificant under the CAPM benchmark, which is mainly caused by the multi-

collinearity problem between investment and profitability anomalies, as shown in

Table A.2. The seventh row shows that mutual funds’ exposure to other accounting

anomalies is insignificantly different from zero.

The eighth row shows that mutual funds’ value added from their exposure to

accounting-to-market anomalies is significantly positive under the Vanguard bench-

mark, but the result is less reliable due to multicollinearity between this and invest-

ment as shown in Table A.2.

More importantly, the ninth row shows that the value added unexplained by

asset pricing anomalies by subcategories is as large as $1,993 million per month and

significant under the 5% significance level, confirming the result that mutual funds

are profiting from their private investment strategies.

To understand the severity of the potential multicollinearity issue in our multivari-

ate regressions, we report the correlations between the three anomaly categories in

the Panel A of Table A.2 and the correlations between seven subcategories in Panel B.

Panel A shows the correlations between the three categories at most 0.11, suggesting

that the potential multicollinearity problem is not serious for the regression based

on three categories. However, Panel B of A.2 shows that other accounting anomalies
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are highly correlated with momentum and profitability, with a correlation of 0.52

and 0.65, respectively, and profitability and investment have a correlation of 0.47.

Therefore, multicollinearity remains a potential problem for subcategories. In the

next section, we use univariate regressions to confirm the robustness of our findings

by subcategories.

In Panel B of Table 1.6, the first row shows that mutual funds have significant

exposure to the momentum factor in the univariate regression at the 5% significance

level, confirming our findings in the multivariate regression. However, the signifi-

cance level of exposure to the momentum factor in the univariate regression is lower

than that in the multivariate regression. Thereby the value added by momentum

becomes smaller and insignificant. The reason is that momentum is correlated with

other anomaly subcategories, especially profitability and other accounting, as shown

in Table A.2. As discussed in Asness, Moskowitz, and Pedersen (2013), the momentum

strategy works better together with other strategies such as value strategy than itself

alone, which is consistent with our finding.

As the second row in Panel B of Table 1.6 shows, mutual funds add as much as $922

per month, which is significant by tilting towards liquidity risk anomaly, implying

that mutual funds earn money by providing liquidity or bearing more liquidity risk.

This result is consistent with our multivariate regression. In addition, the liquidity

risk factor alone explains as much as 14.9% and 26.7% of the variations of CAPM

alpha and Vanguard alpha, respectively.

The third row in Panel B shows that the subcategory of other market anomalies is

significantly positively related to mutual funds and adds value, implying that mutual

funds tilt their portfolios towards information from the stock market. The value

added by mutual funds’ positive exposures to the other market index accounts for

at least $700 million per month using CAPM as the benchmark. The magnitude of

other market anomalies is higher compared to the value added in the multivariate

regression.

The next two rows in each Panel of Table 1.6 show that gross alphas of mutual

funds are negatively related to the investment and profitability anomalies, and the

R-squared is considerably higher than for the other subcategories, especially when we

use the Vanguard benchmark. The negative relations are highly statistically significant

and consistent with the result in the multivariate regression.

As the last row shows, mutual funds lose value through the negative exposures to

other accounting anomalies, but only statistically significantly so for the Vanguard

benchmark. This result is more reliable than that in the multivariate regression

because other accounting is highly correlated with momentum and profitability as

Table A.2 shows. The negative relationship is consistent with two other subcategories

- investment and profitability.
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Table 1.6: Exposures and Value Added - Subcategories

This table shows the coefficient estimates from multivariate and univariate regressions of mutual fund
gross alpha on the anomaly category returns defined by Eq. (1.10) and (1.12), and the corresponding
value added defined by Eq. (1.11) and (1.13). The sample of 45 anomalies is categorized into momentum,
liquidity risk, other market, investment, profitability, other accounting, and accounting-to-market. We
aggregate returns by taking an equally-weighted average of anomaly returns in the category defined by Eq.
(1.9). #positive/total refers to the number of anomalies that mutual funds are positively exposed to over
the total number of anomalies in the category. Vanguard alpha/CAPM alpha is the monthly value-weighted
benchmark-adjusted gross return estimated by Eq. (1.5) using the Vanguard S&P500 index fund/market
portfolio as a benchmark. The sample period is from January 1984 to December 2017. p-values are reported
below the regression coefficients. Bootstrapped p-values are reported below the value added. *, **, and ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Exposure Value added #positive/total

Vanguard CAPM Vanguard CAPM

Panel A: Multivariate Regression

Value added (total) 875 706
0.483 0.256

Market:
Momentum 0.040*** 0.014*** 728** 262* 1/1

0.000 0.002 0.024 0.069
Liquidity risk 0.052*** 0.032*** 469* 285* 1/1

0.000 0.000 0.073 0.080
Other market 0.005 0.019 41 166 2/4

0.828 0.224 0.827 0.241
Accounting:
Investment -0.186*** -0.091*** -1,536*** -755*** 0/9

0.000 0.000 0.000 0.001
Profitability -0.093*** 0.012 -1,302*** 165 1/14

0.000 0.487 0.001 0.528
Other accounting 0.010 -0.031 90 -296 7/13

0.756 0.168 0.769 0.205
AtM:
AtM 0.038** 0.022* 392* 226

0.015 0.068 0.056 0.125 2/3
Constant/Unexplained 0.001** 0.000 1,993** 653

0.011 0.201 0.016 0.205

Observations 408 408
R-squared 0.563 0.247

Panel B: Univariate Regression

Momentum 0.015** 0.008** 281 140 1/1
0.022 0.040 0.373 0.363

Liquidity risk 0.102*** 0.042*** 922* 382* 1/1
0.000 0.000 0.068 0.074

Other market 0.031 0.023 267 197 2/4
0.475 0.255 0.496 0.273

Investment -0.260*** -0.093*** -2,149*** -770*** 0/9
0.000 0.000 0.000 0.002

Profitability -0.139*** -0.030** -1,940*** -420** 1/14
0.000 0.016 0.001 0.041

Other accounting -0.080*** -0.013 -752** -126 7/13
0.009 0.472 0.030 0.500

AtM 0.017 0.014 175 150 2/3
0.519 0.231 0.543 0.290
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To summarize, the results for the value added by each anomaly using univariate

regressions are consistent with the results from the multivariate regressions, sug-

gesting that the multicollinearity problem is not severely affecting our results of the

multivariate regressions. The exposures and value added of anomaly subcategories

are consistent with categories and provide more information about which groups of

anomalies mutual funds add/lose value.

1.6 Empirical Results for Individual Anomalies

In this section, we highlight which individual anomalies have significant exposures

to mutual funds.21 One might be concerned about the approach of using equally-

weighted anomaly returns across a given anomaly group due to information losses.

Therefore, we pin down the important individual anomalies and examine the value

added of these individual anomalies directly. Hereby we investigate whether the re-

sults of the individual anomalies are consistent with those using anomaly categories.

We restrict our analysis of individual anomalies to the sample of 45 anomalies.

Table A.6 shows information for the 45 anomalies. Table A.7 reports the value added

and exposures for each of the 45 anomalies from univariate regressions. Mutual

funds only have positive exposures to the traditional momentum variable R11 in the

momentum category, but the value added from R11 alone is insignificant; and the

R-squared is low. Studies show that value and momentum are negatively correlated

with each other (e.g., Asness, Moskowitz, and Pedersen (2013)), thus momentum

can add significant value when it is analyzed together with other anomalies in the

multivariate regression as shown in Table 1.6, but not individually. The liquidity

risk variable (BETALRC) has significantly positive exposures, but the value added is

statistically insignificant. One reason for the insignificant value added is that R11

and BETALRC long-short portfolio returns are only marginally significant. The other

market anomalies also have insignificant value added when they are considered

individually, which is also the case when they are considered jointly.

All the individual anomalies in the investment subcategory are negatively related

to mutual funds and, thereby, funds destroy value by their negative exposures, consis-

tent with the overall results for the investment category using the equally-weighted

returns approach. In particular, we find that mutual funds destroy as much as $1,903

by tilting their portfolios away from net stock issues (NSI), which is statistically signif-

icant, followed by composite equity issuance (CEI).

The results for the individual anomalies’ value added in the profitability subcate-

gory are consistent with the aggregated results in Table 1.6. The negative exposures to

the investment-related anomalies make mutual funds lose substantial and significant

21We show all the results regarding the individual anomalies in the Appendix, simply because of the
size of the tables. Here we concentrate on the results based on the Vanguard benchmark, but the table also
shows the CAPM benchmark results for comparison.
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value. More anomalies are included in the profitability than in the investment sub-

group. Only one of 14 anomalies in profitability adds positive but insignificant value.

The negative exposures to cash-based operating profitability (COP) make mutual

funds destroy the most value, followed by the quarterly cash-based operating profits-

to-lagged assets (CLAQ) and quarterly operating profits-to-lagged assets (OLAQ).

Although anomalies in the same subcategory are correlated, we show that the results

for the individual anomalies are consistent with aggregated anomalies in Table 1.6

that mutual funds lose more value to profitability than investment-related anomalies.

The results for the individual other accounting anomalies show a consistent

pattern with the results for the aggregated anomalies. Around half of the anomalies in

this subcategory are negatively related to mutual fund alpha and destroy value (e.g.,

organizational capital-to-assets (OCA)) while the other half add value. Therefore, the

aggregated other accounting index is insignificant.

Finally, we consider the value added and exposures of the individual anomalies in

the accounting-to-market category. For the net payout yield (NOP) anomaly, mutual

funds lose value by tilting away from it, and for the R&D expense-to-market (RDM)

anomaly, they add value. Given our findings that mutual funds in the aggregate rely

on market information but neglect accounting information, it is reasonable that

anomalies that are a combination of both types of information can show a mixed

result.

The evidence in Table A.7 suggests that our value added findings using aggregate

anomaly returns for categories are consistent with using individual anomalies. This

is an indication that the approach of using equally-weighted anomaly returns within

groups is reliable.

1.7 Robustness Analysis

For robustness, we investigate three different sets of anomalies, compare our find-

ings to traditional asset pricing factors, examine the exposures using sophisticated

benchmarks, use an alternative calculation of alpha, and consider different sample

periods.

1.7.1 Three Different Sets of Anomalies

As a robustness check, we compare the exposures using the three different sets of

anomalies. Table 1.7 reports the corresponding multivariate regressions. Consistent

with our previous findings, the first two rows show a consistent exposure pattern in

that mutual fund alphas have significantly positive exposures to anomalies based on

market information, while they have significantly negative exposures to anomalies

based on accounting information. The exposures to the accounting-to-market index

in the third row show mixed results but are statistically insignificant in most settings.

The last row of Table 1.7 shows that the R-squared increases with the decrease of
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Table 1.7: Exposures - Three Samples

This table shows the coefficient estimates from multivariate regressions of mutual fund gross alpha on the
anomaly category returns defined by Eq. (1.10) using three anomaly samples. The sample of 45 anomalies
is categorized into market, accounting, and accounting-to-market (AtM). We aggregate returns by taking
an equally-weighted average of anomaly returns in the category defined by Eq. (1.9). 234 anomalies include
all anomalies in Hou, Xue, and Zhang (2020); 81 anomalies include anomalies that have significant value-
weighted abnormal hedge portfolio returns using NYSE breakpoint with the single test hurdle of |t | Ê 1.645;
45 anomalies include anomalies that have significant mutual funds’ exposures with the single test hurdle
of |t | Ê 1.645. Vanguard alpha/CAPM alpha is the monthly value-weighted benchmark-adjusted gross
return estimated by Eq. (1.5) using the Vanguard S&P500 index fund/market portfolio as a benchmark.
The sample period is from January 1984 to December 2017. p-values are reported below the regression
coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.

234 Anomalies 81 Anomalies 45 Anomalies

Vanguard CAPM Vanguard CAPM Vanguard CAPM

Market 0.293*** 0.129*** 0.174*** 0.097*** 0.187*** 0.090***
0.000 0.003 0.000 0.000 0.000 0.000

Accounting -0.622*** -0.175*** -0.337*** -0.097*** -0.239*** -0.060***
0.000 0.000 0.000 0.001 0.000 0.002

AtM -0.055** -0.013 0.001 0.020* 0.025 0.014
0.012 0.311 0.959 0.082 0.149 0.002

Constant 0.001*** 0.001** 0.001** 0.000 0.001 0.000
0.002 0.046 0.018 0.511 0.232 0.617

Observations 408 408 408 408 408 408
R-squared 0.280 0.068 0.306 0.105 0.388 0.144

the number of anomalies in the sample, indicating that the sample of 45 anomalies

explains mutual fund gross alpha the best. This finding lends support to using the 45

anomalies that are robust and have significant fund exposures as benchmark for the

calculation of value added.

1.7.2 Traditional Factors and Value Added

We examine mutual funds’ exposures to traditional risk factors. Table 1.8 reports the

estimates from the multivariate regressions of mutual fund gross alpha on the Fama

and French (2015) five factors plus momentum (MOM) and liquidity risk (LIQ) factors.

Momentum is the long-short portfolio return (decile 10 minus decile 1) based on

prior 2-12 return constructed monthly using NYSE decile breakpoints. The liquidity

risk factor is constructed based on the return-to-illiquidity beta defined in Acharya

and Pedersen (2005). We focus on the results based on the Vanguard benchmark but

also report CAPM results for comparison.

Based on the information used to construct these factors, momentum (MOM),

liquidity risk (LIQ), and the size (SMB) factor belong to the market category, the

investment (CMA) and profitability (RMW) factors belong to the accounting category,

and the value factor (HML) belongs to the accounting-to-market category. Consistent
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Table 1.8: Exposures to Factor Models

This table shows the coefficient estimates from multivariate regressions of mutual fund gross alpha on the
Fama-French five factors plus Momentum and Liquidity Risk. The variable definition MOM (momentum)
is the long-short portfolio return (decile 10 minus decile 1) based on prior 2-12 return constructed monthly
using NYSE decile breakpoints. The variable definition LIQ (return-to-illiquidity) follows the original paper
of Acharya and Pedersen (2005). The definitions of the variables SMB, HML, RMW, CMA follow the original
paper of Fama and French (2015). The sample period is from January 1984 to December 2017. p-values are
reported below the regression coefficients. *, **, and *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Vanguard CAPM

Market:

MOM 0.023*** 0.009**
0.000 0.014

LIQ 0.041*** 0.032***
0.000 0.000

SMB 0.201*** 0.046***
0.000 0.000

Accounting:

CMA -0.063*** -0.033*
0.008 0.097

RMW -0.050*** 0.011
0.002 0.549

Accounting-to-market:

HML -0.028 -0.006
0.129 0.663

Constant 0.000 0.000
0.534 0.586

Observations 408 408
R-squared 0.668 0.214

with our findings, mutual funds have significantly positive exposures to MOM and

LIQ factors in the market category, negative exposures to CMA and RMW factors in the

accounting category, and insignificant exposure to HML in the accounting-to-market

category.

We expect that the results from using traditional risk factors differ from using our

anomalies. All our anomaly returns are constructed as decile 10 minus decile 1. In

contrast, traditional risk factors are constructed in individual ways. For instance, the

SMB factor is constructed from the average return on nine small portfolios minus the

average return on nine big stock portfolios.22

22The reason is that over our sample period 1984-2017, the SMB and HML value-weighted long-short
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We show that mutual funds have significantly positive exposures to SMB (market

information), and they do not have significant exposures to HML (AtM). Overall, the

results from using our sets of anomalies are consistent with the results from using

the traditional Fama and French risk factors.

1.7.3 Value-Weighted Gross Alpha in the Aggregate

Our value-weighted mutual fund gross alpha is obtained by estimating each fund’s

gross alpha first and then calculating the value-weighted gross alpha. An alternative

is to estimate the value-weighted mutual fund gross return first and estimate gross

alpha subsequently

Rg
t = qi ,t−1∑I

i=1 qi ,t−1
Rg

i t , (1.17)

and

α̂
g
t = Rg

t −R j
t . (1.18)

The difference between the two approaches is that the former adjusts each fund’s

gross return by the benchmark, while the latter adjusts the active mutual fund indus-

try as a whole by the benchmark. Table A.8 shows the exposures using the alternative

value-weighted gross alpha. Both for the categories and subcategories, exposures are

consistent with our main results that mutual funds are positively exposed to market

anomalies (momentum and liquidity risk) and negatively exposed to accounting

anomalies (investment and profitability).

1.7.4 Subsample Analysis

Table A.9 reports the results for two equally sized subperiods, 1984-2000 and 2001-

2017, separately. Consistent with our main results based on the entire sample, mutual

funds have positive exposures to market anomalies and negative exposures to ac-

counting anomalies in both subperiods.

1.8 Conclusion

We empirically analyze the origins of mutual fund skill (value added) using asset

pricing anomalies based on public market and accounting information. We find that

mutual funds add value through their positive exposures to anomalies based on

portfolio returns based on the NYSE breakpoints and decile 1 and 10 are not significantly different from
zero (t=0.09 and t=1.52, respectively). A further investigation shows that traditional SMB and HML factors
are significant over the full period 1927-2020 (t=2.00 and t=3.09 respectively), suggesting that SMB and
HML are excluded due to different time periods and construction methods. Given that our mutual fund
data starts from 1984, and our long-short portfolio returns are constructed based on decile 10 and 1
for all anomalies, SMB and HML are not included in the 45 robust anomalies with significant mutual
fund exposures for our benchmark analysis. But we document the exposures to SMB and HML here for
robustness check.
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market information and lose substantial value through their negative exposures to

anomalies based on accounting information. Mutual funds have positive exposures

to market long legs, and at the same time they are exposed to accounting short legs.

This positive correlation between exposures to legs is found in both cross-section and

time-series. The reason of losing value to accounting information based anomalies

cannot be explained by limits of arbitrage caused by fund flow volatility, manager

tenure due to career concerns, and short-sale constraints of mutual funds. Our ev-

idence supports the explanation that mutual funds can add value through market

information, but are not sophisticated enough to process accounting information

when market information and accounting information are conflicting.

Our study is limited to U.S. equity mutual funds. Future studies could investigate

the origins of skill for other investors such as hedge funds and retail investors as well

to have a complete picture of the interplay between different types of investors in

the market. Since our analysis is based on public asset pricing anomalies, another

interesting direction is to have a closer look at the private investment strategies used

by mutual funds and their value added.
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Appendix

A.1 CRSP Mutual Fund Clean-up

Our raw mutual fund data is obtained from CRSP from December 1961 to December

2019. Before merging the same funds with different share classes, the Fund Summary

dataset has 2,220,136 observations and 67,379 funds; the Mutual Funds Monthly

Returns and Fama-French Factors dataset has 7,932,552 observations and 67,361

funds.

A.1.1 Keep Domestic Equity Funds

We follow the methodology by Kacperczyk, Sialm, and Zheng (2008). CRSP updated

the database in March 2008, so ICDI Objective Codes no longer exist. Instead, CRSP

Survivor-Bias-Free U.S. Mutual Fund Database now contains the new Lipper clas-

sification, asset, and objective codes. Therefore, we revised the methodology by

Kacperczyk, Sialm, and Zheng (2008). The only difference is that we use new Lipper

classification rather than ICDI Objective Codes.

We first remove funds based on CRSP Database objective codes that are Interna-

tional, Municipal Bonds, Bond and Preferred, and Balanced funds. We then include a

fund based on Lipper Class with the following: EIEI, G, LCCE, LCGE, LCVE, MCCE,

MCGE, MCVE, MLCE, MLGE, MLVE, SCCE, SCGE, SCVE. If Lipper Class is unavail-

able, we keep funds with the following Strategic Insight objectives: AGG, GMC, GRI,

GRO, ING, or SCG. If a fund is missing both Lipper Asset Code and Strategic Insight

objectives, we use the Wiesenberger Fund Type Code and select funds with the fol-

lowing objectives: G, G-I, AGG, GCI, GRI, GRO, LTG, MCG, and SCG. If a fund does

not have any above objectives, we include the fund if it has a policy: CS. After the

above screening, we still have 21,181 observations at the share class level between

1961 and 2019. Finally, we remove funds that hold less than 80% or more than 105%

in stocks on average (Kacperczyk, Sialm, and Zheng (2008)).

