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Jason Abrevaya

This dissertation investigates the determinants of mutual fund flows and

mutual fund performance.

The first chapter examines the response of fund investors to style volatility

and the impact of style volatility on the flow-performance relationship. Three main

empirical findings are obtained using both a portfolio approach and a multivariate

regression approach. First, I find that there is a significant positive relationship

between the style volatility and the subsequent fund flows to mutual funds. This

finding can be interpreted as either fund managers having style timing ability or

fund managers catering to investors preferences or tastes. Second, the positive rela-

tionship between past style volatility and fund flows is less pronounced for funds

with superior past performance. Lastly, fund style volatility has a dampening effect

on the flow-performance relationship: the flow-performance sensitivity weakens by

12% when the past style volatility increases by one standard deviation. It is likely
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that performance is perceived as a less informative signal of investment ability for

fund managers who follow inconsistent styles over time.

The second chapter studies how the response of fund investors to past risk

varies over business cycles. I employ the NBER boom indicator, the Consumer

Sentiment Index, and the National Activity Index to proxy for economic condi-

tions. I find that mutual fund investors react differently to risk across economic

environments. Funds with more volatile past returns discourage fund investors.

The investors’ demand for actively managed funds is higher under good market

conditions. Fund flows are less responsive to risk during expansionary economic

periods. This finding may indicate that fund investors are risk averse and become

less risk averse in good market states.

The third chapter empirically examines whether mutual fund performance

is affected by prior family performance. I propose two testable hypotheses: the

information and resource sharing hypothesis and the cross-fund subsidization

hypothesis. The empirical findings suggest that there is a significant positive

relationship between prior family performance and subsequent fund performance.

This finding is consistent with the hypothesis that mutual funds in the same family

share informational resources. This positive relation also justifies the finding in

the mutual fund flow literature that fund flows are higher for funds with higher

past family performance. Furthermore, I find that the predictive power of the prior

family performance is stronger in larger fund families.

vii



Table of Contents

Acknowledgments v

Abstract vi

List of Tables xi

List of Figures xiii

Chapter 1. Mutual Fund Style Volatility and Fund Flows 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Data, Definition, and Summary Statistics . . . . . . . . . . . . . . . . 10

1.2.1 Data and Sample Construction . . . . . . . . . . . . . . . . . . 10
1.2.2 Definition of Variables . . . . . . . . . . . . . . . . . . . . . . . 13

1.2.2.1 Style Volatility and Investment Style Classification . . 13
1.2.2.2 Fund Performance . . . . . . . . . . . . . . . . . . . . . 16
1.2.2.3 Fund Flow . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.2.3 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 18
1.3 Methodology and Empirical Results . . . . . . . . . . . . . . . . . . . 20

1.3.1 Portfolio Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.3.2 Multivariate Regression Results . . . . . . . . . . . . . . . . . . 22

1.3.2.1 Baseline Results . . . . . . . . . . . . . . . . . . . . . . 23
1.3.2.2 Fund Flow, Style Volatility, and Performance . . . . . . 25
1.3.2.3 Fama-Macbeth Regression Results . . . . . . . . . . . 30
1.3.2.4 The Characteristics of Style Volatility and Fund Flow . 31
1.3.2.5 Long-term Effects of Fund Style Volatility . . . . . . . 32

1.4 Robustness Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
1.4.1 Three-Dimensional Style Volatility: ME, BM, and Mom . . . . 34
1.4.2 Three-Dimensional Style Volatility: ME, BM, and Sector . . . . 35

1.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

viii



Chapter 2. The Response of Fund Flows to Past Risk Over Business Cycle 55
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.2 Data, Definition, and Summary Statistics . . . . . . . . . . . . . . . . 61

2.2.1 Mutual Fund Data . . . . . . . . . . . . . . . . . . . . . . . . . 61
2.2.2 Economic Conditions . . . . . . . . . . . . . . . . . . . . . . . . 62
2.2.3 Fund Flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
2.2.4 Fund Performance and Risk Measure . . . . . . . . . . . . . . . 65
2.2.5 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 66

2.3 Empirical Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 67
2.4 Empirical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

2.4.1 The Impact of Market Conditions On Flow-Risk Sensitivity . . 69
2.4.2 The Flow-Performance Relationship over Business Cycle . . . 72