One problem in calculating the average monthly proportion of stocks in a fund

is that some missing proportions have defaulted as 0% because we observe that the

proportion of common stocks varies from 0% to, i.e., 90% in the same fund. The

difficulty is that we do not know whether 0% is the missing value or the true value

(the fund does not invest in any common stocks). But we deduce that it is impossible

that the fund holds nothing, even holds no cash. Thus, we use a method that replaces

0% with missing value if values are 0% in all asset classes, then we calculate the

proportion of stock holdings monthly on average. The number of our remaining

funds at this stage at the share class level is 18,064.
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A.1.2 Remove Index Funds and Sector Funds

We define index funds if the index fund flag is labeled as index funds ("B", "D", or

"E"). The index fund flag only begins on June 30, 2003. Thus, we need a further

cleanup. We define index funds that have fund-month observations with expense

ratios below 0.1% per year because it is extremely unlikely that any actively managed

funds would charge such low fees (Pástor, Stambaugh, and Taylor (2015)). We then

exclude funds whose name contains the word "index" (Pástor, Stambaugh, and Taylor

(2015)). Finally, we identify passive ETFs and ENFs if the CRSP variable et_flag equals

either "F" or "N". We also identify sector funds that contain keywords "sector" but

not "multi-sector" in the fund name. After dropping passive funds, there are 16,232

funds at the share class level.

A.1.3 Avoid Incubation Bias

We follow Kacperczyk, Nieuwerburgh, and Veldkamp (2014) to first exclude obser-

vations for which the year of the observation is prior to the reported fund starting

year as well as observations for which the names of the funds are missing in the CRSP

database. Mutual funds before 1984 are also excluded because there is selection bias

during the period 1962 to 1983 (Fama and French (2010)).

A.1.4 Group Together Different Subclasses of the Same Fund

We use MFLINKS to combine different share classes of the same fund into a sin-

gle fund. Following Kacperczyk, Nieuwerburgh, and Veldkamp (2014), we sum the

TNAs of different share classes and get lagged TNAs monthly. We take the mutual

funds’ weighted average monthly returns, monthly NAVs, income yields, dividend

yields, capital gains yields, actual 12b1, max 12b1, expense ratios, management fees,

turnover ratios and loads with weights of lagged TNAs of each share class. For the

qualitative attributes of funds (e.g., name, ticker, objectives, and year of origination),

we retain the observation of the oldest fund. After merging, our final sample has 3,389

active domestic well-diversified equity mutual funds and 694,072 observations from

December 1961 to December 2019.

A.2 Inflation Adjustment

We adjust for inflation to make the TNAs comparable across time. We use the Con-

sumer Price Index for All Urban Consumers: All Items in U.S. City Average from FRED,

Federal Reserve Economic Data provided by St. Louis Fed. This series is at the monthly

frequency, and it is seasonally adjusted. The month of December 2017 is used as the

baseline month to adjust TNAs in other years because our anomaly sample ends in

December 2017. For example, the CPI value at the end of December 2017 is 248.8,

and the CPI value at the end of December 1990 is 134.7. The adjusted monthly TNAs
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in 1990 are calculated as non-adjusted monthly TNAs * 248.8/134.7 so that the TNAs

in 1990 can be comparable to the TNAs in 2017.

A.3 Correcting and Filling in Missing Values

At the share class level, if the value of expense ratio/management fee/turnover

ratio/12b-1 is -99 or 0, we set them to missing. If the value of expense ratio/management

fee is negative, we also set them to missing.

76.02%, 77.92%, 76.34%, 85.75%, and 89.47% of expense ratio, management fee,

turnover ratio, actual 12b-1, and maximum 12b-1 observations are missing respec-

tively. We identify that CRSP provides quarterly/annual values for the above variables,

so we back-filled using the fiscal year-end information. If a fund does not have fiscal

year-end value, we mainly follow Berk and van Binsbergen (2015) to assign it a fiscal

year-end value. For example, to fill in the expense ratio fiscal year-end:

(1) We first check other share classes for the same fund. If the other share class

reported fiscal year-end, we fill in the expense ratio using the value reported by the

same fund but a different share class. We assume that all investors have the same

investment horizons, and they are indifferent towards expenses of different share

classes.

(2) If a fund never reported a fiscal year but reported at least five consecutive

quarters of expense ratios, and the month when the expense ratio change is consis-

tent, then we assign this month as the fiscal year-end month for this fund. We check

these eligible months. Surprisingly, 100% of the eligible months in our sample are

December.

(3) If there are no reported five consecutive quarters of expense ratios, we assume

that the value is the same as the previous fiscal year-end because the expense ratio

is highly persistent over time. We assign it as the month of the same fund with a

different share class.

(4) If there is no previous fiscal year-end at the share class level, we fill it in using

the value by the same fund but a different share class in the previous fiscal year-end.

(5) If fiscal year-end is still missing, finally, we assume that the value is the same

as the next fiscal year-end by the same fund with a different share class.

After implementing the above steps, there is still 2.63% fiscal year-end and ex-

penses ratios missing at the fund level. We decide to exclude these funds. Finally, we

have 3,178 funds from January 1984 to December 2017.
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Table A.2: Correlations of Anomaly Returns by Category

This table shows the pairwise correlation coefficients of the anomaly returns. Panel A shows the correlations
between average returns of three anomaly categories. Panel B shows the correlations between average
returns of seven anomaly subcategories. The sample of 45 anomalies is categorized into market, accounting,
and accounting-to-market and are further categorized into momentum, liquidity risk, other market,
investment, profitability, other accounting, and accounting-to-market. We aggregate returns by taking
an equally-weighted average of anomaly returns in the category defined by Eq. (1.9). The sample period
is from January 1984 to December 2017. *, **, and *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Panel A: Three Categories

Market Accounting AtM

Market 1.000
Accounting -0.022 1.000
AtM 0.100** 0.111** 1.000

Panel B: Subcategories

(1) (2) (3) (4) (5) (6) (7)

(1) Momentum 1.000
(2) Liquidity risk -0.060 1.000
(3) Other market -0.163*** -0.011 1.000
(4) Investment 0.148*** -0.297*** -0.162*** 1.000
(5) Profitability 0.370*** -0.387*** -0.160*** 0.471*** 1.000
(6) Other accounting 0.523*** -0.130*** -0.159*** 0.123** 0.647*** 1.000
(7) AtM 0.134*** 0.217*** -0.121** 0.341*** 0.047 -0.015 1.000

Table A.3: Correlations of Subcategories - Market Long Leg and Accounting Short Leg

This table shows the correlations between market long legs and accounting short legs for 45 anomalies that
mutual funds have significant exposures to. p10 is the long leg (decile) of the anomaly categorized in the
Market Subcategory. p1 is the short leg (decile) of the anomaly categorized in the Accounting Subcategory.
The long/short legs returns are market risk-adjusted returns (CAPM-adjusted). The sample period is
from January 1984 to December 2017. *, **, and *** indicate significance at the 10%, 5%, and 1% level,
respectively.

p10Momentum p10Liquidity p10Other Market

p1Investment 0.458*** 0.474*** 0.556***
p1Profitability 0.322*** 0.525*** 0.541***
p1Other Accounting 0.225*** 0.466*** 0.510***
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Table A.4: Correlations of Individual Anomalies - Market Long Leg and Accounting Short Leg

This table shows the correlations between market long legs and accounting short legs for 45 anomalies
that mutual funds have significant exposures to. p10 is the long leg (decile) of the anomaly categorized in
the Market Category. p1 is the short leg (decile) of the anomaly categorized in the Accounting Category.
The long/short legs returns are market risk-adjusted returns (CAPM-adjusted). The sample period is
from January 1984 to December 2017. *, **, and *** indicate significance at the 10%, 5%, and 1% level,
respectively.

p10R11 p10RA16TO20 p10RA6TO10 p10RN11TO15 p10RN16TO20 p10BETALRC

p1CEI 0.344*** 0.192*** 0.294*** 0.345*** 0.358*** 0.327***
p1DLNO 0.166*** 0.148*** 0.174*** 0.237*** 0.191*** 0.181***
p1DNCO 0.297*** 0.172*** 0.250*** 0.284*** 0.267*** 0.290***
p1DPIA 0.329*** 0.164*** 0.233*** 0.268*** 0.272*** 0.325***
p1DWC 0.416*** 0.192*** 0.384*** 0.440*** 0.374*** 0.382***
p1IG 0.422*** 0.271*** 0.480*** 0.428*** 0.374*** 0.386***
p1INVC 0.291*** 0.160*** 0.254*** 0.253*** 0.346*** 0.365***
p1NSI 0.432*** 0.174*** 0.298*** 0.399*** 0.326*** 0.531***
p1NXF 0.428*** 0.243*** 0.383*** 0.403*** 0.385*** 0.527***
p1CLA 0.244*** 0.218*** 0.348*** 0.312*** 0.259*** 0.503***
p1CLAQ 0.265*** 0.187*** 0.292*** 0.285*** 0.296*** 0.447***
p1COP 0.277*** 0.223*** 0.347*** 0.342*** 0.263*** 0.505***
p1DROA 0.116** 0.272*** 0.389*** 0.277*** 0.257*** 0.301***
p1OLA 0.223*** 0.273*** 0.387*** 0.298*** 0.232*** 0.415***
p1OLAQ 0.175*** 0.246*** 0.369*** 0.312*** 0.242*** 0.440***
p1OLEQ 0.295*** 0.252*** 0.472*** 0.390*** 0.362*** 0.472***
p1OPA 0.264*** 0.211*** 0.389*** 0.289*** 0.251*** 0.437***
p1OPE 0.377*** 0.239*** 0.457*** 0.358*** 0.344*** 0.441***
p1PMQ 0.310*** 0.230*** 0.491*** 0.384*** 0.365*** 0.487***
p1RNA 0.396*** 0.266*** 0.451*** 0.403*** 0.377*** 0.477***
p1RNAQ 0.315*** 0.228*** 0.491*** 0.384*** 0.363*** 0.501***
p1ROA 0.297*** 0.211*** 0.410*** 0.365*** 0.272*** 0.451***
p1ROE 0.271*** 0.212*** 0.416*** 0.365*** 0.269*** 0.476***
p1FPQ 0.033 0.176*** 0.325*** 0.340*** 0.277*** 0.479***
p1OQ 0.286*** 0.179*** 0.362*** 0.347*** 0.285*** 0.578***
p1ALMQ 0.185*** 0.192*** 0.326*** 0.06 0.109** 0.041
p1KZQ 0.261*** 0.077 0.193*** 0.283*** 0.215*** 0.538***
p1SDD 0.074 0.056 0.207*** 0.195*** 0.148*** 0.052
p1DUR 0.329*** 0.253*** 0.324*** 0.336*** 0.284*** 0.345***
p1DAC 0.251*** 0.167*** 0.335*** 0.315*** 0.309*** 0.116**
p1PDA 0.352*** 0.175*** 0.339*** 0.369*** 0.335*** 0.362***
p1ATO -0.031 0.051 0.024 0.150*** 0.098** 0.147***
p1ATOQ 0.023 0.152*** 0.103** 0.193*** 0.086* 0.210***
p1SGQ 0.002 0.088* 0.254*** 0.216*** 0.149*** 0.101**
p1EPRD -0.049 0.172*** 0.130*** 0.132*** 0.047 0.197***
p1OCA 0.102** 0.128*** 0.095* 0.266*** 0.248*** 0.157***
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Table A.5: Risk-adjusted Return Correlation - Anomalies from French’s website

This table shows the correlations between market long legs and accounting short legs for five anomalies
from French’s website. The returns are market risk-adjusted returns (CAPM-adjusted). The sample period
is from January 1984 to December 2017. *, **, and *** indicate significance at the 10%, 5%, and 1% level,
respectively.

Momentum+ STReversal+

Investment- 0.117** 0.134***
Profitability- 0.304*** 0.342***
Accrual- 0.209*** 0.129***
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Table A.6: Information for Anomalies with Significant Fund Exposures

This table shows the information for 45 anomalies that mutual funds have significant exposures to. Sign
of Exposure is the sign of coefficient δa in Eq. (1.8) when regressing the fund’s gross alpha on the value-
weighted hedge portfolio return of the anomaly. Subcategory is the group that an anomaly belongs to.
Return is the anomaly’s value-weighted hedge portfolio return obtained from long-short positions in the
extreme deciles (decile 10 minus decile 1) each month using NYSE breakpoints from January 1984 to
December 2017.

Anomaly Description Literature Sign of Exposure Subcategory Return

R11 Prior 11-month re-
turns

Jegadeesh and Tit-
man (1993)

Positive Momentum 0.956%

BETALRC Liquidity betas
(return-illiquidity)

Acharya and Peder-
sen (2005)

Positive Liquidity risk 0.475%

RA16TO20 Seasonality Heston and Sadka
(2008)

Negative Other market 0.356%

RA6TO10 Seasonality Heston and Sadka
(2008)

Negative Other market 0.692%

RN16TO20 Seasonality Heston and Sadka
(2008)

Positive Other market 0.395%

RN11TO15 Seasonality Heston and Sadka
(2008)

Positive Other market 0.365%

CEI Composite equity
issuance

Daniel and Titman
(2006)

Negative Investment 0.570%

DLNO Changes in long-
term net operating
assets

Fairfield, Whisenant,
and Yohn (2003)

Negative Investment 0.330%

DNCO Changes in net non-
current operating
assets

Richardson et al.
(2005)

Negative Investment 0.450%

DPIA Changes in PPE and
inventory-to-assets

Lyandres, Sun, and
Zhang (2008)

Negative Investment 0.360%

DWC Changes in net non-
cash working capi-
tal

Richardson et al.
(2005)

Negative Investment 0.391%

IG Investment growth Xie (2001) Negative Investment 0.291%
INVC Inventory changes Thomas and Zhang

(2002)
Negative Investment 0.432%

NSI Net stock issues Pontiff and
Woodgate (2008)

Negative Investment 0.608%

NXF Net external financ-
ing

Bradshaw, Richard-
son, and Sloan
(2006)

Negative Investment 0.485%

CLA Cash-based oper-
ating profits-to-
lagged assets

Ball et al. (2016) Negative Profitability 0.784%

CLAQ Quarterly cash-
based operating
profits-to-lagged
assets

Ball et al. (2016) Negative Profitability 1.030%

COP Cash-based operat-
ing profitability

Ball et al. (2016) Negative Profitability 0.883%

DROA 4-quarter change in
return on assets

Balakrishnan, Bar-
tov, and Faurel
(2010)

Positive Profitability 0.458%

OLA Operating profits-
to-lagged assets

Ball et al. (2016) Negative Profitability 0.675%
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Anomaly Description Literature Sign of Exposure Subcategory Return

OLAQ Quarterly operating
profits-to-lagged as-
sets

Ball et al. (2016) Negative Profitability 1.100%

OLEQ Quarterly operating
profits-to-lagged
equity

Fama and French
(2015)

Negative Profitability 0.864%

OPA Operating profits-
to-asset

Ball et al. (2016) Negative Profitability 0.782%

OPE Operating profits to
equity

Fama and French
(2015)

Negative Profitability 0.507%

PMQ Quarterly profit
margin

Soliman (2008) Negative Profitability 0.633%

RNA Return on net oper-
ating assets

Soliman (2008) Negative Profitability 0.404%

RNAQ Quarterly return on
net operating assets

Soliman (2008) Negative Profitability 0.776%

ROA Return on assets Balakrishnan, Bar-
tov, and Faurel
(2010)

Negative Profitability 0.646%

ROE Return on equity Haugen and Baker
(1996)

Negative Profitability 0.747%

FPQ Failure probabil-
ity, annual and
monthly sorts

Campbell, Hilscher,
and Szilagyi (2008)

Negative Other accounting 0.645%

OQ Quarterly O-score Dichev (1998) Negative Other accounting 0.533%
ALMQ Quarterly asset liq-

uidity scaled by 1-
quarter-lagged mar-
ket value of assets

Ortiz-Molina and
Phillips (2014)

Positive Other accounting 0.439%

KZQ Quarterly Kaplan-
Zingales index

Lamont, Polk, and
Saa-Requejo (2001)

Negative Other accounting 0.341%

SDD Secured debt-to-
total debt

Valta (2016) Positive Other accounting 0.449%

DUR Equity duration Dechow, Sloan, and
Soliman (2004)

Negative Other accounting 0.505%

DAC Discretionary ac-
cruals

Xie (2001) Negative Other accounting 0.326%

PDA Percent discre-
tionary accruals

Hafzalla, Lundholm,
and Van Winkle
(2011)

Positive Other accounting 0.233%

ATO Assets turnover Soliman (2008) Positive Other accounting 0.450%
ATOQ Quarterly assets

turnover
Soliman (2008) Positive Other accounting 0.789%

SGQ Quarterly sales
growth

Fama and French
(1992)

Positive Other accounting 0.356%

EPRD Earnings pre-
dictability

Francis et al. (2004) Positive Other accounting 0.688%

OCA Organizational
capital-to-assets

Eisfeldt and Pa-
panikolaou (2013)

Negative Other accounting 0.689%

NOP Net payout yield Boudoukh et al.
(2007)

Negative AtM 0.475%

VFP Analysts’ forecasts-
based intrinsic
value-to-market

Frankel and Lee
(1998)

Positive AtM 0.425%

RDM R&D expense-to-
market

Chan, Lakonishok,
and Sougiannis
(2001)

Positive AtM 0.728%
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Table A.7: Exposures and Value added - Individual Anomalies

This table shows the coefficient estimates from univariate regressions of mutual fund gross alpha on
the individual anomaly return defined by Eq. (1.8) and the corresponding value added defined by Eq.
(1.13). The sample of 45 anomalies is categorized into momentum, liquidity risk, other market, investment,
profitability, other accounting, and accounting-to-market. Each Panel shows the individual anomalies
included in each subcategory. We aggregate returns by taking an equally-weighted average of anomaly
returns in the category defined by Eq. (1.9). Vanguard alpha/CAPM alpha is the monthly value-weighted
benchmark-adjusted gross return estimated by Eq. (1.5) using the Vanguard S&P500 index fund/market
portfolio as a benchmark. Value added is ranked in ascending order in each category based on the Vanguard
value added. The sample period is from January 1984 to December 2017. p-values are reported below the
regression coefficients. Bootstrapped p-values are reported below the value added. *, **, and *** indicate
significance at the 10%, 5%, and 1% level, respectively.

Vanguard CAPM

Value added Exposure R-squared Value added Exposure R-squared

Panel A: Momentum

R11 281 0.015** 0.010 140 0.008** 0.008
0.373 0.022 0.363 0.040

Panel B: Liquidity risk

BETALRC 926 0.102*** 0.265 384 0.042*** 0.147
0.160 0.000 0.168 0.000

Panel C: Other market

RA16TO20 -224 -0.033** 0.012 -99 -0.015* 0.007
0.195 0.015 0.255 0.052

RA6TO10 -351 -0.027** 0.008 -169 -0.013* 0.006
0.183 0.035 0.222 0.068

RN11TO15 332 0.048* 0.033 170 0.024** 0.027
0.344 0.064 0.272 0.019

RN16TO20 577 0.058** 0.034 361* 0.036*** 0.044
0.154 0.021 0.071 0.000
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Vanguard CAPM

Value added Exposure R-squared Value added Exposure R-squared

Panel D: Investment

NSI -1,903** -0.150*** 0.313 -596** -0.047*** 0.098
0.014 0.000 0.024 0.000

CEI -1,423** -0.130*** 0.275 -481** -0.044*** 0.100
0.027 0.000 0.043 0.000

NXF -1,235 -0.162*** 0.448 -403 -0.053*** 0.153
0.140 0.000 0.132 0.000

DNCO -707*** -0.083*** 0.052 -164 -0.019** 0.007
0.009 0.000 0.212 0.049

DPIA -624* -0.093*** 0.079 -301 -0.045*** 0.059
0.082 0.000 0.102 0.000

DWC -489 -0.097*** 0.090 -175 -0.035*** 0.036
0.224 0.001 0.238 0.003

DLNO -407 -0.074*** 0.049 -153 -0.028** 0.021
0.191 0.000 0.271 0.044

INVC -337* -0.035** 0.008 -248* -0.025*** 0.016
0.098 0.045 0.051 0.005

IG -260 -0.039** 0.011 -147 -0.022** 0.012
0.223 0.036 0.183 0.046

Panel E: Profitability

COP -2,053*** -0.116*** 0.227 -460** -0.026** 0.035
0.001 0.000 0.032 0.010

CLAQ -1,948*** -0.098*** 0.141 -503** -0.025** 0.029
0.001 0.000 0.043 0.017

OLAQ -1,702*** -0.081*** 0.125 -300 -0.014** 0.010
0.001 0.000 0.158 0.022

CLA -1,621*** -0.109*** 0.176 -333* -0.022** 0.022
0.005 0.000 0.066 0.025

OLEQ -1,449** -0.088*** 0.179 -275 -0.017* 0.019
0.016 0.000 0.117 0.076

OPA -1,432*** -0.097*** 0.173 -331* -0.023*** 0.028
0.009 0.000 0.062 0.010

RNAQ -1,338** -0.098*** 0.223 -310* -0.023*** 0.037
0.041 0.000 0.087 0.006

PMQ -1,102 -0.101*** 0.272 -281 -0.026*** 0.055
0.108 0.000 0.127 0.001

ROE -1,071* -0.089*** 0.216 -202 -0.017* 0.023
0.097 0.000 0.203 0.097

OLA -1,023*** -0.080*** 0.105 -156 -0.012* 0.006
0.009 0.000 0.259 0.069

OPE -1,000 -0.116*** 0.316 -246 -0.029*** 0.060
0.170 0.000 0.170 0.003

ROA -896 -0.089*** 0.191 -164 -0.016* 0.019
0.147 0.000 0.263 0.075

RNA -847 -0.120*** 0.265 -256 -0.036*** 0.077
0.198 0.000 0.176 0.000

DROA 232 0.027* 0.004 184 0.021** 0.011
0.213 0.099 0.113 0.018
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Vanguard CAPM

Value added Exposure R-squared Value added Exposure R-squared

Panel F: Other accounting

OCA -1,177** -0.096*** 0.120 -317* -0.026** 0.026
0.014 0.000 0.076 0.024

DAC -1,144 -0.131*** 0.319 -296 -0.034*** 0.067
0.107 0.000 0.125 0.000

KZQ -844** -0.069*** 0.072 -414** -0.034*** 0.056
0.039 0.000 0.050 0.000

SDD -585* -0.044*** 0.036 -239 -0.018* 0.019
0.058 0.000 0.186 0.067

SGQ -408 -0.137*** 0.270 -167 -0.056*** 0.146
0.506 0.000 0.515 0.000

DUR -391 -0.043*** 0.074 -120 -0.013*** 0.021
0.281 0.000 0.337 0.008

FPQ 172 0.045** 0.017 86 0.022** 0.013
0.467 0.038 0.434 0.047

PDA 222 0.050** 0.011 106 0.024** 0.007
0.233 0.019 0.159 0.045

ATO 416 0.049*** 0.039 109 0.013* 0.007
0.108 0.000 0.271 0.052

ALMQ 492 0.077*** 0.104 199 0.031*** 0.054
0.240 0.000 0.256 0.000

EPRD 748** 0.079*** 0.091 388** 0.041*** 0.079
0.026 0.000 0.031 0.000

ATOQ 876** 0.087*** 0.121 381** 0.038*** 0.073
0.033 0.000 0.047 0.000

OQ 1,085** 0.061*** 0.049 462** 0.026*** 0.028
0.040 0.008 0.046 0.010

Panel G: Accounting-to-Market

NOP -1,231* -0.133*** 0.321 -386* -0.042*** 0.101
0.099 0.000 0.090 0.000

VFP 363 0.035** 0.028 177 0.017*** 0.023
0.235 0.010 0.265 0.008

RDM 1,110* 0.076*** 0.153 390* 0.027*** 0.060
0.060 0.000 0.066 0.000
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Table A.8: Exposures - Alternative Value-Weighted Gross Alpha

This table shows the coefficient estimates from multivariate regressions of mutual fund gross alpha on the
anomaly category returns defined by Eq. (1.10). The sample of 45 anomalies is categorized into market,
accounting, and accounting-to-market (AtM) in Panel A; and is categorized into momentum, liquidity
risk, other market, investment, profitability, other accounting, and accounting-to-market in Panel B. We
aggregate returns by taking an equally-weighted average of anomaly returns in the category defined by
Eq. (1.9). Vanguard alpha/CAPM alpha is the difference between mutual funds’ monthly value-weighted
gross return and monthly benchmark return defined by Eq. (1.17) (1.18), using the Vanguard S&P500
index fund/market portfolio as a benchmark. The sample period is from January 1984 to December 2017.
p-values are reported below the regression coefficients. *, **, and *** indicate significance at the 10%, 5%,
and 1% level, respectively.

Vanguard CAPM

Panel A: Three categories

Market 0.184*** 0.090***
0.000 0.000

Accounting -0.247*** -0.067***
0.000 0.000

AtM 0.022 0.011
0.187 0.329

Constant/Unexplained 0.000 -0.000
0.345 0.808

Observations 408 408
R-squared 0.403 0.165

Panel B: Subcategories

Market:
Momentum 0.042*** 0.019***

0.000 0.000
Liquidity risk 0.045*** 0.023***

0.000 0.002
Other market 0.009 0.025

0.692 0.105
Accounting:
Investment -0.186*** -0.090***

0.000 0.000
Profitability -0.098*** 0.007

0.000 0.668
Other accounting -0.005 -0.051**

0.879 0.021
AtM:
AtM 0.037** 0.020*

0.012 0.063

Constant/Unexplained 0.001** 0.000
0.024 0.476

Observations 408 408
R-squared 0.560 0.241
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Table A.9: Exposures and Value Added - Three Categories - Subsamples

This table shows the regression coefficient estimates from multivariate regressions of mutual fund gross
alpha onto the anomaly category returns defined by Eq. (1.10) and corresponding value added defined
by Eq. (1.11). Panel A shows the sample period from January 1984 to December 2000. Panel B shows the
sample period from January 2001 to December 2017. The sample of 45 anomalies is categorized into
market, accounting, and accounting-to-market (AtM). We aggregate returns by taking an equally-weighted
average of anomaly returns in the category defined by Eq. (1.9). #positive/total refers to the number of
anomalies that mutual funds are positively exposed to over the total number of anomalies in the category.
Vanguard alpha/CAPM alpha is the monthly value-weighted benchmark-adjusted gross return estimated
by Eq. (1.5) using the Vanguard S&P500 index fund/market portfolio as a benchmark. p-values are reported
below the regression coefficients. Bootstrapped p-values are reported below the value added. *, **, and ***
indicate significance at the 10%, 5%, and 1% level, respectively.

Exposure Value added

Vanguard CAPM Vanguard CAPM

Panel A: 1984-2000

Value added (total) 203 979
0.915 0.208

Market 0.220*** 0.090*** 1,557*** 636**
0.000 0.002 0.005 0.012

Accounting -0.289*** -0.019 -2,101*** -139
0.000 0.560 0.000 0.559

AtM 0.007 0.015 49 108
0.778 0.392 0.797 0.448

Constant/Unexplained 0.000 -0.000 698 374
0.555 0.773 0.650 0.548

Observations 204 204
R-squared 0.435 0.089

Panel B: 2001-2017

Value added (total) 1,546 433
0.312 0.654

Market 0.140*** 0.103*** 1,316** 966**
0.000 0.000 0.016 0.011

Accounting -0.188*** -0.096*** -2,016* -1,027*
0.000 0.000 0.050 0.071

AtM 0.040* 0.015 383 147
0.092 0.308 0.261 0.441

Constant/Unexplained 0.001 0.000 1,863 347
0.111 0.600 0.179 0.706

Observations 204 204
R-squared 0.333 0.267
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Abstract

This paper documents a sizeable spillover effect of senior mutual fund managers’

capital raising ability on their colleagues. I find that when a junior fund manager has

new senior colleagues in a fund, the junior manager’s other funds also have substan-

tial capital inflows. To identify the cause of these capital inflows, I extend the active

investment skill in the Berk and Green model with capital raising ability. Empirical

evidence shows that a fund manager’s performance in other funds (measured by net

or gross alphas) decreases significantly after having new senior colleagues, and value

added from the active investment does not increase. This is consistent with a spillover

effect of senior managers’ capital raising ability rather than active investment skill.
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2.1 Introduction

Over the past six decades, there has been a gradual transformation in the manage-

ment structure of mutual funds. As shown in Panel A of Figure 2.1, an average fund

manager managed one fund in 1970 and manages four funds today (multitasking).

Panel B shows that an average fund had one manager in 1970 and has five managers

today (team management). In this context, there is a growing literature exploiting

the advantages of multitasking and team management (Agarwal et al. (2018); Fedyk

et al. (2020); Harvey et al. (2020)). Different from these studies, this paper documents

a large benefit of this management structure - the spillover effect of senior fund

managers’ capital raising ability on their colleagues.

Figure 2.1: The U.S. Mutual Fund Industry

This figure plots the mean and median of the number of funds each manager manages and the number
of managers per fund. The sample includes actively managed equity funds with different investment
strategies. The sample is from January 1962 to December 2020.

The amount of capital that a fund manager can raise depends on the manager’s

client connections and investors’ perceptions of the manager’s active investment

skill and reputation.1 A manager’s colleagues potentially influence the manager’s

client connections and investors’ perceptions of this manager, especially under this

new fund management structure. To identify this spillover effect from colleagues, I

examine the fact that when a junior manager has new senior colleagues in a fund,

there is a change in capital flows of this junior manager’s other funds in the next

tenure year.2

I find that having new senior colleagues increases a fund manager’s capital flows

by $92 million in the next tenure year, which is approximately 8.3% of assets under

1The amount of capital that a manager can raise is important because it is directly related to revenues.
Previous studies imply that the main incentive of mutual fund managers is to generate higher revenues
(Berk and van Binsbergen (2015); Ibert, Kaniel, Van Nieuwerburgh, and Vestman (2017)).

2Other measures (e.g., changes in net alphas and gross alphas) are used later in this paper to distin-
guish between capital raising ability and active investment skill.
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management.3 The spillover effect on flows is approximately two times the effect of

a one-standard-deviation increase in net alphas.4 I also show that a one-standard-

deviation increase in the experience difference between the most senior new col-

league and the fund manager leads to a $74 million increase in capital flows in the

next tenure year, which is about 6.6% of the assets under management. This evidence

highlights the role of fund managers’ experience in raising capital. All regressions

include manager and time-fixed effects and control for fund characteristics.

There are two possible spillover channels. The first is the active investment skill

which is widely studied and commonly defined as the skill to outperform investors’

alternative investment opportunity set (e.g., Berk and van Binsbergen (2015)). For

example, the manager can obtain private information or learn investment strategies

from senior colleagues. This paper proposes another possible spillover channel -

senior fund managers’ capital raising ability. I define it as the ability to increase a

fund’s assets under management (AUM) without increasing its performance. For

example, the fund manager might have more capital inflows due to the spillovers of

senior colleagues’ good reputations or client connections.

I propose a model to distinguish between spillovers of capital raising ability and

active investment skill. My model relaxes the assumption in Berk and Green (2004)’s

model that the capital provision is competitive (i.e., the assumption that the net alpha

is zero) and allows variations in net alphas across fund investors.5 This is motivated

by the empirical evidence that there is a large cross-sectional dispersion of net alphas

and fees of mutual funds (e.g., Carhart (1997); Cooper et al. (2021)).

My model shows that net alphas, gross alphas, and value added can be used

to distinguish whether capital raising ability or active investment skill increases.6

It predicts that the increase in the capital raising ability both lowers the net alpha

that goes to fund investors and lowers the gross alpha because fund inflows dilute

revenues from the active investment. The capital raising ability does not affect value

added when capital is abundant. In contrast, an increase in the active investment

skill increases gross alphas and value added. Net alphas may increase or not change

when the active investment skill increases.7

Empirical evidence shows that net alphas and gross alphas decrease, value added

is not affected after having new senior colleagues. According to my model predictions,

3Seniority is measured relatively, not absolutely. For example, in year y , fund manager 1 has experience
of one year, and the new colleague 1 has experience of two years. The new colleague 1 is thus a senior
colleague of the fund manager 1.

4The literature on mutual funds shows that the past net alpha explains the fund size and revenues
because higher net alphas lead to higher capital flows (Sirri and Tufano (1998); Lynch and Musto (2003);
Choi, Kahraman, and Mukherjee (2016)).

5Consistently, the model in Gârleanu and Pedersen (2018) shows that the net alpha depends on the
number of noise allocators.

6Value added is a measure of active investment skill proposed by Berk and van Binsbergen (2015).
Value added is the product of gross alpha and asset under management.

7When capital is abundant, the net alpha is not affected by the increase in active investment skill.
When capital is not abundant, the net alpha increases with the active investment skill.



54 CHAPTER 2. SPILLOVERS OF SENIOR MUTUAL FUND MANAGERS’ CAPITAL RAISING ABILITY

these findings consistently suggest that spillovers of senior colleagues’ capital raising

ability exist rather than active investment skill.

One potential problem is that when a fund family’s assets under management are

expected to increase, more human capital (new senior managers) is hired to manage

the growing funds. To address this reverse causality issue, I add family-time-fixed

effects and control for the previous two tenure years’ capital flows. The result of

capital inflows still holds. I also show that when a fund manager has new colleagues

who are all more junior, the manager has no capital inflows to the other funds. These

findings imply that reverse causality is not a problem, and fund managers’ experience

matters to capital raising.

In addition, I show that fees increase after having new senior colleagues, indi-

cating that fund managers have an edge to charge higher fees after benefiting from

senior colleagues’ capital raising ability. Even if a higher fee is charged, investors

allocate more capital to the fund manager. This evidence is consistent with the model

of Gennaioli, Shleifer, and Vishny (2015) which suggests that investors’ trust allows

managers to charge high fees and deliver low net alphas.

Finally, I examine which fund managers are more likely to benefit from the

spillovers of senior managers’ capital raising ability. Additional evidence shows that

fund managers who manage small-size funds, previously performed poorly, and

belong to a large-size fund family with many funds under management benefit more

from senior colleagues to attract capital flows. A further robustness check shows

that the spillover effect of senior managers’ capital raising ability holds in different

periods.

This paper highlights the importance of fund managers in raising capital. Cap-

ital raising in the mutual fund industry focuses on the role of investment advisors

and brokers who direct investors toward the mutual funds (Bergstresser, Chalmers,

and Tufano (2009); Christoffersen, Evans, and Musto (2013); Jenkinson, Jones, and

Martinez (2016); Roussanov et al. (2020)). Others emphasize the net alpha because

higher net alphas lead to higher capital inflows (Sirri and Tufano (1998); Lynch and

Musto (2003); Choi et al. (2016)). Some studies document spillovers of star funds

and managers in the same fund families (Nanda et al. (2004); Warner and Wu (2011);

Sialm and Tham (2016)), indicating the role of fund families in attracting capital flows.

My empirical evidence implies that fund managers also play a role in raising capital.

Furthermore, the capital raising ability of fund managers can help us understand

why the average net alpha in the mutual fund industry is negative (Carhart (1997);

Fama and French (2010)).

This paper contributes to the literature on fund managers’ experience. Studies

on fund managers’ experience mainly focus on their performance and risk-taking

(e.g., Chevalier and Ellison (1999); Kempf, Manconi, and Spalt (2017)). Concerning

capital raising ability, a stylized fact is that more senior fund managers manage

larger-size funds, but this evidence does not indicate that experience is positively
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related to capital raising ability due to the survivorship bias.8 This paper establishes

the importance of managers’ experience in capital raising by showing that fund

managers benefit from senior colleagues.

This paper advances the literature on the advantages and disadvantages of the

popularity of multitasking and team-management structure. Some papers show that

team-managed funds underperform (e.g., Chen, Hong, Huang, and Kubik (2004)).

Others find that the team management structure enables some funds to outperform

(e.g., Zambrana and Zapatero (2020)) and lower the decreasing returns to scale (Blake,

Rossi, Timmermann, Tonks, and Wermers (2013); Harvey et al. (2020)), reduces unin-

formed overconfident trading (Fedyk et al. (2020)), and reduces portfolio pumping

(Patel and Sarkissian (2021)). Ben Naim, Han, and Sokolinski (2022) find that Israeli

mutual fund managers who work with more skilled colleagues and receive more

marketing earn lower today but have higher future earnings, suggesting that produc-

tion complementarities arise in asset management when managers work in teams.

I add another perspective that the spillover effect of senior managers provides a

new explanation for the shift to decentralized investment management in the past

decades.

Finally, this paper contributes to the literature on mutual fund manager skill.

Many studies focus on the existence of the mutual fund skill (Jensen (1968); Gruber

(1996); Kosowski, Timmermann, Wermers, and White (2006); Fama and French (2010);

Berk and van Binsbergen (2015); Barras et al. (2021)). Others investigate where the skill

comes from (Daniel, Grinblatt, Titman, and Wermers (1997); Coval and Moskowitz

(2001); Kacperczyk et al. (2005); Cohen, Frazzini, and Malloy (2008)). The spillovers

of investment skill are not exploited. This paper provides evidence that working

with senior colleagues does not improve a fund manager’s active investment skill,

suggesting that the active investment skill is not easily learned or shared by managers.

The remainder of the paper proceeds as follows. Section 2.2 proposes an identifi-

cation strategy of spillovers of senior fund managers’ capital raising ability. Section

2.3 defines fund manager variables that are used in the model. Section 2.4 develops

the theory and hypotheses. Section 2.5 outlines the data and variable constructions

for the empirical study. Section 2.6 describes the empirical model specification and

analyzes the main empirical results. Section 2.7 examines the spillover effect condi-

tional by fund characteristics. Section 2.8 presents additional results and robustness

checks. Section 2.9 concludes.

2.2 Identification Strategy

An example of my identification strategy of spillover effects is shown in Figure 2.2. A

fund manager manages three funds (fund 1, 2, 3) in this manager’s tenure year y −1.

8For example, best mutual fund managers work for hedge funds (Kostovetsky (2017)), and less skilled
managers are eliminated.
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In year y , a new senior colleague 1 joins fund 3 to co-manage this fund. In the same

year, the fund manager joined the managing team of fund 4 which was managed by

another new senior colleague 2. When co-managing funds 3 and 4 with new senior

colleagues 1 and 2, there might be spillovers of the senior colleagues’ capital raising

ability to fund 1 and 2. To study the spillover effect, I include only funds 1 and 2 and

exclude funds 3 and 4. The spillover effect of senior colleagues’ capital raising ability

is measured by the increase in the fund manager’s capital flows from year y to year

y +1.9

Figure 2.2: Identification Strategy

This diagram shows the identification strategy to examine the spillover effect of senior fund managers’
capital raising ability.

New colleagues could be more junior or senior than the fund manager j . I focus

on the experience difference in this paper. I hypothesize that senior managers have

higher capital raising ability (e.g., more client bases, better customer service) than

less senior managers. Moreover, managers with more experience have accumulated

investment skills for years and could share information/investment ideas with less

senior managers. Therefore, this paper mainly focuses on the spillover effect among

fund managers with different numbers of years of experience.

The experience difference between the fund manager and the colleague k in a

9Capital inflows is a straightforward measure of capital raising ability. Other measures (changes in net
alphas, gross alpha, fees, revenues, and value added in Berk and van Binsbergen (2015)) are used later in
this paper to distinguish between the capital raising ability and investment skill.
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given tenure year y of the manager j is

D j ,k,y = Tenur ek,y −Tenur e j ,y , (2.1)

where the subscript k denotes the fund manager j ’s colleague k, Tenur e is the

number of years of experience a mutual fund manager has, y is the manager j ’s

tenure year when the fund manager has any new colleague. The time unit is not

based on the calendar year, but based on the manager tenure of the fund manager j .

For example, when the fund manager started the job in May 1994, y = 1 during the

period between May 1994 and April 1995.

I construct a dummy variable 1seni or , which is equal to one if the fund manager

has any new senior colleague in the manager’s tenure year y and zero otherwise.10

I also construct a variable D j ,y to capture the experience difference (number of

years) between the fund manager and the manager’s most senior new colleague. For

example, if a fund manager has two new colleagues: one is 10 years more senior, and

another is 5 years more junior, then D j ,y is 10. If no new colleague is more senior

than the fund manager, D j ,y is set as a missing value. D j ,y allows us to study, for fund

managers with senior colleagues, how a one year increase in the manager’s most

senior colleague’s experience affects the spillover effect of the most senior colleagues’

capital raising ability/active investment skill.

2.3 Definitions

This section defines fund manager variables that are used in the model. For simplicity,

I omitted the subscripts for the fund manager j and time t . Most notations in this

paper follow Berk and van Binsbergen (2015).