2.5 Robustness Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
2.5.1 Risk Decomposition: Systematic Risk and Idiosyncratic Risk . 73
2.5.2 Pre-2000 and Post-2000 Sample . . . . . . . . . . . . . . . . . . 75
2.5.3 Small Funds and Large Funds . . . . . . . . . . . . . . . . . . . 75
2.5.4 Style Volatility . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

Chapter 3. The Predictability of Mutual Fund Performance: Evidence from
Fund Families 93

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
3.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

3.2.1 Fund Performance . . . . . . . . . . . . . . . . . . . . . . . . . 97
3.2.2 Fund Family . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

3.3 Hypotheses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
3.4 Data, Variable Definition, and Summary Statistics . . . . . . . . . . . 105

3.4.1 Performance Measures . . . . . . . . . . . . . . . . . . . . . . . 107
3.4.2 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 109

3.5 Empirical Methodology and Empirical Results . . . . . . . . . . . . . 111
3.5.1 Portfolio Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 111
3.5.2 Multivariate Regression . . . . . . . . . . . . . . . . . . . . . . 113

3.6 Robustness Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

ix



3.6.1 Subperiod Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 117
3.6.2 Large v.s. Small Fund Families . . . . . . . . . . . . . . . . . . 118

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

Appendices 131

Appendix A. Appendix: Mutual Fund Style Volatility and Fund Flows 132
A.1 Style Volatility Measure based on Three Dimensions . . . . . . . . . 132

Appendix B. Appendix: The Response of Fund Flows to Past Risk Over
Business Cycle 141

Appendix C. Appendix: The Predictability of Mutual Fund Performance 144
C.1 Variable Definitions in Empirical Analysis . . . . . . . . . . . . . . . 144

Bibliography 146

x



List of Tables

1.1 Summary Statistics of Mutual Fund Characteristics Over Time . . . 42
1.2 Transition Matrix of Style Volatility Deciles . . . . . . . . . . . . . . 43
1.3 The Fund Characteristics with High SV vs. Low SV . . . . . . . . . . 44
1.4 Fund Performance, Style Volatility, and Fund Flow: Portfolio Double

Sorting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
1.5 The Impact of Style Volatiltiy on Fund Flows . . . . . . . . . . . . . 46
1.6 Fund Performance, Style Volatility, and Fund Flows: Regression Results 47
1.7 The Impact of Style Volatility on Fund Flows-Fama MacBeth . . . . 48
1.8 The Characteristics of Style Volatility and Fund Flows . . . . . . . . 49
1.9 Longer-term Impact of Style Volatility: Portfolio Analysis . . . . . . 50
1.10 The Impact of Style Volatility on Flows over Diff Horizons . . . . . . 51
1.11 The Impact of Style Volatility (Three-dimension) on Fund Flows . . 52
1.12 The Characteristics of SV (Three-dimension) and Fund Flows . . . . 53
1.13 The Impact of Style Volatility on Fund Flows: Sector . . . . . . . . . 54

2.1 The Correlation between Economic Condition Proxies . . . . . . . . 80
2.2 The Fund Characteristics and Economic Conditions . . . . . . . . . 81
2.3 NBER Business Cycle Summary Statistics . . . . . . . . . . . . . . . . 82
2.4 Fund Performance, Risk, and Fund Flow: Portfolio Double Sorting . 83
2.5 The Impact of Risk on Fund Flows - Pooled OLS . . . . . . . . . . . . 84
2.6 The Impact of Economic Condition on Fund Flow-Risk Sensitivity . 85
2.7 The Flow-Performance Sensitivity Over Business Cycle . . . . . . . . 86
2.8 The Impact of Systematic and Idiosyncratic Risk on Fund Flows -

NBER Boom . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
2.9 The Impact of Systematic and Idiosyncratic Risk on Fund Flows -

Consumer Sentiment . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
2.10 The Impact of Systematic and Idiosyncratic Risk on Fund Flows -

National Activity Index . . . . . . . . . . . . . . . . . . . . . . . . . . 89

xi



2.11 The Impact of Risk on Fund Flows - Pre and Post 2000 . . . . . . . . 90
2.12 The Impact of Risk on Fund Flows - Large Funds v.s. Small Funds . 91
2.13 The Impact of Risk on Fund Flows over Business Cycle: Controlling

for Style Volatility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

3.1 Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
3.2 Portfolios of Mutual Funds Formed on Past Family Performance . . 123
3.3 Portfolios of Mutual Funds Formed on Past Family Return . . . . . . 124
3.4 Double Sort Portfolio Analysis: by Past Family Performance First . . 125
3.5 Fama-MacBeth Multivariate Regression: Carhart . . . . . . . . . . . 126
3.6 Fama-MacBeth Multivariate Regressions . . . . . . . . . . . . . . . . 127
3.7 The Impact of Past Family Performance on Future Fund Performance:

Subperiod Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128
3.8 The Impact of Past Family Performance on Future Fund Performance:

Family TNA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
3.9 The Impact of Past Family Performance on Future Fund Performance:

Number of Funds per Family . . . . . . . . . . . . . . . . . . . . . . . 130

A.1 The Impact of Style Volatiltiy on Fund Flows - Piecewise Specification
of Fund Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

A.2 The Dominant Source of Style Volatility and Fund Flows: Pooled
Regression Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

A.3 The Impact of Style Volatility on Flows over Diff Horizons (Piecewise
Performance) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

B.1 The Characteristics of Mutual Fund in the Sample By Year . . . . . . 143

xii



List of Figures

1.1 The Style Drift of Fidelity Magellan Fund . . . . . . . . . . . . . . 39
1.2 The Time Trend of Style Volatility Measure . . . . . . . . . . . . . 40
1.3 Relative Contributions to Overall SV Measure . . . . . . . . . . . 41

2.1 Consumer Sentiment and Recession . . . . . . . . . . . . . . . . . . 78
2.2 National Activity Index and Recession . . . . . . . . . . . . . . . . 79

A.1 The Quarterly Time Trend of Fund Style Characteristics . . . . . . 135
A.2 The Quarterly Time Trend in Fund Size Rank Score Distribution . 136
A.3 The Quarterly Time Trend in Fund Value-Growth Rank Score Dis-

tribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

xiii



Chapter 1

Mutual Fund Style Volatility and Fund Flows

1.1 Introduction

A fund’s investment style has become an important aspect of delegated

portfolio management. It plays an essential role in how the fund itself is identified

and the returns it generates. However, the impact of how fund managers implement

the style strategy (on a more or less volatile basis) has received little attention. This

chapter investigates the relationship between fund flows and the variation of a

fund’s investment style.

Mutual fund investment style largely defines a fund’s investing strategy.

Usually, different mutual fund investment styles indicate different return-risk

profiles. When investors are faced with the decision of choosing a mutual fund,

they must form beliefs about not only the ability of each fund to generate excess

returns but also the suitability of each fund to their objectives. Therefore, it is

crucial for investors to understand investment style and adjust their style exposures

accordingly.

There are mainly three approaches to define mutual fund styles: fund name

or prospectus, the returns-based approach, and the holdings-based approach. The
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first way to identify a fund’s investment style strategy is based on the fund name or

fund prospectus. Take J.P.Morgan Large Cap Growth Fund as an example. Basically,

this fund seeks long-term capital appreciation. It invests primarily in equity

securities of large capitalization companies and seeks to invest in stocks that have

potential to exceed market expectations for a prolonged period of time. However,

a mutual fund’s name does not always reflect a true picture of the investment. In

fact, before 2002, the Division of Investment Management (“Division”) required

an investment company with a name suggesting that the company focuses on

a particular type of investment to invest only 65% of its assets in the type of

investment suggested by its name. That means, fund managers can potentially

invest up to 35% of the fund assets which may deviate from the fund names before

2002. In 2002, the Securities and Exchange Commission (SEC) adopted Rule 35d-1

which requires a fund to invest at least 80% of its assets in the type of investment

suggested by its name.1 Therefore, up to 20% of the fund assets may be allowed to

deviate from the fund name after 2002. The second approach, called the returns-

based approach, is based on fund returns. This approach defines fund styles and

sorts funds into different investment categories based on estimated loadings from

factor models, such as the three-factor model by Fama and French (1993) and

the four-factor model by Carhart (1997). This method requires a relatively long

time-series. Hence it may not provide a sufficiently timely measure (Chan, Chen,

and Lakonishok, 2002) and is subject to measurement error. The holdings-based

approach, the third approach to identify fund styles, is directly inferred from the

1For more details, please see Final Rule: Investment Company Names.