Let Rn denote the return over the riskless asset earned by investors. Investors

have another best alternative investment opportunity, RB , called the benchmark

return. Rn can be decomposed as the benchmark return RB , and a deviation from

the benchmark αn

Rn = RB +αn , (2.2)

where αn is the unconditional mean of benchmark-adjusted return earned by in-

vestors (net alpha).

Let αg denote the unconditional mean of the benchmark-adjusted return earned

by a fund manager before fees are deducted (gross alpha). Gross alpha is the sum of

the net alpha and the fee

αg =αn + f , (2.3)

10A senior colleague is treated as new the first time the fund manager starts to work with him/her. For
example, fund manager 1 worked with colleague 1 in fund 1 in 2000, then colleague 1 left fund 1 in 2002.
When manager 1 worked again with colleague 1 in fund 2 in 2010, I did not treat colleague 1 as a new
colleague to fund manager 1 in 2010.
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where f is the percentage fee that the fund manager charges to manage the funds for

investors.

Let q denote the assets under management (AUM) which is the real fund size that

a fund manager manages. The total revenue a fund manager earns, V , is the product

of AUM and the percentage fee

V = q f . (2.4)

Let V A denote the revenue a fund manager earns from the active investment

skill, called value added. Value added is proposed by Berk and van Binsbergen (2015)

which is the dollar value a fund manager adds over the benchmark

V A = qαg . (2.5)

2.4 Model and Hypotheses

This section develops a model to identify the specific benefits junior managers earn

from their senior colleagues: (1) the capital raising ability or (2) the active investment

skill. Capital raising ability is broadly defined as all possibilities to increase a fund’s as-

set under management (AUM) without increasing its performance such as obtaining

client connections from senior colleagues, improving marketing skills, customiza-

tion service, and diversification service. Active investment skill is broadly defined

as all possibilities to outperform investors’ alternative investment opportunity set

such as obtaining private information or learning investment strategies from senior

colleagues.

In the main analysis, I derive the equilibrium AUM, net alpha, gross alpha, fees,

revenues, and revenues from the active investment (value added) when the fund

manager can raise abundant capital for the active investment as discussed in Berk and

Green (2004). When the capital for the active investment is not abundant, predictions

are similar, and proofs are in Appendix A.

The capital raising ability of fund managers is the key difference between my

model and the model in Berk and Green (2004) and Berk and van Binsbergen (2015).

Berk and Green (2004) assume a competitive provision of capital in which net alphas

of all funds are constant at zero, and fees are equal to gross alphas in equilibrium.

However, the empirical evidence shows that the average U.S. domestic equity mutual

funds’ net alpha is negative (Carhart (1997); Fama and French (2010)). In addition,

Cooper et al. (2021) document that fees are strongly negatively related to net alphas,

and the dispersion of fees is large and persistent. These findings suggest that there is

a large dispersion of the net alphas that go to fund investors. Given that many mutual

funds deliver low net alphas and charge high fees but still exist, fund managers should

be rewarded for raising capital that requires low net alphas.

There is a continuum of risk-neutral fund investors which consider investing in
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one fund. Each fund investor p has a total payoff

T Pp =αg − f + sp , (2.6)

where sp denotes the utility of the service that fund investor p receives from investing

in the fund, which is uniformly distributed at an interval from s̄−k to s̄, sp ∼U [s̄−k; s̄].

Parameter s̄ is the highest utility an investor can get from this fund service. Parameter

k is the dispersion of investors’ utility. A fund investor with T Pp > 0 chooses to invest

in the fund, otherwise not. A break-even investor will have T Pp =αg − f +sp =αn+sp ,

and all investors with sp >−αn would invest. I assume that s̄ >−αn > s̄ −k, so there

is a fraction of investors investing in this fund. I normalize the total amount of capital

in the market available for this fund to one. Then the total amount of capital invested

in this fund is

q = (s̄ +αn)
1

k
= (s̄ +αg − f )

1

k
. (2.7)

Rearranging Eq.(2.7) gives the equilibrium net alpha of the fund as

αn =−s̄ +kq. (2.8)

This result relaxes the assumption in Berk and Green (2004)’s model that the capital

provision is competitive (i.e. the expected value of net alpha equals zero) and allows

the cost of capital to differ across fund investors.11

I simplify the expression of net alpha as an increasing function of fund size q as

below

αn =−c +kq, (2.9)

where c is positive, measuring the ability of a fund manager at raising capital. −c

represents the cost of capital of the first cent a fund manager raised relative to the

benchmark cost of capital in the market. A fund manager with a larger c is more

skilled at raising capital. In other words, the manager can raise capital at a lower cost.

k is positive, measuring the speed at which the average cost of capital (net alpha)

of the fund manager increases with the total amount of capital raised (assets under

management q). For simplicity, I assume k is the same for all the funds and known to

the public.

When a fund manager does not have the active investment skill, all raised capital

is indexed such that the gross alpha is zero. The fee charged by the fund manager is

the difference between the gross alpha and the net alpha in Eq. (2.9)

f C = 0−αn = c −kq. (2.10)

From Eq. (2.10), we can observe that index funds with the same fee have different

assets under management due to their heterogeneous ability at raising capital (c

differs).

11Consistently, the model in Gârleanu and Pedersen (2018) shows that the asset-weighted average net
alpha is negatively related to the number of noise allocators.
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The revenues generated by the fund manager from raising capital is

V C = f C q = cq −kq2. (2.11)

The active investment skill follows Berk and Green (2004) and Berk and van

Binsbergen (2015). When a fund manager actively invests the capital raised from

investors, there are decreasing returns to scale in the mutual fund industry (Chen

et al. (2004); Pástor and Stambaugh (2012); Pástor et al. (2015)). The increase in AUM

is associated with a decrease in the gross alpha. I assume that the gross alpha which a

fund manager generates by the active investment is given by

αg A = a −bq A , (2.12)

where q A is the AUM a fund manager chooses to actively manage. a is interpreted

as the alpha on the first cent the manager actively invests. b captures the decreasing

returns to scale the manager faces. Both a and b are positive.

As in Berk and van Binsbergen (2015), value added, the revenues a fund manager

earns from the active investment skill, can be written as

V A = q Aαg A = q A(a −bq A). (2.13)

The total revenues generated by a fund manager are the revenues from both the

raised capital and the active investment

V =V C +V A = (cq −kq2)+ (aq A −bq A2
). (2.14)

Berk and Green (2004) and Berk and van Binsbergen (2015) suggest that it is

optimal for the fund manager to actively invest q A∗ and index the excess capital.

When the capital is abundant (i.e., q ≥ q A), the choices of q and q A are independent.

Maximizing the revenue from the capital raising ability with respect to the raised

capital q gives the equilibrium total assets under management

dV C

d q
= c −2kq∗ = 0 ⇒ q∗ = c

2k
. (2.15)

Substituting the optimal q∗ into Eq. (2.11) gives the maximized revenues the fund

manager earns from raising capital

V C∗ = q∗(c −kq∗) = c

2k
(c −k

c

2k
) = c2

4k
, (2.16)

and substituting q∗ into Eq. (2.9) gives the net alpha in equilibrium

αn∗ =− c

2
. (2.17)

This equation shows that a fund manager with higher skill in raising capital (higher c)

has a lower equilibrium net alpha αn∗.
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When capital is abundant, maximizing the revenue from the active investment

V A (called value added) with respect to the size of the active investment q A gives the

optimal amount that manager j chooses to actively manage

dV A

d q
= a −2bq A∗ = 0 ⇒ q A∗ = a

2b
. (2.18)

Substituting the optimal actively managed q A∗ into Eq. (2.13) gives the active invest-

ment skill of the fund manager in equilibrium

V A∗ = q∗(a −bq∗) = a

2b
(a −b

a

2b
) = a2

4b
, (2.19)

and substituting q A∗ into Eq. (2.12) gives the gross alpha generated by the active

investment in equilibrium

αg A∗ = a −b(
a

2b
) = a

2
. (2.20)

Now I start to derive the main predictions to distinguish between an increase

in capital raising ability and an increase in active investment skill. When capital is

abundant, substituting Eq. (2.15) and (2.18) into q∗ ≥ q A∗ gives

q∗ = c

2k
≥ a

2b
= q A∗. (2.21)

The condition of abundant capital (q∗ ≥ q A∗) applies to all the following propositions.

Proposition 1. (assets under management). q∗ increases with c, whereas q∗ does not

increase with a.

The proposition shows that when the capital is abundant for the active investment,

the equilibrium AUM increases with the capital raising ability but does not increase

with the active investment skill.

The equilibrium net alpha is αn∗ = − c
2 as in Eq. (2.17). The equilibrium gross

alpha is the value added from the active investment divided by the total assets under

management:

αg∗ = V A∗

q∗ = a2k

2bc
. (2.22)

The equilibrium fee is equal to the difference between the equilibrium gross alpha in

Eq. (3.3) and the net alpha αn∗ in Eq. (2.17):

f ∗ =αg∗−αn∗ = a2k

2bc
+ c

2
. (2.23)

Proposition 2. (net alpha, gross alpha, and fee).

(1) αn∗ decreases with c, whereas αn∗ does not decrease with a.

(2) αg∗ increases with a and decreases with c.

(3) f ∗ increases with a and may increase or decrease with c.



62 CHAPTER 2. SPILLOVERS OF SENIOR MUTUAL FUND MANAGERS’ CAPITAL RAISING ABILITY

The proposition shows that when the capital is abundant for the active investment,

a fund manager’s net alpha decreases with the raising capital ability, but the increased

active investment skill does not affect the net alpha. A fund manager’s gross alpha

increases with the active investment skill and decreases with the capital raising ability.

The fee increases with the active investment skill, while it is unclear whether the fee

increases or decreases with the capital raising ability.

We can see that maximized revenue from the active investment is V A∗ = a2

4b as in

Eq. (2.19). Maximized revenue from raising capital is V C∗ = c2

4k as in Eq. (2.16). Given

that capital is abundant, the total revenue is

V ∗ =V A∗+V C∗ = a2

4b
+ c2

4k
. (2.24)

Proposition 3. total revenue and revenue from the active investment (value added).

(1) If q∗ ≥ q A∗, V ∗ increases with a or c.

(2) If q∗ ≥ q A∗, V A∗ increases only with a.

The proposition shows that when the capital is abundant for the active investment,

the total revenue of a fund manager increases with both the active investment skill

and the capital raising ability. The revenue from the active investment (value added)

only increases with the active investment skill.

Table 2.1: Summary of Hypotheses

This table reports the summary of hypotheses to distinguish between the increase in capital raising ability
and the active investment skill. I show both the hypotheses when capital is unconstrained and constrained.

Increase in

Capital Raising Ability Active Investment Skill

Not Constrained Constrained Not Constrained Constrained

Hypothesis 1
Capital Flow + + no effect +

Hypothesis 2
Net Alpha – – no effect +
Gross Alpha – – + +
Fee + / – + + +

Hypothesis 3
Revenue (Total) + + + +
Revenue from
Active Investment no effect + / – + +

Table 2.1 summarizes the main hypotheses using six variables.12 I show the hy-

12Empirically, the change in AUM is attributed to capital flows and capital appreciation (depreciation).
Capital appreciation (depreciation) is not considered in this setting, so I use the capital flow to measure
the change in AUM.
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potheses for when capital is both unconstrained and constrained.13 We can see that

net alpha, gross alpha, and value added can be used to distinguish between the

capital raising ability and the active investment skill.14

2.5 Data Set and Variable Constructions

2.5.1 Data Set

The data set is a match of two databases. First, I obtain open-ended equity mu-

tual fund data from CRSP Survivorship Bias Free Mutual Fund Database. CRSP pro-

vides mutual fund information on fund returns, different types of fees, AUMs (TNA),

turnovers, and investment objectives. I exclude bond, money market, ETFs/ENFs,

index funds, and any fund observations before the fund’s TNA reached $5 million

following Berk and van Binsbergen (2015). Given that many funds have multiple

share classes, I merge those funds into a single fund. Second, I obtain mutual fund

manager information from Morningstar Direct that contains a complete list of fund

managers’ names for each fund in different periods. Finally, I merge CRSP with Morn-

ingstar Direct to obtain a data set with 5,464 funds and 13,244 managers. The final

sample includes actively managed equity funds and managers from January 1962 to

December 2020.15

2.5.2 Variable Constructions

I first estimate the variables at the fund level and then aggregate them to the manager

level. The constructions of total revenues, value added, net alphas, and gross alphas

are described in Section 2.3. To estimate the alphas (mutual funds’ benchmark-

adjusted returns), I obtain the benchmark return on fund i at month t as

RB
i t =

n(t )∑
l=1

β̂l
i R l

t , (2.25)

where n(t) is the number of Vanguard index funds available at month t , and R l
t is

the excess return of the index fund l at month t , and β̂l
i is obtained by the linear

projection of the excess return of fund i onto the excess return of benchmark l . In

the main analysis, the benchmark of mutual funds is the 11 Vanguard index funds,

following Berk and van Binsbergen (2015). Vanguard index funds are regarded as the

13The reason to show both unconstrained and constrained capital is that predictions of capital flows
are different. When capital is unconstrained, capital flows can be used to distinguish between capital
raising ability and active investment skill. However, when capital is constrained, capital flows increase
with both capital raising ability and active investment skill.

14Empirically, the increase in capital raising ability or active investment skill is due to the spillover
effect of senior colleagues’ capital raising ability or active investment skill.

15For completeness, I present similar results for the domestic sample of actively managed U.S. equity
funds with 3,226 funds and 8,100 managers from January 1962 to December 2020 in the Online Appendix.



64 CHAPTER 2. SPILLOVERS OF SENIOR MUTUAL FUND MANAGERS’ CAPITAL RAISING ABILITY

least costly alternative investment opportunities.16 11 Vanguard index funds include

funds with different caps (small, mid, large), growth/value funds, international funds,

and a balanced fund.17

The reason not to use the Fama-French-Carhart’s four factors in the main analy-

sis is that the transaction cost is not included in factors. Moreover, Vanguard index

funds started before most factors are discovered, while factor portfolios were dis-

covered after starting dates of many active mutual funds. Berk and van Binsbergen

(2015) regress each Fama-French-Carhart’s four factor on the Vanguard benchmark

portfolios and find that the four factor mimicking portfolios were better investment

opportunities than what was available to investors at the time. They argue that factor

portfolios are not actual investable alternatives.

I then compute capital flows to the fund i at time t as

F lowi t = qi t −qi ,t−1(1+Rn
i t ), (2.26)

where qi t is the assets under management (AUM), Rn
i t is the return over the riskless

asset earned by investors.

2.5.2.1 Aggregate to Manager-Level Variables

Some funds are managed by multiple managers, so we cannot credit all capital flows

to one fund manager. I construct manager-level variables related to quantity (AUM,

flow, revenue, and value added) as follows. When a fund is managed by several

managers, I divide the fund’s AUM equally across each manager and sum all the

funds that manager j manages

q j t =
∑

I∈Ω j t

qt

M g r ni t
, (2.27)

where M g r ni t is the number of fund managers in the mutual fund i at month t . The

capital flow, revenue, and value added are constructed in the same way.

It is improper to divide across managers for variables as returns and ratios (alphas

and expense ratios). I take an equal-weighted mean of these ratio variables across all

funds under management.

αn
j t =

1

I j

∑
I∈Ω j t

αn
i t , (2.28)

where I is the total number of funds that fund manager j manages.

Finally, I aggregate manager-level variables at the calendar time t (monthly ob-

servations) to the manager tenure year y . The spillover effect is the change in fund

characteristics from tenure year y to y +1 after having any senior colleague in tenure

16Vanguard index funds are obtained from CRSP Database.
17The tickers for the Vanguard index funds include VFINX, VEXMX, NAESX, VEURX, VPACX, VVIAX,

VBINX, VEIEX, VIMSX, VISGX, and VISVX.
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year y . Let∆F j ,y+1 denote the change in fund characteristics for fund manager j from

tenure year y to y +1. Fund characteristics include all variables defined in Section

2.3.

Table 2.2 reports summary statistics of mutual fund managers and the new senior

colleagues annually. Panel A shows the manager-level fund characteristics. Panel

B shows the increased fund variables after excluding the new colleagues’ funds.

Mutual fund managers’ total revenue, AUM, capital flows, and expense ratio on

average increase slightly next year, whereas net alpha, gross alpha, and value added

on average decrease slightly next year. Panel C shows that the mean of the new senior

colleague dummy is 0.12, suggesting that 12% of the years in which fund managers

have new senior colleagues. The experience difference between the fund manager

and her most senior colleague is, on average, 8.67 years.

Table 2.2: Summary Statistics

This table shows summary statistics for the sample of active equity mutual funds from January 1962 to
December 2020. The unit of observation is the manager-tenure year. Panel A reports the manager-level
fund characteristics before excluding the new colleagues’ funds. Panel B reports the change in manager-
level fund characteristics after excluding the new colleagues’ funds. Panel C reports new colleague variables
defined in Section 2.2. Value added, net alpha, gross alpha are winsorized at the 1st and 99th percentiles.
Flows are winsorized at the 2.5th and 97.5th percentiles to account for mutual fund mergers and splits
(Huang et al. (2007)).

Observations Mean SD Min Max

Panel A: Manager-Level Fund Characteristics

AUM ($mil) 108,020 1,115 3,769 0.45 142,000
Net Alpha (%) 107,916 -0.62 7.37 -73.17 73.57
Gross Alpha (%) 107,916 0.61 7.37 -71.43 75.20
Expense Ratio (%) 107,891 1.24 0.45 0.003 9.74
Total Revenue ($mil) 107,702 9.58 27.28 0.001 1,142
Value Added ($mil) 107,744 6.00 165.20 -16,488 8,242

Panel B: Change in Fund Characteristics (∆F j ,y+1)

∆F low s ($mil) 84,141 201 1,486 -76,599 90,778
∆Net Al pha (%) 84,683 -0.23 9.22 -99.49 131.40
∆Gr oss Al pha (%) 84,674 -0.21 9.21 -99.40 131.90
∆E xpenseRati o (%) 80,900 0.03 0.27 -3.85 9.19
∆Revenue ($mil) 84,517 0.73 8.38 -263.4 452.5
∆V alue Added ($mil) 84,576 -0.42 221.8 -24,328 11,064

Panel C: Senior Colleague Measures

1
seni or
y (Senior Colleague Dummy) 84,693 0.12 0.32 0 1

D j ,y (Experience Difference) 9,768 8.67 6.51 0 44

2.6 Spillovers of Senior Managers’ Capital Raising Ability

This section first describes the empirical model specification, then shows the results

of capital flows and distinguishes between the spillover effects of senior managers’
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capital raising ability or active investment skill.

2.6.1 Model Specification

The main model specification is as follows

∆F j ,y+1 = at +a j +γ1seni or
j ,y +X j ,y +ϵ j ,y , (2.29)

where at is a time-fixed effect (calendar time), a j is a manager-fixed effect, 1seni or
j ,y is

equal to one if the fund manager has any new senior colleague in the manager j ’s

tenure year y and zero otherwise. X j ,y is a vector of control variables including the

manager tenure, AUMs, and previous three years’ net alphas.

∆F j ,y+1 = F j ,y+1 −F j ,y is the increased fund characteristics of fund manager j

after excluding the new senior colleagues’ funds as highlighted in Figure 2.2. It is a

value measure, not a percentage measure. The reason not to divide it by AUM is that

size reflects valuable information. For example, value added divided by AUM is the

gross alpha. One could argue that the value increment is neither a good measure

given that there is a large dispersion of AUM. To address this problem, I add AUM as

a control variable so that the change in value can be explained by AUM.

The coefficient γ captures the sign and economic magnitude of spillovers of

senior colleagues’ skill or ability. The sign of γ can be used to distinguish between the

increase in capital raising ability or active investment skill after having new senior

colleagues. For example, when ∆F j ,y+1 is net alpha ∆αn
j ,y+1, γ< 0 implies that there

is an increase in capital raising ability as predicted in hypothesis 2.

Moreover, I include the manager-fixed effect in the model to address an endo-

geneity issue - some fund managers keep getting senior colleagues while others do

not. More skilled managers may be more likely to have new colleagues. I use the

manager-fixed effect by comparing the increased skill after getting new senior col-

leagues within each manager. This manager- fixed effect model can be described as a

given fund manager solving a series of single-period problems. Manager-fixed effect

can also solve potential problems related to the heterogeneity of the fund manager

such as education and innate ability.