2
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portfolio holdings of one fund. The holdings-based analysis consists in analysing

each of the securities that make up the portfolio. The securities are ranked according

to different characteristics (e.g., market capitalization and book-to-market ratio)

that allow their style to be described. The rankings are then aggregated at the

portfolio level to obtain the style of the portfolio as a whole. Grinblatt and Titman

(1989) and Daniel, Grinblatt, Titman, and Wermers (1997) use the characteristics

of the fund’s holdings to evaluate fund performance. In the industry, major fund

trackers such as Morningstar and Lipper Analytical Services use the holdings-based

model to classify funds into different style groups.2 Chan et al. (2002) compare the

returns-based and the characteristics-based approaches to style classification.

Mutual fund managers do shift their styles over time. Style drift is a tendency

of portfolio managers to alter their styles over time. It can be defined as the

shift in loadings on priced style factors (e.g., Fama and French, 1993) or in style

characteristics (e.g., Daniel and Titman, 1997) over time for a portfolio. This

chapter employs the latter definition. Based on the holdings definition, which will

be discussed in Section 1.2.2 in detail, I use Fidelity Magellan Fund to demonstrate

how one fund can shift its style over time. Figure 1.1 shows that Fidelity Magellan

Fund has shifted its investment style dramatically over time from 1985 to 2013.

At the beginning of the sample period, Fidelity Magellan Fund was classified into

the Medium/Growth style box. In the middle of the sample period, it fell into the

Large/Value type of funds. At the end of the sample period, it was reclassified as a

Large/Blend fund.

2See the links below for more details: Morningstar Classification and Lipper Classification.
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Previous studies have investigated how fund investment style affects fund

performance. Lakonishok, Shleifer, and Vishny (1994), Fama and French (1998),

and Chan and Lakonishok (2004) all show that portfolios of value stocks outper-

form portfolios of growth stocks on a long-term, risk-adjusted basis. A more recent

literature also investigates how style drift/volatility might affect the rate of return.

Wermers (2012) studies the causes and consequences of style drift in institutional

portfolios, and finds that controlling the style drift of a fund manager does not

necessarily lead to better performance for investors. However, Brown, Harlow,

and Zhang (2015) find contrary results.3 They investigate whether investors ben-

efit from managers who maintain their designated investment strategy on a less

volatile basis, and find that funds with lower levels of style volatility significantly

outperform more style volatile funds.

So far, no previous work has studied how fund flows respond to levels of

style volatility. This chapter fills the gap in the literature. Theoretically, the sign of

the impact of past style volatility on fund flows is ambiguous. On the one hand,

the growth in fund assets may be negatively related to the level of style volatility

due to two possible reasons: moral hazard and investment costs. On the other

3Although both Wermers (2012) and Brown et al. (2015) construct their style drift/volatility

measure based on fund holdings, they are not constructed in the exactly same way or during the

same time horizon. Wermers (2012) takes the absolute difference in a fund’s characteristic ranking

between the current date and the prior year, and sums those absolute differences across the three

attributes. Brown et al. (2015) defines the style volatility as the standard deviation for style scores

for each fund over past 36 months and equally weighed sum these standard deviations across the

three style characteristics.
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hand, there may be a positive correlation between growth in fund assets and past

style volatility. There are potentially two explanations: fund managers style timing

ability or catering incentives of investors.

A more volatile implementation of style strategy may discourage investors.

This negative relationship may have two interpretations. First, better managers will

want to be evaluated more precisely. Maintaining a lower style volatile portfolio

is one way that they can signal their superior skill to potential investors. Thus, it

is expected that funds with less-volatile investment styles over time attract more

investors compared to funds with a greater degree of style volatility. This point is

related to moral hazard in the mutual fund industry (Habib and Johnsen, 2013).

Based on the moral hazard theory, fund investors cannot distinguish high quality

fund managers from low quality ones ex ante. In addition, style drift might also be

an indication that managers do not know what they are doing and might not have

an expertise in a specific style. Lower ability managers are more inclined to hide.

Several studies (e.g., Chevalier and Ellison, 1997) indicate that investors reward

good performance with disproportionately high capital inflows; however, they do

not penalize poor performance equivalently. A convex option-like payoff profile

for mutual funds may be induced by this behaviour. Consequently, some fund

managers, especially those with a lower investment ability, may have an incentive to

adopt volatile investment strategies to increase their chances of generating extreme

performance. Second, fund investors might prefer consistent styles, since they do

not need to rebalance their style exposures frequently. Style drift might add some

additional uncertainty to the risk and style properties of funds. For example, if the

5



manager “drifts” from a large cap fund to a small cap fund, the fund investors may

suddenly find themselves with an under-allocation to large cap securities, and an

excess of small cap, violating their goal of maintaining a well diversified portfolio.

Rebalancing portfolios can be very costly for fund investors in terms of tax costs,

transaction costs, etc.

However, more flows may enter into funds with higher levels of style volatil-

ity. As stated before, there are two possible reasons to explain this positive correla-

tion. Firstly, for a less style volatile fund, fund investors are less likely to capture

the benefits that accrue to a fund manager who actually is capable of accurately

timing the style rotations in the market. Style shifting might be an indication of

superior skill since it is related to the activeness of the investment strategies of

funds. A growing literature suggests that more active fund managers have superior

investment ability (e.g., Kacperczyk, Sialm, and Zheng, 2005; Cremers and Petajisto,

2009). When active fund managers change their portfolio composition, further

altering the style strategy, to utilize their stock selection or timing abilities, their

shifting style strategies might benefit investors. Secondly, mutual fund managers

may also cater to investors’ preferences. Some behavioural finance literature (e.g.,

Kumar, 2009) argues that under some circumstances, rational managers may cater

to investor tastes. In other words, managers respond to temporary fads and chang-

ing investor preferences, adapting the investment style strategy so that it looks

favourable in investors’ eyes and fits the current market sentiment.

Due to this theoretic uncertainty, it is crucial to empirically study the impact

of shifting style characteristics on fund investors. It is important to have a better

6



understanding about the determinants of fund flows for three reasons.4 First, fund

flows affect how much mutual fund managers are compensated. Portfolio managers

are primarily incentivized through fund flows (e.g., Chevalier and Ellison, 1997;

Sirri and Tufano, 1998). Because management fees are typically a fixed percentage

of assets under management, funds with good performance are able to collect more

capital from investors and hence their managers are paid with higher remunerations.

Second, fund flows have an impact on money flow in the economy. Fund flows affect

how the capital markets allocate the financial resources through their effects on asset

prices. Take the emerging market funds as an example. The fund flows affect the

capital flow into a particular developing country or group of developing countries

(e.g., Wermers, 2003). Hence, fund flows influence which companies, sectors, and

countries obtain financial resources. Third, fund flows exert externalities on the

remaining fund investors. They can require fund managers to adjust their portfolios,

incur trading and tax costs, and change their investment strategies. For example,

mutual fund flows can be costly for investors. As shown in previous studies (e.g.,

Edelen, 1999; Coval and Stafford, 2007), following substantial outflows, funds

need to adjust their portfolios and conduct costly and unprofitable trades (fire

sale), which damage the future returns and hurt the remaining long term investors.

Hence, it is meaningful to investigate one potentially important determinant of

4Sialm, Starks, and Zhang (2015) is one of the first papers to systematically summarize the

importance of understanding the determinants of fund flows. They present three reasons to support

having a better understanding of the impact of DC plans on fund flows and their sensitivity to fund

performance.
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fund flows: style volatility.

The primary goal of the empirical analysis in this study is to assess the

extent to which a fund’s past style volatility, past fund performance, and other

fund characteristics are able to predict subsequent fund flows over a future time

horizon. I employ a construction method for the style volatility measure similar to

that proposed by Brown et al. (2015). I examine the effect of style volatility on fund

flows by using both a portfolio approach and a multivariate regression approach.

For the single-sorting portfolio analysis, I examine the univariate relationship

between fund style volatility and fund flow. I find funds with relatively high

style volatility tend to have a smaller amount of assets under management, higher

expense ratios, a higher mean growth rate of assets, higher returns, and higher

return volatility. In the double-sorting portfolio approach, I divide all sample funds

into 5x5 portfolios based on the fund performance and style volatility. I evaluate

the flows of each portfolio and find that after controlling for past fund performance,

the flows increase as the fund style volatility rises.