There is a potential reverse causality problem: when a fund family’s flows are

expected to increase, more human capitals (new senior managers) are likely to be

hired to manage the growing funds. I add a family-time-fixed effect and add the

previous two-year capital flows as alternative model specifications to address this

reverse causality problem.

2.6.2 Capital Flows

Table 2.3 reports the change in capital flows. The first column shows that there is a

higher capital flow for a given manager after having new senior colleagues, control-

ling for manager and time-fixed effects and other characteristics. With new senior
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colleagues, a fund manager attracts $92 million higher capital flows (about 8.3% of

AUM) in the next year compared to without new senior colleagues. The second col-

umn shows that a one-standard deviation increase in years of experience of the most

senior colleague leads to a $74 million increase in capital flows (about 6.6% of AUM)

of the fund manager, highlighting the importance of experience in raising capital in

the mutual fund industry. According to the hypothesis 1, the evidence of increased

capital flows suggests that there exists the spillover effect of senior managers’ capital

raising ability or exists the spillover effect of senior managers’ active investment skill

when capital is not abundant.

The third and fourth columns of Table 2.3 show that the result holds using differ-

ent specifications to address a reverse causality concern. When a fund family’s capital

flows are expected to increase, more new senior managers would be hired. I add a

time-family-fixed effect in the third column by controlling for the circumstance when

a fund family is expected to grow over time and show that the result of capital inflows

still holds.18 I also add the previous two-year capital flows as control variables in the

fourth column. My findings in columns 3 and 4 consistently suggest that there are

spillover effects.

Finally, the fourth to sixth rows of Table 2.3 show that the past net alpha positively

predicts capital flows. This is consistent with the theory and empirical evidence that

investors chase past performance (Sirri and Tufano (1998); Lynch and Musto (2003);

Choi et al. (2016)). This paper shows that spillovers of senior colleagues’ capital raising

ability also explain the capital inflows in the next year. I compare the effect of past

performance with the spillover effect on attracting investors. I standardize the net

alphas to compare the economic magnitude. The first column shows that the effect

of having any new senior colleague on a manager’s capital flows is approximately 1.5

times the effect of a one-standard deviation increase in net alphas ($92 mil compared

to $66 mil). Table 2.2 shows that the chance of getting any senior colleague dummy

in my data set is about 0.12 (the mean of 1seni or
y ).

There are many possibilities of the spillover effect of senior managers’ capital

raising ability. For example, investors are willing to invest due to the reputations

of senior colleagues. Senior colleagues might share client connections with less

experienced managers.

2.6.3 Net Alphas, Gross Alphas, and Fees

Table 2.4 reports the change in net alphas, gross alphas, and fees. Hypothesis 2 shows

that after having new senior colleagues, both net and gross alphas increase if the

active investment skill increases, whereas alphas decrease if the capital raising ability

increases. The first column shows that net alpha decreases after getting any new

18There are fewer observations in the model specification with time-family-fixed effect. The reason is
that some fund managers work in multiple funds that belong to different families. I only use the sample
that fund managers belong to one fund family.
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Table 2.3: Change in Capital Flows After Having Senior Colleagues

This table reports the annual change in flows after having senior colleagues. ∆F lowy+1 is the change in

flows ($million) from the manager’s tenure year y to y +1. 1seni or
y is a dummy variable that is equal to

one if the fund manager has any new senior colleague in the manager’s tenure year y and zero otherwise.
D j ,y is the standardized experience difference between the fund manager and the manager’s most senior
new colleague. Net Al phay , Net Al phay−1, Net Al phay−2 are the standardized average net alphas of
funds managed by the fund manager in year y , y −1, and y −2 by excluding the new senior colleagues’
funds defined by Eq. (2.28). Si zey is the standardized total assets under management of funds managed
by the fund manager in the tenure year y by excluding the new senior colleagues’ funds defined by
Eq. (2.27). Tenur ey is the standardized total number of years since the fund manager starts the career in
the tenure year y . F lowy−1 and F lowy−2 are the standardized capital flows in year y −1 and year y −2.
D j ,y , Net Al phay , Net Al phay−1, Net Al phay−2, Si zey , Tenur ey , F lowy−1, and F lowy−2 have been
standardized to have a mean of 0 and a standard deviation of 1. The sample period is from January 1962 to
December 2020. Manager and time-fixed effects are included in all regression specifications. t-statistics
clustered by manager × time are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

∆F lowy+1

(1) (2) (3) (4)

1
seni or
y 92.748*** 127.884** 118.066***

(3.35) (2.12) (4.84)
D j ,k,y 74.069**

(2.17)
Net Al phay 66.339*** 56.237 100.496*** 85.830***

(3.95) (1.62) (3.24) (4.50)
Net Al phay−1 34.977*** 85.272** 51.957** 26.383*

(3.10) (2.13) (2.15) (1.82)
Net Al phay−2 25.894*** 54.129 22.626 26.142***

(3.13) (1.40) (1.10) (2.77)
Si zey -472.634*** -993.546*** -502.994** -45.614

(-2.82) (-5.10) (-2.11) (-0.50)
Tenur ey -1,550.827* -1,167.653 -1,133.824 -646.244

(-1.81) (-1.16) (-0.52) (-0.77)
F lowy−1 -623.250***

(-5.06)
F lowy−2 -235.025*

(-1.98)

Observations 60,397 6,334 28,020 60,274
R-squared 0.192 0.351 0.311 0.262
Manager FE YES YES YES YES
Time FE YES YES NO YES
Time-Family FE NO NO YES NO

senior colleague. It suggests that the fund manager’s capital raising ability increases

while the active investment skill does not increase. The second column also confirms

the capital raising hypothesis that managers have a lower gross alpha after getting

new senior colleagues.

I also find that the change in fees is positively related to the senior colleague

dummy as shown in the third column of Table 2.4. It indicates that having new senior



2.6. SPILLOVERS OF SENIOR MANAGERS’ CAPITAL RAISING ABILITY 69

colleagues makes fund managers have the edge to raise fees. The result of higher

capital flows and higher fees points to the spillover effect of senior managers’ capital

raising ability. This evidence is consistent with the model of Gennaioli et al. (2015),

which shows that investors’ trust in fund managers allows managers to charge high

fees.

Table 2.4: Changes in Alphas and Fees After Having Senior Colleagues

This table reports the annual changes in net alphas, gross alphas, and fees after having senior colleagues.
∆αn

y+1/∆α
g
y+1 is the change in net alphas/gross alphas (%) from the manager’s tenure year y to y +1.

∆Feey+1 is the change in fees (%) from the manager’s tenure year y to y +1. 1seni or
y is a dummy variable

that is equal to one if the fund manager has any new senior colleague in the manager’s tenure year y and
zero otherwise. Net Al phay , Net Al phay−1, Net Al phay−2 are the standardized average net alphas of
funds managed by the fund manager in year y , y −1, and y −2 by excluding the new senior colleagues’
funds defined by Eq. (2.28). Si zey is the standardized total assets under management of funds managed by
the fund manager in the tenure year y by excluding the new senior colleagues’ funds defined by Eq. (2.27).
Tenur ey is the standardized total number of years since the fund manager starts the career in the tenure
year y . Net Al phay , Net Al phay−1, Net Al phay−2, Si zey , and Tenur ey have been standardized to have
a mean of 0 and a standard deviation of 1. The sample period is from January 1962 to December 2020.
Manager and time-fixed effects are included in all regression specifications. t-statistics clustered by
manager × time are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

∆αn
y+1 ∆α

g
y+1 ∆Feey+1

1
seni or
y -0.396** -0.291* 0.108***

(-2.57) (-1.91) (15.94)
Net Al phay 0.007***

(3.68)
Net Al phay−1 0.139 0.135 -0.004**

(0.88) (0.85) (-2.31)
Net Al phay−2 0.200 0.196 -0.003

(1.54) (1.49) (-1.39)
Si zey -0.072 -0.075 -0.003

(-1.08) (-1.12) (-1.29)
Tenur ey 4.866 6.411* 1.487***

(1.44) (1.91) (8.29)

Observations 60,956 60,941 58,390
R-squared 0.101 0.101 0.173
Manager FE YES YES YES
Time FE YES YES YES

2.6.4 Revenues and Value Added

Table 2.5 reports the change in revenues and value added. The first column shows

that having new senior colleagues explains a higher increase in revenues in the next

year. In particular, the spillover effect of senior colleagues’ capital raising ability can

help a given manager generate $0.56 million higher revenues per year. According

to hypothesis 3, the result for getting senior colleagues confirms the increase in the
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capital raising ability or the active investment skill. I then compare the economic

magnitude of spillovers with past net alphas in generating revenues. The first column

shows that the effect of having any new senior colleague on the capital flows is about

three quarters of (=0.56/0.745) the effect of a one-standard deviation increase in net

alphas.

The second column of Table 2.5 shows that there is no significant difference in

value added for the fund manager when having and not having new senior colleagues.

Since value added has a large dispersion, I create a dummy variable 1V alue Added
y+1 that

is equal to 1 if the value added increases in the next year and 0 if the value added

decreases in the next year after having new senior colleagues. The third column shows

that there is no evidence that the senior dummy is related to value added. According

to hypothesis H3, the evidence of value added implies that there is no spillover effect

of senior colleagues’ active investment skills.

In sum, the results suggest that there are spillovers of fund managers’ capital

raising ability. The more experienced the new colleague is compared with the fund

manager, the more capital inflows the fund manager can attract.

2.7 Spillovers Conditional on Fund Characteristics

This section investigates how spillovers of senior managers’ capital raising ability

are related to the characteristics of mutual funds and fund families. I provide further

evidence on the spillovers of capital raising ability that are conditional on some fund

characteristics.

First, I add an interaction term between the senior colleague dummy and AUM

into the main model specification discussed in Section 2.6. The literature on mutual

funds documents a decreasing return to scale in the mutual fund industry (Chen

et al. (2004); Pollet and Wilson (2008); Pástor et al. (2015)). It is possible that fund

managers managing larger funds are less likely to attract flows due to underperfor-

mance. Smaller size fund managers, in contrast, are better at raising capital due to

possibly higher performance. Moreover, managers managing small funds tend to

have insufficient performance records so that these fund managers are more likely

to raise capital from the spillover effect of senior managers’ capital raising ability.

In addition, fund managers who manage large funds probably have a good capital

raising ability evidenced in their high AUM such that the margin to benefit from more

senior colleagues’ capital raising ability is low.

The first column of Table 2.6 shows that the spillover effect decreases with AUM.

When a fund manager manages $10,000 million total net assets, getting new senior

colleagues makes her attract $85 million (105-0.002*10,000) more capital flows. This

evidence suggests that fund managers who manage small-size funds are more likely

to benefit from the spillover effect of senior colleagues’ capital raising ability.

I then add an interaction term between the senior colleague dummy and the net
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Table 2.5: Changes in Revenues and Value Added After Having Senior Colleagues

This table reports the annual changes in revenues and value added after having senior colleagues.
∆Revenuey+1 is the change in revenues ($million) from the manager’s tenure year y to y + 1.
∆V alue Addedy+1 is the change in value added ($million) from the manager’s tenure year y to y + 1.

Value added is also known as the revenue from the active investment skill. 1V al ue Added
y+1 is a dummy

variable that is equal to 1 if ∆V alue Addedy+1 > 0 and zero otherwise. 1seni or
y is a dummy variable that

is equal to one if the fund manager has any new senior colleague in the manager’s tenure year y and zero
otherwise. Net Al phay , Net Al phay−1, Net Al phay−2 are the standardized average net alphas of funds
managed by the fund manager in year y , y −1, and y −2 by excluding the new senior colleagues’ funds
defined by Eq. (2.28). Si zey is the standardized total assets under management of funds managed by the
fund manager in the tenure year y by excluding the new senior colleagues’ funds defined by Eq. (2.27).
Tenur ey is the standardized total number of years since the fund manager starts the career in the tenure
year y . Net Al phay , Net Al phay−1, Net Al phay−2, Si zey , and Tenur ey have been standardized to have
a mean of 0 and a standard deviation of 1. The sample period is from January 1962 to December 2020. Man-
ager and time-fixed effects are included in all regression specifications. t-statistics clustered by manager ×
time are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

∆Revenuey+1 ∆V alue Addedy+1 1
V alue Added
y+1

1
seni or
y 0.560*** -1.659 -0.006

(3.35) (-0.64) (-0.84)
Net Al phay 0.745***

(7.07)
Net Al phay−1 0.324*** 1.687 0.001

(3.54) (0.75) (0.13)
Net Al phay−2 0.170*** -1.289 0.001

(2.83) (-0.67) (0.14)
Si zey -2.585*** -13.416 0.003

(-3.93) (-0.88) (0.93)
Tenur ey -7.291* 61.963 0.337**

(-1.81) (1.12) (2.02)

Observations 60,872 60,918 60,922
R-squared 0.183 0.062 0.100
Manager FE YES YES YES
Time FE YES YES YES

alpha into the main model specification. The second column of Table 2.6 shows that

the effect of benefiting from new senior colleagues to attract more flows decreases

with the net alpha. It indicates that fund managers who deliver poor past perfor-

mance are more likely to benefit from senior colleagues to get more capital inflows.

Investors are willing to invest in a fund with low net alpha due to the spillover of senior

manager’s capital raising ability such as the marketing skill and the customization

services.

Moreover, I add an interaction term between the senior colleague dummy and the

family size. I hypothesize that the spillover effect is prominent among large families,

which might have better customer service teams that direct capital flows from one

fund to another fund. The first column of Table 2.7 shows that the spillover effect of

senior colleagues’ capital raising ability increases with the size of fund families. New
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Table 2.6: Conditional on AUM and Alpha

This table reports the annual change in flows after having senior colleagues conditional on AUM.
∆F lowy+1 is the change in flows ($million) from the manager’s tenure year y to y+1.1seni or

y x Si zey is an

interaction term between 1seni or
y and Si zey . 1seni or

y x Al phay is an interaction term between 1seni or
y

and Al phay . 1seni or
y is a dummy variable that is equal to one if the fund manager has any new senior

colleague in the manager’s tenure year y and zero otherwise. Si zey is the total assets under management
of funds managed by the fund manager in the tenure year y by excluding the new senior colleagues’ funds
defined by Eq. (2.27). Tenur ey is the total number of years since the fund manager starts the career in the
tenure year y . Net Al phay is the average net alphas of funds managed by the fund manager in year y by
excluding the new senior colleagues’ funds defined by Eq. (2.28). The sample period is from January 1962
to December 2020. Manager and time-fixed effects are included in all regression specifications. t-statistics
are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

∆F lowy+1

1
seni or
y x Si zey -0.002***

(-3.70)
1

seni or
y x Al phay -1,932.075**

(-1.97)
1

seni or
y 105.259*** 87.284***

(5.43) (4.76)
Si zey -0.009*** -0.009***

(-44.04) (-45.61)
Tenur ey -96.574** -100.963***

(-2.47) (-2.58)
Al phay 6.813*** 2,141.434***

(8.06) (4.12)

Observations 82,202 82,202
R-squared 0.172 0.171
Manager FE YES YES
Time FE YES YES

senior colleagues play a more important role in a large fund family.

I then investigate how the spillover effect is related to the number of funds in a

fund family. Some studies show that investors’ preferences for product differentiation

determine the size of a fund.19 If a fund family has a large number of funds under

management, it is more likely that a senior fund manager would direct some investors

to other types of funds to cater to different investors’ tastes. Table 2.7 shows that the

spillover effect of senior colleagues’ capital raising ability increases with the number

of funds in the fund family.

Finally, I visually show how the change in capital flows is related to the senior

colleague dummy to better understand which fund managers benefit most from

senior colleagues’ capital raising ability. Figure 2.3 depicts the change in capital flows

sorted on AUM into five quintiles. The left panel shows that fund managers with

new senior colleagues attract higher capital flows in the next year in every AUM

quintile, but the relation is non-linear. In particular, the bottom quintile (smallest

19See, for example, Hortaçsu and Syverson (2004); Kostovetsky and Warner (2020).
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Table 2.7: Conditional on Fund Family Size and Number of Funds

This table reports the annual change in flows after having senior colleagues conditional on fund family
size and number of funds. ∆F lowy+1 is the change in flows ($million) from the manager’s tenure year

y to y +1. 1seni or
y x F ami l ySi zey is an interaction term between 1seni or

y and F ami l ySi zey . 1seni or
y x

#Fund si nF ami l yy is an interaction term between1seni or
y and #Fund si nF ami l yy .1seni or

y is a dummy
variable that is equal to one if the fund manager has any new senior colleague in the manager’s tenure year y
and zero otherwise. F ami l ySi zey is the total net assets of the fund family that the fund manager belongs to.
#Fund si nF ami l yy is the number of funds of the fund family that the fund manager belongs to. Controls
include Si zey , Net Al phay , and Tenur ey . The sample period is from January 1962 to December 2020.
Manager and time-fixed effects are included in all regression specifications. t-statistics are in parentheses.
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

∆F lowy+1

1
seni or
y x F ami l ySi zey 0.0003***

(3.25)
1

seni or
y x #Fund si nF ami l yy 2.092***

(6.05)
1

seni or
y 58.444*** 12.587

(2.97) (0.58)
F ami l ySi zey 0.0004***

(5.02)
#Fund si nF ami l yy -0.041

(-0.20)

Observations 82,202 82,202
R-squared 0.172 0.172
Controls YES YES
Manager FE YES YES
Time FE YES YES

AUM) has the largest gap between managers with and without senior colleagues. One

possibility is that the capital is not abundant for fund managers with the lowest AUM.

There are still positive investment opportunities for investors to compete (net alpha

is positive). Investors can know these investment opportunities when the senior

colleagues introduce the junior manager to investors. Another possibility is that some

rational investors have insufficient skill updates for fund managers who manage

small-size funds. It is easier for investors to choose fund managers based on their

coworkers’ reputations.

The right panel of Figure 2.3 shows that fund managers with new senior colleagues

attract higher capital flows in the next year in every alpha quintile. In particular, the

bottom quintile (smallest past net alpha) has the largest gap. Capital flows increase

the most for managers with the poorest net alpha and who have new senior colleagues.

This evidence suggests that underperformed fund managers benefit most from senior

colleagues.

Figure 2.4 shows that the spillover effect is almost monotonically increasing in the

fund family size and number of funds. It implies that spillovers of senior managers’
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Figure 2.3: Capital Flows - Sorted on AUM and Alpha

This figure plots the change in capital flows for the fund managers who have, and do not have, new
senior colleagues after getting senior colleagues, sorted on AUM and alpha. The gold bars represent 95%
confidence intervals. The sample period is from January 1962 to December 2020.

capital raising ability have more benefits on large fund families and families with

larger numbers of funds.

Figure 2.4: Capital Flows - Sorted on Fund Family Size and Number of Funds

This figure plots the change in capital flows for the fund managers who have, and do not have, new senior
colleagues after getting senior colleagues, sorted on Fund Family Size and Number of Funds. The gold bars
represent 95% confidence intervals. The sample period is from January 1962 to December 2020.



2.8. ADDITIONAL RESULTS AND ROBUSTNESS CHECKS 75

2.8 Additional Results and Robustness Checks

This section conducts additional tests and robustness checks.

2.8.1 New Junior Colleagues

I investigate the spillovers when all new colleagues are more junior than the fund

manager to further understand how the seniority is related to the capital raising

ability. A fund manager sometimes has multiple new colleagues, some are more

senior and some are more junior. The main analysis uses 1seni or which is equal to

one when any new colleague is more senior. In order to study the effect of junior

colleagues, I need to construct a dummy variable that all new colleagues are more

junior: 1al l j uni or is a dummy variable that is equal to one if the fund manager has

at least one new colleague and all new colleagues are more junior, and it is equal to

zero if the fund manager does not have any new colleagues.

Table 2.8 shows that when a fund manager has new colleagues who are all junior,

the manager has more capital outflows in the next year. Given that some funds have

persistent capital outflows, this result is not robust. I add the previous two-year

capital flows as controls and find that having new junior colleagues does not decrease

capital flows in the next year.