I also examine the effect of style volatility on fund flows by using a multi-

variate regression approach. This approach allows me to control for other fund

characteristics that may be correlated with fund style volatility or fund flow. I find

evidence that fund style volatility is positively related to subsequent fund growth in

assets after controlling for various fund characteristics. In terms of economic mag-

nitude this effect is large, with a one-standard deviation increase in style volatility

(0.11) associated with a 0.3% increase in net flows during the next quarter. This

finding can be interpreted as either the fund managers have style timing ability

8



or fund managers tend to cater to investors’ preferences. To explore the effect of

performance on the relation between fund style volatility and flow, I include in the

regression an interaction term between performance and style volatility. I find the

coefficient on this interaction term to be significantly negative, which suggests the

relation between style volatility and fund flows is less pronounced for funds with

superior past performance. This result also indicates that fund style volatility has a

dampening effect on the flow-performance relationship: the flow-performance rela-

tionship weakens by 12% when style volatility increases by one standard deviation.

It is likely that performance is perceived as a less informative signal of investment

ability for fund managers who follow inconsistent styles over time.

The estimation results from Fama-Macbeth specification show qualitatively

similar results. When the two separate components (size and value-growth) of

overall style volatility measure are included in the regression analysis, I find the

most significant influencing factor stems from the volatility in the size dimension.

The results with longer time horizons and alternative definitions for style volatility

measure provide similar evidence.

This chapter is the first study which investigates the response of fund in-

vestors to the way fund managers implement their style strategy. By investigating

one important factor in affecting fund flows, this study helps our understanding

about fund investors’ behavior. The empirical findings in this research have impli-

cations on fund managers and fund investors. Fund managers may be able to attract

more capital from investors by manipulating their style strategy. In addition, style

volatility has a dampening effect on the flow-performance relationship. By having

9



a more volatile style strategy, it becomes more difficult for investors to accurately

evaluate the manager’s ability.

The rest of the chapter is organized as follows. Section 1.2 describes the

data and the methodology to define style categories, style volatility, fund flows and

performance, and provides descriptive statistics. Section 1.3 presents empirical esti-

mation models and the main empirical results. Section 1.4 provides the robustness

checks. Section 1.5 concludes.

1.2 Data, Definition, and Summary Statistics

1.2.1 Data and Sample Construction

The main data set has been created by merging the CRSP Survivorship Bias

Free Mutual Fund Database, the Thomson-Reuters Mutual Fund Holdings Database,

the CRSP US Stock Database, and the CRSP/Compustat Merged (CCM) Database.

The first main mutual fund database is available from the Center for Re-

search in Security Prices (CRSP). The CRSP Mutual Fund Database includes in-

formation on fund returns, total net assets, different types of fees, investment

objectives, the first offer date, and other fund characteristics. The data on net

returns are provided monthly, while other fund characteristics, such as expense

ratio, investment objective code, asset composition, etc., are available annually

before 1999 and quarterly since 1999.5 This chapter focuses on actively managed

5Since the empirical regression models are estimated on a quarterly basis, for observations before

year 1999, I assign the annual fund characteristics to all quarters in that year.
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U.S. equity mutual funds for several reasons. First of all, the holdings data is most

accurate and complete for this type of mutual funds. Second, the previous litera-

ture focuses on actively managed equity funds. To identify such funds, I follow a

sequential algorithm similar to that in Huang, Sialm, and Zhang (2011).6 Index

funds7 are eliminated by using the CRSP-defined index fund flags (data available

beginning 2003) and by screening the names of the funds for words such as “Index”

or “S & P”. I further remove funds whose names have words such as “ETF”. Funds

managing less than $5 million are eliminated from consideration.

The Thomson-Reuters Mutual Fund Holdings Database provides security

holding information for all registered mutual funds that report their holdings with

the SEC and three thousand global funds. The holdings database includes only

long positions in domestic common stocks and rules out other non-equity holdings.