2.8.2 Controlling for All Funds’ Net Alphas

One possibility of the extra capital flows is that the new senior colleagues have

performed well (i.e., senior colleagues are star managers). To test whether the senior

managers’ capital raising ability is completely from the past performance, I control for

net alphas of funds 3 and 4, joint with funds 1 and 2.20 Table 2.9 shows that the result

is consistent with the evidence when controlling for spillover funds only, suggesting

that senior colleagues’ performance is not the main source of their capital raising

ability.

20In my main model specification, I only control for the net alphas of funds 1 and 2 in the identification
strategy.
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Table 2.8: Change in Capital Flows After Getting New Junior Colleagues

This table reports the annual change in capital flows after getting new junior colleagues. ∆F lowy+1 is the

change in flows ($million) from the manager’s tenure year y to y +1. 1al l j uni or is a dummy variable that
is equal to one if the fund manager has at least one new colleague and all new colleagues are more junior,
and it is equal to zero if the fund manager does not have any new colleague. Net Al phay , Net Al phay−1,
Net Al phay−2 are the standardized average net alphas of funds managed by the fund manager in year y ,
y−1, and y−2 by excluding the new senior colleagues’ funds defined by Eq. (2.28). Si zey is the standardized
total assets under management of all funds managed by the fund manager in the tenure year y defined by
Eq. (2.27). Tenur ey is the standardized total number of years since the fund manager starts the career in
the tenure year y . F lowy−1 and F lowy−2 are the standardized capital flows in year y −1 and year y −2.
The sample period is from January 1962 to December 2020. Manager and time-fixed effects are included
in all regression specifications. t-statistics clustered by manager × time are in parentheses. *, **, and ***
indicate significance at the 10%, 5%, and 1% levels, respectively.

∆F lowy+1

1
al l j uni or
y -145.647*** -24.109

(-3.50) (-0.87)
Net Al phay 67.989*** 58.337***

(3.95) (3.83)
Net Al phay−1 32.648*** 21.182***

(3.07) (2.80)
Net Al phay−2 22.981** 21.364**

(2.42) (2.24)
Si zey -452.688** -15.207

(-2.45) (-0.16)
Tenur ey -1,535.414 -813.828

(-1.46) (-0.84)
F lowy−1 -651.261***

(-4.68)
F lowy−2 -227.539*

(-1.77)

Observations 52,156 52,037
R-squared 0.200 0.273
Manager FE YES YES
Time FE YES YES
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Table 2.9: Controlling for All Funds’ Net Alphas

This table reports the annual change in capital flows. ∆F lowy+1 is the change in flows ($million) from
the manager’s tenure year y to y +1. All Net Al phay , All Net Al phay−1, All Net Al phay−2 are the stan-
dardized net alpha of all funds managed by the fund manager in year y , y −1, and y −2; Si zey is the
standardized total assets under management of all funds managed by the fund manager in the tenure year
y defined by Eq. (2.27); Tenur ey is the standardized total number of years since the fund manager starts
the career in the tenure year y . The sample period is from January 1962 to December 2020. Manager and
time-fixed effects are included in all regression specifications. t-statistics clustered by manager × time are
in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

∆F lowy+1

1
seni or
y 104.401*** 139.589**

(3.82) (2.31)
D j ,k,y 71.263**

(2.10)
All Net Al phay 98.018*** 152.212*** 117.078***

(4.56) (3.02) (3.26)
All Net Al phay−1 38.941** 52.828 54.398*

(2.23) (1.24) (1.86)
All Net Al phay−2 26.721*** 78.302** 26.412

(2.98) (2.05) (1.20)
Si zey -472.019*** -996.346*** -503.866**

(-2.82) (-5.09) (-2.11)
Tenur ey -1,487.152* -1,008.785 -1,112.039

(-1.73) (-0.98) (-0.51)

Observations 60,397 6,334 28,020
R-squared 0.193 0.351 0.311
Manager FE YES YES YES
Time FE YES YES NO
Time-Family FE NO NO YES
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2.8.3 Two Different Scenarios

I then investigate two different scenarios when fund managers have new senior

colleagues as shown in the identifications strategy of Figure 2.2. First, a new senior

colleague joins a fund to co-manage this fund with the fund manager. Second, the

fund manager joins the managing team of a fund which is managed by a new senior

colleague. I examine whether the result holds for both scenarios. Table 2.10 shows

that under both scenarios, spillovers from senior colleagues’ capital raising ability

increase the capital flows. In addition, the observations and R-squared of the two

scenarios are very similar to the first column in Table 2.3. The spillover effect of raising

capital is stronger when the fund manager joins the managing team of a fund. One

possible reason is that investors follow fund managers rather than mutual funds, so

it is easier for them to find that a senior manager joins a fund to collaborate with

another junior manager. To conclude, the spillover effect holds for both scenarios.

Table 2.10: Two Scenarios - New Manager Joins and Managing New Fund

This table reports the annual change in capital flows. ∆F lowy+1 is the change in flows ($million) from the

manager’s tenure year y to y +1. In Column 1, 1seni or
y is a dummy variable that is equal to one if a new

senior colleague joined a fund to co-manage this fund in the manager’s tenure year y and zero otherwise.
In Column 2, 1seni or

y is a dummy variable that is equal to one if the fund manager joined the managing
team of a fund, which was managed by a new senior colleague in the manager’s tenure year y and zero
otherwise. Net Al phay , Net Al phay−1, Net Al phay−2 are the standardized average net alphas of funds
managed by the fund manager in year y , y −1, and y −2 by excluding the new senior colleagues’ funds
defined by Eq. (2.28). Si zey is the standardized total assets under management of all funds managed by
the fund manager in the tenure year y defined by Eq. (2.27). Tenur ey is the standardized total number of
years since the fund manager starts the career in the tenure year y . The sample period is from January 1962
to December 2020. Manager and time-fixed effects are included in all regression specifications. t-statistics
clustered by manager × time are in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively.

∆F lowy+1

New Manager Joins Managing New fund

1
seni or
y 144.878*** 41.648*

(3.84) (1.72)
Net Al phay 66.556*** 67.127***

(3.97) (8.69)
Net Al phay−1 34.622*** 35.008***

(3.09) (4.50)
Net Al phay−2 25.605*** 26.026***

(3.09) (3.50)
Si zey -472.629*** -473.415***

(-2.82) (-45.80)
Tenur ey -1,491.536* -1,586.512***

(-1.75) (-4.35)

Observations 60,397 60,397
R-squared 0.193 0.192
Manager FE YES YES
Time FE YES YES
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2.8.4 Different Periods

Finally, I examine the spillover effect of senior managers’ capital raising ability during

different periods. Figure 2.5 depicts the change in capital flows for 5-year subperiods

from 1962 to 2020 for fund managers with and without new senior colleagues. The

spillover effect is most prominent after 2010 when the gap between managers with

and without senior colleagues is the largest and is economically and statistically

significant.

Figure 2.5: Capital Flows During Different Time Periods

This figure plots the change in capital flows for the fund managers who have and do not have new senior
colleagues during different time periods. The gold bars represent 95% confidence intervals. The sample
period is from January 1962 to December 2020.

2.9 Conclusion

Is there a spillover effect of senior fund managers’ capital raising ability? This paper

addresses this question by designing a methodology that examines a manager’s

other funds and proposes a theory to interpret the specific source of spillovers. The

model features the capital raising ability, in which the main assumption follows the

empirical findings that there is a large cross-sectional dispersion of net alphas and

fees of mutual funds (e.g., Carhart (1997); Cooper et al. (2021)). The results reveal that

a spillover effect of senior managers’ capital raising ability exists, while there is no

spillover effect of active investment skill.

The model and empirical findings could help investors understand their be-

haviour when investing in mutual funds. If the reason to invest in funds managed

by junior managers who work with senior managers is due to investors’ behavioural

bias (e.g., investors think the good reputation of senior managers can help junior

colleagues to outperform), investors can avoid this behaviour bias. If the reason is

that they have some investment preferences that these junior fund managers can

satisfy (e.g., ESG preference), investing in these funds is suitable.
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This paper also highlights that fund managers play an important role in raising

capital and experience matters, though the literature primarily focuses on the role

of financial advisors and marketing teams in raising capital (e.g., Bergstresser et al.

(2009)) and fund managers’ role in investing actively. The capital raising ability of

fund managers is one important reason that underperformed fund managers exist.

This paper does not imply the specific channels of spillovers of senior managers’

capital raising ability (e.g., sharing clients; manager reputation), which is left for

future research.
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Appendix

A.1 Proof When Capitals for the Active Investment is Constrained

If the total amount of capital raised by the fund manager is constrained (i.e., q < q A∗),

the total revenue from both the active investment and the capital raising is:

V =V A +V C = (a + c)q − (b +k)q2. (A.1)

For a revenue maximizing fund manager, maximizing the total revenue with respect

to the total assets under management q gives:

dV

d q
= a + c −2bq∗−2kq∗ = 0 ⇒ q∗ = a + c

2(b +k)
. (A.2)

Eq. (A.2) shows that when the capital is not abundant for the active investment, the

optimal q∗ increases with both the active investment skill a and the capital raising

ability c.

Substituting Eq. (A.2) into Eq. (2.9) gives the equilibrium net alpha as

αn =−c +kq∗ =−c + k(a + c)

2(b +k)
. (A.3)

Eq. (A.3) shows that when the capital is not abundant for the active investment,

the net alpha increases with the active investment skill a at a speed of k
2(b+k) and

decreases with the capital raising ability c at a speed of 2b+k
2(b+k) .

The equilibrium gross alpha of the fund is:

αg∗ = V A∗

q∗ = a −bq∗ = a − b(a + c)

2(b +k)
, (A.4)

Eq. (A.4) shows that when the capital is not abundant for the active investment, the

gross alpha increases with the skill of active investment a at a speed of b+2k
2(b+k) and

decreases with the skill of raising cheap capital c at a speed of b
2(b+k) .

The equilibrium fee is equal to the maximized total revenues in Eq. (A.1) divided

by the optimal AUM in Eq. (A.2) as:

f ∗ = V ∗

q∗ = a + c

2
. (A.5)

Eq. (A.5) shows that when the capital is not abundant for the active investment, the

equilibrium fee increases with both the active investment skill a and the capital

raising ability c.

Substituting Eq. (A.2) into Eq. (2.11) and Eq. (2.13) gives the revenues from the

active investment and the capital raising as

V A∗ = a2b +2a2k +2ack −bc2

4(b +k)2 , (A.6)
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and

V C∗ = 2bc2 + c2k +2abc −a2k

4(b +k)2 . (A.7)

Eq. (A.6) and (A.7) show that when the capital is not abundant for the active invest-

ment, the total revenues of a fund manager increases with both the active investment

skill and the capital raising ability; the revenues from the active investment (value

added) increases with the active investment skill.
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Abstract

This paper establishes the fund manager’s capital raising ability as an important

managerial skill that fund firms exploit to generate higher firm revenues. Fund firms

reallocate fund managers with high capital raising ability to other funds with large

outflows. Investors demand the capital raising ability of managers and reward it by

investing more capital despite lower future alphas. A team with a larger experience

difference between reallocated managers and existing managers attracts more capital

inflows, suggesting that there is a synergy effect on the fund manager’s capital raising

ability.
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3.1 Introduction

Mutual fund firms reallocate fund managers to different funds within the firms (Agar-

wal et al. (2018); Berk et al. (2017)). This paper studies the benefits and reasons for

manager reallocation. My research question is 1. Does manager reallocation improve

fund firm revenue? Since the main incentive of fund firms is to generate higher

revenue (Berk and van Binsbergen (2015); Ibert et al. (2017), reallocation decisions

should increase firm revenue. 2. Which fund manager skills are determinants to be

reallocated and help fund firms generate higher revenues?

A central theme in the mutual fund literature is the fund manager’s active invest-

ment skill to generate superior performance and add value (Carhart (1997); Bollen

and Busse (2001); Kacperczyk et al. (2008); Berk and van Binsbergen (2015)). Thus,

existing studies focus on investment skill as a crucial reason for manager reallocation.

For example, Nanda et al. (2004) show that a star manager who performs extremely

well can bring capital inflows to other funds in its firm. Agarwal et al. (2018) find that

fund managers who deliver superior past performance manage multiple funds to

generate more revenue for the fund firm. Berk et al. (2017) suggest that fund firms re-

allocate capital among their managers to make capital to be aligned with managerial

skills, leading to increased value added and revenues. However, active investment

skill is not the exclusive source to attract capital flows. In addition to active invest-

ment skill, Xu (2021) shows that senior fund managers’ capital raising ability also

attracts sizeable flows and has spillover effects on junior managers. Consequently,

this paper studies the capital raising ability of fund managers to explain the manager

reallocation decision in addition to the studies of managers’ investment skills.

Capital raising ability is first proposed by Xu (2021) and is defined as the ability

to increase a fund’s assets under management (AUM) without increasing its perfor-

mance.1 It is motivated by the evidence that mutual funds’ net alphas and fees have a

large cross-sectional dispersion, and some investors keep investing in negative alpha

funds (Carhart (1997); Cooper et al. (2021)). There should be another managerial

skill in addition to the investment skill that investors demand. The capital raising

ability could be marketing skill, customization skill, and more investor connections.

One example is ESG investing. If a fund manager can attract investors with high

ESG preferences, these investors are willing to accept lower net alphas. There are

two possible channels that fund firms exploit managers’ capital raising ability. First,

fund firms reallocate high capital raising ability managers to funds that suffer from

outflows and that need capital. Second, fund firms optimize the capital raising ability

of a management team by assigning particular managers to collaborate since firms

have information about their fund managers’ capital raising ability.

I find that when fund firms reallocate fund managers to other funds within the

firm, the firm’s revenue increases. The more frequently a fund firm reallocates man-

1Active investment skill is defined as increasing a fund’s AUM by increasing its performance.
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agers, the more revenue this fund firm generates in the next year. The increase in

revenue comes from the increased AUM instead of increased expense ratios. Further-

more, the increased AUM is due to the increased capital flows this fund firm attracts.

The result holds after controlling for the fund firm’s performance over the past 3

years. This evidence suggests that fund firms generate more revenues by reallocating

managers.

To understand what causes the increase in firm revenue, I test the fund manager

capital raising ability hypothesis. Past flows and size are signals of a fund manager’s

ability to raise capital. I first investigate whether past flows a manager attracts and the

size a manager manages can explain fund firms’ decisions to reallocate this manager

to other funds. I show that fund firms are more likely to allocate managers who

manage larger size funds and who attracted higher past 1 to 3 years flows in other

funds. The economic magnitude of past flows to explain the probability of manager

reallocation is higher than the economic magnitude of past alphas. These findings

indicate that fund managers’ capital raising ability is more important than their active

investment skills for fund firms to make reallocation decisions.

I also find that funds with capital outflows are more likely to have new managers

join. One reason is that some funds with capital outflows have a crisis of investors’

confidence in the existing managers in the fund. Fund firms allocate fund managers

who have higher capital raising ability (e.g., are more trusted) to join these funds. Fur-

thermore, funds with capital outflows are more likely to employ managers who have

attracted higher flows in the past. The evidence suggests that fund firms’ reallocation

decision is related to both the allocated managers’ past inflows and the allocated

funds’ past outflows.

Above tests show that managers’ past flows are important to explain reallocation

decisions. Another method to test the reallocated manager’s capital raising ability

is whether this reallocated manager can attract more future flows than other non-

reallocated managers. I find that reallocated managers’ future flows are higher than

that of non-reallocated managers, suggesting that reallocated managers have higher

capital raising ability. Besides, the fund with reallocated managers also has higher

future flows than other funds, indicating that the reallocated manager brings more

capital to the fund.

However, the capital flow is also a signal of the fund manager’s investment skill

because investors chase past performance (Sirri and Tufano (1998); Lynch and Musto

(2003)). The identification strategy is not clear enough to conclude that managers’

capital raising ability is important for a fund firm’s reallocation decision. To address

this issue, I examine the change in future gross alpha the fund delivers after a manager

is reallocated to a fund. I use the model in Xu (2021) which relaxes the assumption in

Berk and Green (2004) that the net alpha is zero and allows variations in net alphas

across fund investors. The model shows that net alpha, gross alpha, and value added

can be used to differentiate between capital raising ability and active investment skill.
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It predicts that a higher capital raising ability is associated with lower net alpha and

gross alpha because capital inflows dilute revenues from active investment. Value

added has no effect when capital is not constrained. In contrast, a higher active

investment skill is associated with a higher gross alpha and value added. Net alpha is

higher when capital is not constrained.

Empirical evidence shows that reallocated fund managers deliver lower net alpha

and gross alpha in the next year than other managers. The change in value added

between reallocated managers and non-reallocated managers is insignificantly differ-

ent from zero. These findings confirm that reallocated managers have higher capital

raising ability than non-reallocated managers. In addition, funds with allocated man-

agers deliver insignificantly lower net alpha, lower gross alpha, and positive value

added in the future than funds without allocated managers. The evidence implies

that the allocated manager contributes to the fund firm through her capital raising

ability by increasing AUM without increasing the fund’s performance, consistent with

the model prediction in Xu (2021).

Another possibility that fund firms take advantage of managers’ capital raising

ability is through a synergy channel. Fund firms could optimize the capital raising

ability of a team by allowing particular managers to collaborate. Fund firms’ flows and

revenues can be increased due to the synergy effect of the team’s capital raising ability.

According to the synergy hypothesis, I test whether the joint work between reallocated

managers and existing managers could optimize the team’s capital raising ability

and thus lead to higher flows. One possible channel is that junior managers benefit

from senior managers’ capital raising ability (Xu (2021)). I find that the larger the

experience difference between the reallocated manager and existing manager is, the

more investor flows this fund can attract in the next year. This evidence suggests that

there is a synergy effect between the reallocated managers and existing managers.

This paper adds to the literature on mutual fund manager skill. The debate of

whether active fund managers possess skills is a central topic in mutual funds. Some

suggest that fund managers have no skill and skill is unpredictable (e.g., Jensen (1968);

Carhart (1997); Bollen and Busse (2001); Fama and French (2010)), while others find

evidence in skill (Kosowski et al. (2006); Kacperczyk et al. (2008); Cremers and Petajisto

(2009); Berk and van Binsbergen (2015)). These studies focus on the active investment

skill measure that fund managers outperform the benchmark. Xu (2021) proposes

a new fund manager skill as the capital raising ability. This paper provides further

empirical evidence on fund managers’ capital raising ability by showing that fund

firms reallocate managers based on managers’ capital raising ability to generate more

revenue.

This paper contributes to the literature on the role of firms in fund manager

reallocation. It is most related to Berk et al. (2017) who find that capital reallocation

within fund firms increases the value added. They provide evidence that fund firms

have private information about the skill of their managers. Berk et al. (2017) focus on
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the fund firms’ private information in their managers’ investment skills and study

the outcome of fund firms’ value added, while this paper focuses on the fund firms’

public information in their managers’ capital raising ability and study the outcome

of fund firms’ flows and revenue. My result suggests that managers’ capital raising

ability is another important reason for fund firms’ rational reallocation and increases

revenue for fund firms.

This paper is also related to the literature on mutual fund flows. Some studies

suggest that higher net alpha leads to higher inflows (Sirri and Tufano (1998); Lynch

and Musto (2003); Ben-David, Li, Rossi, and Song (2021); Evans and Sun (2021)), and

fund firms obtain substantial flows through spillover effects of star funds (Warner and

Wu (2011); Sialm and Tham (2016)), some papers find that brokers and marketing

teams attract investors (Bergstresser et al. (2009); Christoffersen et al. (2013); Rous-

sanov et al. (2020)), and Cohen and Schmidt (2009)show that fund firms attract flows

themselves by being named trustee to secure sizable inflows. In addition to the above

channels, this paper highlights that fund firms use fund managers’ capital raising

ability to attract flows.

Finally, this paper relates to the literature on team management and multitasking.

Zambrana and Zapatero (2020) show that managers with different skill specifications

who work together can maximize fund performance. Harvey et al. (2020) find that

team management can lower the decreasing returns to scale. Fedyk et al. (2020) show

that it reduces uninformed overconfident trading. This paper suggests that fund

managers who have high capital raising ability are frequently allocated to different

funds to maximize fund and firm revenue. The team management and multitask-

ing structure of mutual funds allow fund managers to be reallocated frequently to

generate more revenue to fund firms.

The rest of the paper proceeds as follows. Section 3.2 develops the hypotheses.

Section 3.3 defines the variables at the fund-level, manager-level, and firm-level. Sec-

tion 3.4 describes the data set and shows the summary statistics. Section 3.5 presents

evidence of fund firms’ benefits in manager reallocation. Section 3.6 analyzes the

determinants and outcomes of the fund manager reallocation decision by focusing

on managers’ capital raising ability. Section 3.7 provides concluding remarks.

3.2 Hypotheses

This section develops the hypotheses and outlines the key empirical prediction.

U.S. fund firms regularly reallocate fund managers to different funds within

the firm. The standing point is the fund firm’s incentives. Past studies imply that

the main incentive of mutual fund firms is to generate higher revenues (Berk and

van Binsbergen (2015); Ibert et al. (2017)). Fund managers as employees are not

independent to fund firms, so fund managers’ incentives should align with fund firms’

incentives. For example, Ibert et al. (2017) show that fund managers’ compensation
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contracts are largely explained by fund firms’ revenue, while they are less explained

by manager-level AUM and weakly explained by performance. Therefore, manager

reallocation decisions should allow firms to generate higher revenues. Otherwise,

there is no incentive for fund firms to reallocate fund managers within the firm. It

leads to the first hypothesis.

H1: Manager reallocation increases a fund firm’s revenue.

What are the reasons for manager reallocation that increase the fund firm’s rev-

enue? Berk et al. (2017) suggest that fund firms have private information of their fund

managers’ active investment skill, so firms reallocate managers by changing their

assets under management that best match their skills to increase revenues and value

added. Investors reward the firm’s decision by increasing flows and thus increasing

revenues.

In addition to the active investment skill, this paper hypothesizes that fund man-

agers’ capital raising ability is also an important determinant of the fund firm’s

reallocation decision, leading to higher firm revenues. Capital raising ability, first

proposed by Xu (2021), is defined as the manager’s ability to increase a fund’s size

without increasing its performance. In contrast, active investment skill is defined as

the skill to increase a fund’s size and performance. The existing literature suggests

that funds with higher net alphas can attract more fund flows (Sirri and Tufano (1998);

Lynch and Musto (2003)). However, some funds exist even though they consistently

deliver negative net alphas (Carhart (1997); Fama and French (2010)). Considering

that many funds have low net alphas but still exist, fund managers should be re-

warded for raising capital from investors who accept low net alphas. It leads to the

second hypothesis.

H2: Fund managers’ capital raising ability is one reason why fund firms reallocate

managers to increase revenues.

3.3 Variable Construction

This section outlines the variable construction at the fund level, manager level, and

fund firm level. To better understand mutual fund variables in manager reallocation

within a firm, Figure 3.1 shows an example of when a fund manager is reallocated to

another fund. The reallocated manager belongs to a fund firm, and she is reallocated

to join another fund within the fund firm. There are three determinants of this fund

manager reallocation decision.

First, the allocated fund managers’ characteristics (e.g., experience; past flows;

past performance) can explain this reallocation. For example, these fund managers

might have higher capital raising ability, so they attracted considerable investor flows

in the past. Second, the fund characteristics can affect the fund manager’s reallocation

decision. For example, the fund might consistently have outflows so the fund needs

a new manager to attract capital inflows. Finally, the fund’s existing fund managers’
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characteristics can explain the reallocation. For example, existing managers in this

fund have low capital raising ability, so the fund needs a high capital raising ability

manager to join the fund. In that case, there should be an interaction between the

reallocated manager’s and existing manager’s capital raising ability such that there is

a synergy effect on maximizing their abilities to attract higher flows. The reallocated

manager’s characteristics and the fund’s characteristics should also interact. For

example, a well-performing fund manager interacts with a poor-performing fund to

explain the reallocation decision (Agarwal et al. (2018)).

Figure 3.1: Reallocation Example

This diagram shows an example when there is a reallocation decision within a fund firm.

3.3.1 Fund-Level Variables

I first construct the following fund-level variables and then convert them into the

manager and firm-level variables.

Let Rn
i t be the mutual fund i ’s net excess return at time t which is the return over

the riskless asset earned by investors. Let Rg
i t be the gross excess return which is the

excess return the fund makes before charging the percentage fee fi ,t−1 (charged from

t −1 to t )

Rg
i t = Rn

i t + fi ,t−1. (3.1)

Let RB
i t denote the benchmark return at time t which is the best alternative invest-

ment opportunity for investors of fund i . The net alpha of the mutual fund is

α̂n
i t = Rn

i ,t −RB
i ,t , (3.2)
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and the gross alpha of the mutual fund is

α̂
g
i t = Rg

i ,t −RB
i ,t . (3.3)

Let Vi t denote the total revenue a mutual fund makes between times t −1 and t .

Vi t is the product of assets under management and the percentage fee

Vi t = qi ,t−1 fi ,t−1, (3.4)

where qi ,t−1 is the assets under management (AUM) at the end of the past period.

Let V A
i t denote the revenue a fund earns from the active investment skill at time

t . V A
i t is the value added proposed by Berk and van Binsbergen (2015) which is the

dollar value a fund manager adds over the benchmark

V A
i t = qi ,t−1α̂

g
i t . (3.5)

I follow Berk and van Binsbergen (2015) to estimate the best alternative invest-

ment opportunity of mutual funds which are the low-cost index funds offered by

Vanguard. The benchmark return on fund i at time t is

RB
i t =

n(t )∑
l=1

β̂l
i R l

t , (3.6)

where n(t ) is the number of index funds by Vanguard in year t , and R l
t is the excess

return of the index fund l at time t , and β̂l
i is estimated by the linear projection of the

excess return of fund i onto the excess return of benchmark l . I include 11 Vanguard

index funds in the main analysis, following Berk and van Binsbergen (2015).2 These

index funds include transaction costs and were traded by investors at the time.

The assets under management of a mutual fund mainly come from the fund flows

of investors. The fund flows to the fund i in year t is the increase in AUM from t −1 to

t after excluding capital appreciation or depreciation:

F lowi t = qi t −qi ,t−1(1+Rn
i t ). (3.7)

I winsorize flows at the 2.5th and 97.5th percentiles to take mutual fund mergers and

splits into consideration (Huang et al. (2007)). When the flow is positive, it is the fund

inflow and vice versa.

3.3.2 Manager-Level Variables

When there is a manager reallocation, this manager’s characteristics could affect the

reallocation decision by fund firms. I first construct the manager tenure, Tenur e j ,t ,

2Index funds data comes from CRSP Database. The tickers for the Vanguard index funds include
VFINX, VEXMX, NAESX, VEURX, VPACX, VVIAX, VBINX, VEIEX, VIMSX, VISGX, and VISVX.
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which is the number of months a fund manager j appeared in the full mutual fund

data set up to the point of that reallocation time t . Manager tenure is an important

manager characteristic. Xu (2021) finds that more experienced fund managers can

benefit junior managers to attract more fund flows.

Next, I construct manager-level variables based on fund characteristics. Given

that many funds are managed by several managers, I divide the mutual funds’ AUM

equally across each manager and aggregate all the funds that manager j manages

q j t =
∑

i∈Ω j t

qi t

M g r ni t
, (3.8)

where M g r ni t is the number of managers in the fund i at time t , andΩ j t is the set of

all funds managed by manager j at time t . Other fund variables that are related to

quantity (e.g., fund flow, revenue, and value added) are constructed in the same way.

Fund variables in percentage cannot be equally contributed to each manager,

so I calculate the value-weighted average of these variables across all funds under

management by the manager j (net alpha as an example):

αn
j t =

∑
i∈Ω j t wi tα

n
i t∑

i∈Ω j t wi t
, (3.9)

where wi t is the weight of fund i at time t among all funds the fund manager j

manage.

3.3.3 Firm-Level Variables

The reallocation decision is not an individual decision made by fund managers but

is mostly decided by fund firms. Berk et al. (2017) find that fund firms have private

information about their fund managers’ skills and they add value by reallocating

capital among their fund managers. The main objective of a fund firm is to maximize

the total revenue of the funds (Berk and Green (2004); Pástor and Stambaugh (2012)).

The revenue of firm f at time t is the sum of all revenue generated by its funds

V f t =
∑

i∈Ω f t
Vi t , (3.10)

whereΩ f t is the set of all funds in firm f at time t . Other firm variables such as AUM,

fund flow, and value added are constructed in the same way.

Fund firms’ alphas and fees cannot be added up, so I calculate the fund firm f ’s

value-weighted average of alphas and fees (net alpha as an example)

αn
f t =

∑
i∈Ω f t wi tα

n
i t∑

i∈Ω f t wi t
, (3.11)

where wi t is the weight of fund i in year t among all funds the fund firm f has.
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Finally, I convert fund-level, manager-level, and firm-level variables from a monthly

basis to a yearly basis. The reason is that manager reallocation is related to funds’

strategic deployment, so evaluating manager reallocation in the monthly horizon is

too short.

3.4 Data Set

The data set includes all U.S. actively managed equity funds and fund managers

from January 1962 to December 2020. The U.S. mutual fund data comes from CRSP

Survivorship Bias Free Mutual Fund Database, including fund-level variables such

as fund returns, expense ratios, assets under management, turnover ratios, and in-

vestment objectives. I only include actively managed equity funds by excluding index

funds, ETFs/ENFs, bonds, and money market. I also exclude any fund observations

before the fund’s TNA reached $5 million following Berk and van Binsbergen (2015).

Mutual fund firms usually offer different share classes of the same fund which have

different expense ratios. Thus, I aggregate multiple share classes into a single fund.

Fund manager information comes from Morningstar Direct which includes fund

managers’ names for each fund at a different time. Finally, I merge fund-level data

from CRSP with manager data from Morningstar Direct. The final dataset includes

5,464 mutual funds and 13,244 fund managers.

Since the research question is about reallocation benefits to fund firms and rea-

sons for manager reallocation, I only study the reallocation within fund firms. This

paper does not study the benefits and reasons for fund managers’ job hopping (not

within fund firms).

Table 3.1 reports the summary statistics annually. The first rows of Panel A and

Panel B show that 8.6% of funds of the sample have an internal change of fund

managers in the fund, and 8.2% managers of the sample are reallocated by fund firms

annually. The average frequency with which a fund firm reallocates managers is 0.568

per year as the first row of Panel C shows.

3.5 Fund Firm Benefits of Manager Reallocation

In this section, I examine whether the fund manager’s reallocation decision is benefi-

cial to the fund firm in Hypothesis H1. My model specification is as follows:

∆V f ,t = at +a f +βReal l ocateF r equenc y f ,t +ΨX f ,t +ϵ f ,t , (3.12)

where ∆V f ,t denotes the change in fund firm f ’s characteristics from year t −1 to

t . The reason why I do not use the change from t to t +1 is that there are manager

reallocations on different months in year t ; I study the effect of manager reallocation

during the year t following Berk et al. (2017). V f ,t (fund firm’s characteristics) include

revenues, expense ratios, and fund flows. at is a calendar time-fixed effect, and a f is a
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Table 3.1: Summary Statistics

This table reports the summary statistics of fund characteristics, manager characteristics, and firm charac-
teristics annually. The sample period is from January 1962 to December 2020.

Observations Mean SD Min Max

Panel A: Fund Characteristics (Annual)

Manager Rellocation Dummy (Within Fund Firm) 91,584 0.086 0.281 0 1
AUM ($ mil) 91,145 1,288 5,515 0.211 210,424
Flow (%) 89,754 0.065 0.384 -1.012 1.978
Expense Ratio (%) 85,126 1.241 0.513 0.000 9.667
Total Revenue ($ mil) 85,145 11.55 41.18 0.000 1,330
Net Alpha (%) 85,453 -0.985 8.051 -73.17 73.57
Gross Alpha (%) 85,453 0.240 8.037 -71.43 75.20
Value Added ($ mil) 85,453 8.169 250.9 -11,618 35,510

Panel B: Manager Characteristics (Annual)

Manager Rellocation Dummy (Within Fund Firm) 110,913 0.082 0.274 0 1
AUM ($ mil) 105,718 1,202 3,938 0.0917 141,223
Flow (%) 106,099 -0.005 0.264 -1.012 1.978
Expense Ratio (%) 105,890 1.209 0.450 0.001 9.667
Total Revenue ($ mil) 105,449 10.39 28.44 0.001 1,128
Net Alpha (%) 105,899 -1.002 6.561 -73.17 73.57
Gross Alpha (%) 105,899 0.200 6.543 -71.43 75.20
Value Added ($ mil) 105,469 6.576 165.9 -5,999 11,981

Panel C: Firm Characteristics (Annual)

Reallocate Frequency (Within Fund Firm) 16,250 0.568 2.141 0 99
AUM ($ mil) 16,245 7,345 48,292 4.141 1,525,000
Flow (%) 14,841 14.14 48.98 -49.96 199.6
Expense Ratio (%) 15,013 1.209 0.535 0.008 8.890
Total Revenue ($ mil) 15,013 66.98 357.0 0.0009 8,998
Net Alpha (%) 16,245 -0.827 6.023 -41.36 48.82
Gross Alpha (%) 16,245 0.277 6.003 -39.90 50.21
Value Added ($ mil) 14,987 46.580 1,087 -19,692 54,831

fund firm-fixed effect. Fund firm-fixed effect is used to address an endogeneity issue -

some fund firms with many funds under management are more likely to reallocate

fund managers to different funds. I use this fund firm-fixed effect by comparing the

increased fund firm’s revenue after any fund manager reallocation decision.

Some fund firms reallocate one manager one time within one year, while others

reallocate multiple managers multiple times within one year. I construct a realloca-

tion frequency variable Real l ocateF r equenc y f ,t for the firm f in year t to study

whether more frequent reallocation is more beneficial to fund firms. When there is no

reallocation, Real l ocateF r equenc y f ,t is set as zero. The reason why I do not use the

manager reallocation dummy variable is that some large fund firms such as Vanguard

reallocate managers every year. If I use the manager reallocation dummy and the

firm-fixed effect, these large firms’ samples are ignored, leading to a selection bias.

X f ,t is a vector of control variables including the fund firm’s tenure (the number of

years firm f appears in the full mutual fund dataset) and fund firms’ value-weighted

net alphas over the past 1 to 3 years.
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Table 3.2: Fund Firm Benefits of Manager Reallocation

This table implements Eq. (3.12), a firm and time-fixed effect regression of change in firm-level characteris-
tics on the reallocation frequency. Reallocate Frequency is the total amount of times a fund firm reallocates
its fund managers over a year. Tenure is the number of months the fund firm appeared in the full mutual
fund sample in year t . Past 1 Year Net Alpha, Past 2 Year Net Alpha, and Past 3 Year Net Alpha are historical
net alphas of the fund manager over the past 1, 2, and 3 years. *, **, and *** indicate significance at the 10%,
5%, and 1% levels, respectively.

∆Revenue ∆E xpenseRati o F low %F low

Fund Firm’s
Reallocation Frequency 0.503** 0.002 23.100*** 0.616***

(2.19) (1.54) (4.03) (3.50)
Tenure -1.252* -0.026*** -79.058*** -4.860***

(-1.91) (-6.11) (-5.27) (-10.55)
Past 1 Year Net Alpha 0.494*** -0.002*** 18.074*** 2.220***

(4.84) (-3.33) (7.12) (28.49)
Past 2 Year Net Alpha 0.172 0.001 16.137*** 1.629***

(1.59) (1.09) (5.99) (19.71)
Past 3 Year Net Alpha 0.105 -0.001 8.672*** 0.580***

(0.95) (-1.51) (3.17) (6.92)

Observations 13,674 13,674 14,781 14,781
R-squared 0.147 0.105 0.204 0.403
Fund Firm FE YES YES YES YES
Time FE YES YES YES YES

The first column in Table 3.2 shows that there is an increase in revenue for fund

firms that have reallocated fund managers. The more frequently a fund firm reallo-

cates managers, the more revenue this fund firm generates. Revenue is the product

of the expense ratio and AUM, and the source of the increase in AUM is investor

flows or capital appreciation. Given that AUM mainly comes from investor flows, I

further study the source of increased revenue by decomposing it into the increase

in expense ratio and investor flow. The second and third columns show that the

increased revenue comes from the investor inflows, not from the increase in expense

ratios. The result also holds for percentage flow as shown in Column 4. The empirical

evidence is consistent with hypothesis H1 that manager reallocation increases a fund

firm’s revenue.

The third to fifth rows show that net alphas over the past three years also positively

explain the increase in revenue. The evidence that investors chase past performance

is a central finding in the mutual fund literature (Sirri and Tufano (1998); Lynch

and Musto (2003)). This paper shows that after controlling for the fund firm’s past

performance, the reallocation frequency still explains investor inflows. It indicates

that fund firms’ reallocation is another channel in addition to superior performance

to attract investors and thus generates higher revenue.
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3.6 Fund Managers’ Capital Raising Ability as A Reason of
Reallocation

Existing studies find that fund performance is an important reason for reallocation

(Nanda et al. (2004); Agarwal et al. (2018)). For example, fund managers who perform

well are more likely to be reallocated to poorly performed funds. Xu (2021) proposes

a model featuring fund managers’ capital raising ability and shows that a spillover of

senior fund managers’ capital raising ability on junior managers exists. In this section,

I focus on fund managers’ capital raising ability as a reason why fund firms reallocate

managers to other funds. I also compare managers’ active investment skills with their

capital raising ability in explaining manager reallocation.

I first estimate a logistic regression to examine which manager characteristics are

more likely to explain fund firms’ decisions to reallocate this manager to other funds

within the fund firm.

Pr [1 j oi n
j ,t+1 = 1] = at +ΦManager j ,t +ϵ j ,t , (3.13)

where 1 j oi n
j ,t+1 equals one if the fund manager j joins any other fund within the fund

firm and zero otherwise; Manager j ,t is a vector of manager-level characteristics

including the past 1 to 3 year flows, past 1 to 3 years alphas, past 1 to 3 years value

added, log AUM, manager tenure, turnover, and expense ratio. at is the time-fixed

effect. This analysis does not include a manager-fixed effect. Some managers are

reallocated several times while others are never reallocated. If I use a manager fixed-

effect model, the managers who were never reallocated are excluded from the analysis,

leading to a sample bias problem.

This model specification allows us to test Hypothesis H2 that fund managers’

capital raising ability is one reason why fund firms reallocate managers. The past

flows a manager has attracted is an important signal of the manager’s capital raising

ability. If a fund manager has attracted significant inflows, the manager is more likely

to have a higher capital raising ability. A manager’s AUM is another signal of capital

raising ability because the ability to raise capital is incorporated into the size.
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Table 3.3: Manager Reallocation - Explained by Allocated Managers’ Characteristics

This table implements Eq. (3.13), a time-fixed effect logistic regression of a manager reallocation dummy
within fund firms on the following manager characteristics: Past 1 Year % Flow, Past 2 Year % Flow, Past 3
Year % Flow (historical percent flows of the fund manager over the past 1 year, 2 years, and 3 years), LnSize
(natural logarithm of total size the fund manager manages), Past 1 Year Net Alpha, Past 2 Year Net Alpha,
Past 3 Year Net Alpha (historical net alphas of the fund manager over the past 1, 2, and 3 years), and Past 1
Year Value Added, Past 2 Year Value Added, Past 3 Year Value Added (historical value added of the fund
manager over the past 1 year, 2 years, and 3 years), Manager Tenure (number of months the fund manager
appeared in the full mutual fund sample in year t ), Expense Ratio (expense ratio of the fund manager in
year t), and Turnover Ratio (turnover ratio of the fund manager in year t). All explanatory variables are
standardized. The sample period is from January 1962 to December 2020. *, **, and *** indicate significance
at the 10%, 5%, and 1% levels, respectively.