Since the focus of this study is on U.S. equity mutual funds, I exclude each fund

whose investment objective code is one of the following: International, Municipal

6First, I select funds with the following Lipper objectives: CA, CG, CS, EI, FS, G, GI, H, ID, LCCE,

LCGE, LCVE, MC, MCCE, MCGE, MCVE, MLCE, MLGE, MLVE, MR, NR, S, SCCE, SCGE, SCVE, SG,

SP, TK, TL, UT. If a fund does not have any of the above objectives, I select funds with the following

Strategic Insights objectives: AGG, ENV, FIN, GMC, GRI, GRO, HLT, ING, NTR, SCG, SEC, TEC,

UTI, GLD, RLE. If a fund has neither the Lipper nor the SI objective, then I use the Wiesenberger

Fund Type Code to select funds with the following objectives: G, G-I, G-S, GCI, IEQ, ENR, FIN, GRI,

HLT, LTG, MCG, SCG, TCH, UTL, GPM. If none of these objectives are available and the fund has a

CS policy or holds more than 80% of its value in common shares, then the fund will be included.
7I eliminate index funds from my sample since they are mainly passively managed and they do

not attempt timing.
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Bonds, Bond and Preferred, and Balanced.8 To eliminate survivorship bias due

to newly incubated funds, I exclude the first appearance of a fund-quarter in the

Thomson-Reuters dataset. These funds may appear in the data only if their prior

performance has been satisfactory. Evans (2010) points out that this bias is not

eliminated by simply screening on fund size.

The CRSP Mutual Fund Database lists each share class separately,9 whereas

the Thomson-Reuters Holdings Database lists only the underlying fund. In such

cases, I combine the CRSP net returns, expense ratios, and other characteristics of

all share classes into the corresponding measures for a given fund. In combining

these share classes, I weigh the return or characteristic of each share class by the

most recent total net assets of that share class. Thus, the analysis in this chapter

uses a mutual fund as the basic unit, not the individual share class.

I combine the CRSP sample with the Thompson-Reuters holdings sample

using the MFLINKS dataset developed by Wermers (2000). These two databases are

merged to provide a complete record of the stock holdings of a given fund, along

with the fund’s expense ratio, net returns, investment objective, fund age, and total

net assets under management during each year of the fund’s existence in the sample

period.

After the combined mutual fund data are obtained, each reported stock

holding is linked to the CRSP stock database in order to find its price, return,

8About 47% observations have non-missing investment objective codes, and the sample restric-

tion based on this variable ioc removes 8.23% observations.
9In the selected CRSP mutual fund sample, 80.56% funds issue multiple share classes.
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shares outstanding, industry classification code, and other stock characteristics.

The accounting variables used to calculate book equity for each firm are obtained

from the CRSP/Compustat Merged (CCM) database. These variables include stock-

holders’ equity, total common equity, total assets, and total liabilities, as well as the

par value, the redemption value, the liquidating value and the carrying value of

preferred stock, balance sheet deferred taxes, and postretirement benefit assets.

With all the exclusions, our final sample includes 4,598 distinct U.S. actively

managed equity funds.

1.2.2 Definition of Variables

1.2.2.1 Style Volatility and Investment Style Classification

To define the style classification and fund style volatility, I follow a four-step

procedure similar to that proposed by Brown et al. (2015). The main results in this

chapter are based on two-dimensional style volatility (in dimensions of market

capitalization and book-to-market ratio),10 whereas Brown et al. (2015) define the

holdings-based style volatility in three dimensions (market capitalization, book-

to-market ratio, and return momentum). There are several reasons why this study

excludes the return momentum dimension in classifying investment styles and

constructing the style volatility measure. First, the widely known Morningstar

style box only considers two dimensions: market capitalization and value-growth

10I also test the relationship between style volatility and mutual fund flows based on three style

dimensions in Section 1.4. The evidence shows qualitatively similar results.
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dimension. Furthermore, many funds include the words “Large-Cap”/“Small-Cap”

and “Growth”/“Value” in their names, which makes the market capitalization and

value-growth two of the most important style dimensions for fund investors. Few

funds explicitly follow momentum strategies. Finally, some academic studies (e.g.,

Chan et al., 2002) also focus on two dimensions to identify a manager’s style: size

and value-growth.

In the first step, I use a 5 x 5 sorting procedure to classify every potential

stock position11 into quintiles according to two stock characteristics: market cap-

italization and book-to-market ratio (industry adjusted). Stock size is calculated

based on the quarter-ending market capitalization (ME or Size) in millions of dollars

from CRSP. The book-to-market ratio (BM) is calculated in June of year t using the

book equity for the last fiscal year end in year t − 1 and market equity at the end

of December in year t − 1. Therefore, the book-to-market ratio obtained is applied

from July of year t to June of year t + 1. I calculate the book equity as defined in

Daniel and Titman (2006). Following Wermers (2012), I use a variance-normalized

industry adjustment to the book-to-market value for each stock-period in order to

create industry-diversified book-to-market control portfolios. I subtract the indus-

try average book-to-market ratio from each stock’s book-to-market ratio for that

period, then normalize this excess book-to-market ratio by the standard deviation of

that industry period’s BM. For each stock which falls into the top (bottom) quintile

in one characteristic, a score of five (one) will be assigned to that characteristic.