Reallocated Manager Dummy

Reallocated Manager’s
Past 1 Year % Flow 0.085*** 0.073***

(3.92) (3.19)
Past 2 Year % Flow 0.091*** 0.099***

(4.08) (4.25)
Past 3 Year % Flow -0.008 -0.010

(-0.48) (-0.60)
LnSize 0.339*** 0.337*** 0.338***

(19.11) (19.03) (19.05)
Past 1 Year Net Alpha 0.045*** 0.031*

(2.79) (1.87)
Past 2 Year Net Alpha 0.028* -0.010

(1.77) (-0.61)
Past 3 Year Net Alpha 0.031** 0.008

(2.18) (0.58)
Past 1 Year Value Added 0.005 -0.001 -0.000

(0.52) (-0.05) (-0.05)
Past 2 Year Value Added -0.035*** -0.034** -0.032**

(-2.72) (-2.55) (-2.38)
Past 3 Year Value Added -0.015 -0.017 -0.016

(-1.29) (-1.39) (-1.36)
Tenure -0.232*** -0.240*** -0.232***

(-12.83) (-13.25) (-12.82)
Expense Ratio -0.014 -0.013 -0.014

(-0.83) (-0.74) (-0.78)
Turnover Ratio 0.107*** 0.103*** 0.107***

(7.12) (6.87) (7.16)

Observations 84,821 84,821 84,821
Number of Managers 11,773 11,773 11,773
R-squared 0.256 0.255 0.256
Time FE YES YES YES
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Table 3.3 reports the result for manager reallocation within fund firms explained

by allocated managers’ characteristics. The first column shows that a fund manager

who attracted higher fund inflows over the past 1 and 2 years is more likely to join a

new fund within the fund firm. The second column suggests that a fund manager who

performed well over the past 1, 2, and 3 years is more likely to join a new fund within

the fund firm. R-squared of the past net alphas is slightly lower than the R-squared

of the past % flows, indicating that a fund manager’s ability to attract fund inflows is

somewhat more important than a manager’s skill to deliver net alphas for fund firms

to make reallocation decisions.

The third column includes both past 1-3 years % flows and past 1-3 years net

alphas to jointly explain the probability of the manager reallocation. Alphas over the

past 2 and 3 years are no longer positive, suggesting that net alphas are positively

related to flows. R-squared in column 3 is the same as the R-squared in column 1,

implying that a fund manager’s ability to attract flows alone can explain the fund

firm’s reallocation decision. The economic magnitudes of past 1-3 year % flows are

all higher than the economic magnitudes of net alphas (past 1 year % flow 0.073

compared to the net alpha 0.031), indicating that a manager’s past fund inflows

explain the probability of manager reallocation better than the alphas.

Moreover, the consistent significant positive fund size in the fourth row suggests

that when a manager has already managed a large amount of capital, this manager is

more likely to be reallocated to manage other funds.

I use the past flows and fund size after controlling for past alphas and value

added as a measure of managers’ capital raising ability. Both the significantly positive

past fund flows and size suggest that the fund manager who has higher capital

raising ability is more likely to join in new funds, consistent with Hypothesis H2. The

empirical evidence also shows that the economic magnitude of flows is higher than

that of alphas, indicating that fund managers’ capital raising ability plays a more

important role than their active investment skill.

I then estimate the following logistic regression to study which fund characteris-

tics are more likely to have new managers join

Pr [1 j oi n
i ,t+1 = 1] = at +ΓFundi ,t +ϵi ,t , (3.14)

where 1 j oi n
i ,t+1 equals to one if a new reallocated manager joined the fund i at time

t +1 and zero otherwise. Fundi ,t is a vector of fund-level characteristics including

the fund i ’s past 1 to 3 year flows, past 1 to 3 years alphas, past 1 to 3 years value

added, log AUM, firm fund number, manager per fund, turnover, and expense ratio.

at is the time-fixed effect. This analysis does not include a fund-fixed effect. Some

funds reallocate managers very frequently while others never reallocate. If I use a

fund fixed-effect model, the funds that never reallocate managers are excluded from

the analysis, leading to a sample bias problem.
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Table 3.4: Manager Reallocation - Explained by Allocated Fund Characteristics

This table implements Eq. (3.14), a time-fixed effect logistic regression of a fund reallocation dummy on
the following fund characteristics: Past 1 Year % Flow, Past 2 Year % Flow, Past 3 Year % Flow (historical
percent flows of the fund over the past 1, 2, and 3 years), LnSize (natural logarithm of total size the fund
manages), Past 1 Year Net Alpha, Past 2 Year Net Alpha, Past 3 Year Net Alpha (historical net alphas of the
fund over the past 1, 2, and 3 years), and Past 1 Year Value Added, Past 2 Year Value Added, Past 3 Year Value
Added (historical value added of the fund over the past 1, 2, and 3 years), Firm Fund Number (number
of funds the fund’s firm has in year t), Manager Per Fund (number of managers the fund has in year t),
Expense Ratio (expense ratio of the fund in year t ), and Turnover Ratio (turnover ratio of the fund in year
t ). All explanatory variables are standardized. The sample period is from January 1962 to December 2020.
*, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Reallocated Fund Dummy

Reallocated Fund’s
Past 1 Year % Flow -0.168*** -0.123***

(-5.84) (-4.09)
Past 2 Year % Flow -0.016 -0.024

(-0.53) (-0.79)
Past 3 Year % Flow -0.001 0.004

(-0.05) (0.19)
LnSize 0.160*** 0.174*** 0.168***

(7.27) (7.93) (7.61)
Past 1 Year Net Alpha -0.123*** -0.101***

(-6.47) (-5.10)
Past 2 Year Net Alpha -0.031 -0.007

(-1.62) (-0.33)
Past 3 Year Net Alpha -0.070*** -0.060***

(-4.10) (-3.44)
Past 1 Year Value Added 0.003 0.014 0.014

(0.26) (1.39) (1.36)
Past 2 Year Value Added 0.002 0.003 0.002

(0.15) (0.19) (0.18)
Past 3 Year Value Added -0.029** -0.018 -0.017

(-1.98) (-1.21) (-1.13)
Firm Fund Number 0.201*** 0.198*** 0.200***

(12.70) (12.60) (12.69)
Manager Per Fund 0.106*** 0.105*** 0.106***

(7.34) (7.33) (7.36)
Expense Ratio -0.057*** -0.055*** -0.063***

(-2.68) (-2.58) (-2.92)
Turnover Ratio 0.119*** 0.114*** 0.112***

(6.81) (6.56) (6.40)

Observations 62,730 62,730 62,730
Number of Funds 5,119 5,119 5,119
R-squared 0.388 0.388 0.389
Time FE YES YES YES
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The hypothesis is that funds with capital outflows are more likely to have new

managers join. This is because those funds with significant outflows may have a crisis

of investors’ confidence in the existing managers in the fund. Fund firms allocate

managers with higher capital raising ability (i.e., are more trusted) to join in those

funds. Table 3.4 shows the result for manager reallocation to be explained by allocated

funds’ characteristics. The first column shows that a fund that has significant outflows

over the past 1 year is more likely to have new managers join.

Column 2 implies that a fund that performed poorly over the past 1 and 3 years

is more likely to have new managers join. Column 3 adds both past 1-3 years %

flows and past 1-3 years net alphas to jointly explain the probability of the manager

reallocation. The economic magnitude of past 1-year percent flow (-0.123) is higher

than the economic magnitudes of past 1-year net alpha (-0.101), indicating that past

1-year % flow is a more important determinant of fund firm’s reallocation decisions.

The empirical evidence suggests that when a fund has significant capital outflows

and performed poorly, this fund firm is more likely to reallocate a manager to join

this fund.

I further examine the interaction between a fund’s characteristics and the allo-

cated manager’s characteristics

Pr [1 j oi n
i ,t+1 = 1] = ai +γFundi ,t ×M anag eri ,t +ϵi ,t , (3.15)

where M anag eri ,t is a vector of the allocated fund manager’s characteristics when

this allocated manager joins to fund i in year t . If there is more than one allocated

manager associated with fund i in year t , M anag eri ,t is the average of all newly

allocated managers’ characteristics. at is the time-fixed effect.

I examine whether funds with capital outflows are more likely to allocate man-

agers with high capital raising ability. If the fund’s past flows and the allocated man-

ager’s past flows negatively interact, it suggests that funds with capital outflows are

more likely to allocate new managers with high capital raising ability.

Table 3.5 shows that there is an interaction between the fund’s past flows and

reallocated manager’s past flows. It holds over the past 1, 2, and 3 years. The result

implies that fund firms’ reallocation decision is related to the fund manager’s capital

raising ability and the fund’s difficulty in maintaining capital.

Previous tests suggest that managers’ past flows are important to explain fund

firms’ reallocation decisions. An additional approach to examine the reallocated

manager’s capital raising ability is to test whether this reallocated manager can

attract more future flows than other non-reallocated managers

∆F low j ,t+1 = at +γ1 j oi n
j ,t +X j ,t +ϵ j ,t , (3.16)

where X j ,t is a vector of manager-level characteristics including the manager j ’s log

AUM, expense ratio, turnover ratio, and tenure. Moreover, I also examine whether

the fund that has new allocated managers could attract more future flows than other
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Table 3.5: Manager Reallocation - Flow Interactions

This table implements Eq. (3.15), a time-fixed effect logistic regression of a fund reallocation dummy on
the following fund characteristics: interaction between the reallocated fund’s past 1, 2, 3 year flows and the
reallocated manager’s past 1, 2, 3 years past flows, Past 1 Year % Flow, Past 2 Year % Flow, Past 3 Year % Flow
(historical percent flows of the reallocated funds and reallocated managers over the past 1 year, 2 years,
and 3 years), Fund’s LnSize (natural logarithm of the total size of the reallocated fund), Manager’s Tenure
(number of months the fund manager appeared in the full mutual fund sample in year t), Firm Fund
Number (number of funds the fund’s firm has in year t ), Fund’s Manager Per Fund (number of managers
the fund has in year t), Fund’s Expense Ratio (expense ratio of the fund in year t), and Fund’s Turnover
Ratio (turnover ratio of the fund in year t ). The sample period is from January 1962 to December 2020. *, **,
and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Reallocated Fund Dummy

Fund’s Past 1 Year % Flow × Reallocated Manager’s Past 1 Year % Flow -0.312**
(-2.32)

Fund’s Past 2 Year % Flow × Reallocated Manager’s Past 2 Year % Flow -0.521***
(-4.38)

Fund’s Past 3 Year % Flow × Reallocated Manager’s Past 3 Year % Flow -0.439***
(-3.91)

Fund’s LnSize 0.076*** 0.088*** 0.092***
(6.27) (6.86) (6.79)

Manager’s Tenure 0.006*** 0.006*** 0.005***
(11.21) (10.51) (10.07)

Firm Fund Number 0.066*** 0.065*** 0.062***
(10.56) (10.33) (9.72)

Fund’s Manager Per Fund -0.044 -0.018 -0.002
(-0.95) (-0.36) (-0.05)

Fund’s Expense Ratio 0.146*** 0.157*** 0.172***
(5.44) (5.67) (5.95)

Fund’s Turnover Ratio -4.555*** -4.602*** -4.616***
(-26.31) (-26.02) (-25.57)

Observations 72,665 67,640 62,664
Number of Funds 5,316 5,290 5,130
R-squared 0.367 0.400 0.441
Time FE YES YES YES

funds that have no new allocated manager

∆F lowi ,t+1 = at +γ1 j oi n
i ,t +Xi ,t +ϵi ,t , (3.17)

where Xi ,t is a vector of fund-level characteristics including the fund i ’s log AUM,

expense ratio, turnover ratio, numbers of fund in the firm, and numbers of managers.

Table 3.6 reports the change in the manager’s flow and fund’s flow in the next

year. Reallocated managers’ future increased flows are higher than non-reallocated

managers, indicating that reallocated managers have higher capital raising ability. In

addition, the fund with reallocated managers also has higher future increased flows

than other funds, implying that the reallocated manager brings more capital to this

fund.

One concern in the above tests is that capital flows and AUM are also signals of a

manager’s active investment skill. The higher alpha a manager delivered, the more
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Table 3.6: Reallocated Manager’s and Fund’s Future Flows After Reallocation

This table implements Eq. (3.16) and (3.17), a time-fixed effect regression of the change in flows on the
following manager (fund) characteristics: A manager reallocation dummy that equals to one if a fund
manager j joins any other fund within the fund firm and zero otherwise (or a fund reallocation dummy
that equals to one if a fund i has any manager within the fund firm join and zero otherwise), LnSize
(natural logarithm of total size the fund manager (fund) manages), Expense Ratio (expense ratio of the
fund manager (fund) in year t ), Turnover Ratio (turnover ratio of the fund manager (fund) in year t ), Tenure
(number of months the fund manager appeared in the full mutual fund sample in year t), Firm Fund
Number (number of funds the fund’s firm has in year t ), and Manager Per Fund (number of managers the
fund has in year t ). All explanatory variables are standardized. The sample period is from January 1962 to
December 2020. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

∆M anag er F low ∆FundF l ow

Reallocation Dummy 19.124*** 6.678***
(8.95) (2.75)

LnSize -17.505*** -30.215***
(-25.14) (-37.28)

Expense Ratio -1.736** -3.779***
(-2.51) (-4.69)

Turnover Ratio 0.371 -1.162
(0.58) (-1.58)

Tenure 0.544
(0.82)

Firm Fund Number 4.782***
(6.53)

Manager Per Fund 0.555
(0.75)

Observations 89,426 72,972
R-squared 0.020 0.034
Time FE YES YES

fund inflows can be obtained from investors since investors chase high performance

(Sirri and Tufano (1998); Lynch and Musto (2003)). Hence, the above identification

strategy is not enough to indicate that capital raising ability is an important determi-

nant of a fund firm’s reallocation decision.

To address the concern, I use the model prediction in Xu (2021) which shows

that net alpha, gross alpha, and value added can be used to distinguish between

capital raising ability and active investment skill. It predicts that a fund manager

with higher capital raising ability has a lower net alpha and gross alpha, while a fund

manager with higher active investment skill has a higher net alpha and gross alpha.

Value added is irrelevant to the capital raising ability, but it increases with the active

investment skill.

I estimate the following time-fixed effect model

∆αn
j ,t+1 = at +γ1 j oi n

j ,t +X j ,t +ϵ j ,t . (3.18)

If the reallocated manager’s active investment skill is dominant in this manager real-

location, this manager should have a higher net alpha, gross alpha, and value added

than other non-reallocated managers. Conversely, if the reallocated manager’s capital
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raising ability is dominant, this manager should have a lower net alpha and gross

alpha, and have no significantly higher value added. In addition, I also investigate

the fund’s future change in net alpha, gross alpha, and value added

∆αn
i ,t+1 = at +γ1 j oi n

i ,t +Xi ,t +ϵi ,t . (3.19)

If the reallocated fund’s increases in net alpha and gross alpha are lower than non-

reallocated funds, this fund has higher capital raising ability than other funds.

Table 3.7 reports the changes in net alpha, gross alphas, and value added at the

manager and fund levels. The first column in Panel A shows that a reallocated man-

ager’s change in net alpha is lower than other managers’ gross alpha. This result holds

after controlling for the manager’s other characteristics and time-fixed effects. Gross

alpha in Column 2 also shows a significantly negative result. In addition, value added

is insignificantly different from zero. These findings suggest that fund managers’ capi-

tal raising ability is more predominated than their active investment skill in attracting

flows. Panel B shows that funds with newly joined managers have insignificantly

negative gross alpha, indicating that both managers’ capital raising ability and active

skill have an impact on attracting higher flows in a fund. Capital raising ability is

dominant because the increase in value added is insignificant.
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Table 3.7: Reallocated Manager’s and Fund’s Future Net Alpha, Gross Alphas, and Value
Added After Reallocation

This table implements Eq. (3.16) and (3.17), a time-fixed effect regression of the change in net alpha, gross
alpha, and value added on the following manager (fund) characteristics: A manager reallocation dummy
that equals to one if a fund manager j joins any other fund within the fund firm and zero otherwise (or a
fund reallocation dummy that equals to one if a fund i has any manager within the fund firm join and
zero otherwise), LnSize (natural logarithm of total size the fund manager (fund) manages), Expense Ratio
(expense ratio of the fund manager (fund) in year t ), Turnover Ratio (turnover ratio of the fund manager
(fund) in year t ), Tenure (number of months the fund manager appeared in the full mutual fund sample
in year t), Firm Fund Number (number of funds the fund’s firm has in year t), and Manager Per Fund
(number of managers the fund has in year t ). All explanatory variables are standardized. The sample period
is from January 1962 to December 2020. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

∆αn ∆αg ∆V alue Added

Panel A: Manager’s
Reallocation Dummy -0.166* -0.171* 1.084

(-1.71) (-1.76) (0.39)
LnSize -0.052* -0.057* -1.079

(-1.65) (-1.81) (-1.18)
Tenure 0.039 0.043 0.307

(1.30) (1.43) (0.35)
Expense Ratio 0.021 -0.007 -0.558

(0.67) (-0.21) (-0.62)
Turnover Ratio 0.062** 0.066** 0.665

(2.15) (2.29) (0.80)

Observations 89,416 89,416 89,400
R-squared 0.067 0.067 0.018
Time FE YES YES YES

Panel B: Fund’s
Reallocation Dummy -0.027 -0.028 4.104

(-0.22) (-0.23) (0.89)
LnSize -0.196*** -0.198*** -0.138

(-4.72) (-4.76) (-0.09)
Firm Fund Number 0.056 0.051 0.050

(1.48) (1.35) (0.04)
Manager Per Fund 0.038 0.036 1.415

(0.99) (0.96) (1.01)
Expense Ratio -0.042 -0.060 -0.357

(-1.02) (-1.45) (-0.23)
Turnover Ratio 0.034 0.038 0.927

(0.89) (1.01) (0.66)

Observations 72,952 72,952 72,952
R-squared 0.055 0.055 0.010
Time FE YES YES YES
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The above studies show that reallocated managers contribute to funds through

their capital raising ability. An additional channel is that fund firms could optimize

the capital raising ability of a manager team by allocating particular managers to work

together. According to this synergy hypothesis, I study how the teamwork between

the reallocated manager and existing managers could optimize the team’s capital

raising ability and thus attract higher flows. Motivated by Xu (2021), one possibility

is that there is a synergy effect between junior and senior managers. I test whether

the larger the experience difference between the reallocated managers and existing

managers is, the more investor flows this fund can attract. I estimate the following

model

∆F lowi ,t+1 = at +ΨE xpDi f fi ,t +ϵi ,t , , (3.20)

where E xpDi f fi ,t is the monthly experience (tenure) difference between the mutual

fund i ’s reallocated managers and existing managers in year t . If there are multiple

new (existing) managers, I took an average of all new (existing) managers’ character-

istics in fund i . at is the time-fixed effect.

Table 3.8: Managers’ Experience Difference in A Fund

This table implements Eq. (3.20), a time-fixed effect regression of the change in fund characteristics on
the following manager characteristics: Experience Difference (experience difference between reallocated
managers and existing managers), LnSize (natural logarithm of total size the fund manages), Expense
Ratio (expense ratio of the fund in year t ), and Turnover Ratio (turnover ratio of the fund in year t ), The
sample period is from January 1962 to December 2020. *, **, and *** indicate significance at the 10%, 5%,
and 1% levels, respectively.

∆FundF l ow ∆αn ∆αg ∆V alue Added

Reallocated Fund’s
Experience Difference 0.060** -0.000 -0.000 0.029

(2.32) (-0.33) (-0.33) (0.58)
LnSize -10.983*** 0.064 0.066 0.536

(-11.18) (1.24) (1.26) (0.29)
Expense Ratio -3.574 0.170 0.136 -0.540

(-0.83) (0.74) (0.60) (-0.07)
Turnover Ratio -0.609 -0.205 -0.199 4.268

(-0.21) (-1.33) (-1.29) (0.77)

Observations 9,002 9,002 9,002 9,002
R-squared 0.038 0.070 0.070 0.021
Time FE YES YES YES YES

Table 3.8 shows that the experience difference between the reallocated managers

and existing managers explains the increased fund flows in the next year. The larger

the experience difference is, the higher the fund flows increase. I further investigate

the changes in net alpha, gross alpha, and value added. I find that the changes in

net alpha and gross alpha are insignificantly negative, and changes in value added

are insignificantly positive. The findings imply that the management team’s capital
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raising ability is higher when the allocated manager is more senior than the existing

managers.

3.7 Conclusion

This paper tests a new hypothesis on the fund managers’ capital raising ability as

a determinant of manager reallocation in fund firms. The capital raising ability of

managers increases fund firms’ revenues by attracting more capital flows. Compared

with active investment skills, the capital raising ability of managers explains manager

reallocation decisions better. There is a synergy effect between junior and senior

managers to raise capital in a fund.

The empirical evidence highlights that the fund manager’s capital raising ability is

an important skill that could increase revenues to individual funds and fund firms as

a whole. This paper suggests that understanding the ability of fund managers to raise

capital may substantially improve our comprehension of value creation in mutual

funds and help explain mutual fund abnormalities such as investor inflows despite

negative net alphas.
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