11I exclude stocks with price less than $1 and market capitalization less than $10 million from the

analysis.
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In the second step, I use a fund’s holdings to compute the value-weighted

average size and book-to-market rank scores across the entire portfolio. More

specifically, fund f ’s style vector at quarter t in style dimension c is:

Rankc,f ,t =
Nf ,t∑
i=1

(vwi,f ,t ∗Rankc,i,t) (1.1)

where Rankc,f ,t represents the rank score for fund f in style dimension c at t; Nf ,t

represents the total number of stocks held by fund f at t; vwi,f ,t denotes the value

weight of stock i in fund f at quarter t; and Rankc,i,t is stock i’s rank, ranging

from one to five, in style dimension c at t. Therefore, (Rank MEf ,t,Rank BMf ,t)

represents the style vector for fund f at quarter t.

The above calculation also gives us the holdings-based fund style classifi-

cation method. A fund’s style can be inferred directly from characteristics of its

portfolio holdings. I obtain the average characteristic score to each of the two style

characteristics. Then, I divide the range of scores of each characteristic into terciles;

that is, I use a 3x3 sorting process to place each fund into its appropriate style

category. Based on these size and book-to-market terciles, I form nine investment

style groups.

In the third step, for fund f in quarter t, I calculate the standard deviation of

the fund’s average scores for each characteristic c using the most recent 12 quarters

of data based on the formula below:

σc,f ,t =

√√√ 11∑
n=0

(Rankc,f ,t−n −MRankc,f )2

12− 1
(1.2)
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where Rankc,f ,t−n is the weighted average characteristic ranking in quarter t −

n and MRankc,f is the mean of these quarterly rankings during the 12-quarter

measurement period. When I calculate the standard deviation σc,f ,t, a minimum of

11 non-missing values are required.

In the fourth step, the equally weighted average of the set of σc,f ,t is given

below:

SVf ,t =
2∑
c=1

σc,f ,t
2

(1.3)

Based on this definition, a portfolio with a lower style volatility means a more

predictable implementation of its style strategy.

The relative contribution of characteristic c in style volatility for fund f in

quarter t is:

RCc,f ,t =
σc,f ,t

2 ∗ SVf ,t
(1.4)

1.2.2.2 Fund Performance

This chapter employs two measures of fund performance. The first is the

average fund return over the prior four quarters. The second measure is called

relative fractional performance rank (e.g., Sirri and Tufano, 1998; Huang, Wei, and

Yan, 2007). For each style category and quarter, the funds’ preceding four-quarter

returns are ordered, and each fund is assigned a continuous rank (P erf Rankf ,t)

ranging from 0 (worst performance) to 1 (best performance) with the rankings

corresponding to their performance percentiles. Funds are then classified into low,

medium, and high performance groups. Funds ranked in the highest (lowest) per-
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formance quintile are in the high (low) group. The medium group includes funds

with performance ranked in the middle three quintiles. More specifically, the 5th

or bottom quintile is defined as: Low P erff ,t−1 =Min(P erf Rankf ,t−1,0.2); the 2nd-

4th performance quintile is defined as: Mid P erff ,t−1 = Min(0.6, P erf Rankf ,t−1 −

Low P erff ,t−1); and the highest performance quintile is defined as: High P erff ,t−1 =

P erf Rankf ,t−1 − Low P erff ,t−1 −Mid P erff ,t−1, where P erf Rankf ,t is fund f ’s per-

formance percentile. This piecewise linear specification allows for different flow-

performance sensitivities at different levels of performance.

1.2.2.3 Fund Flow

In this study, I estimate fund flows over a subsequent interval (one quarter

in the future) following the date on which the style volatility measure is calculated:

Flowf ,t =
TNAf ,t − TNAf ,t−1 ∗ (1 + rf ,t)

TNAf ,t−1 ∗ (1 + rf ,t)
(1.5)

where Flowf ,t is the net percentage growth in fund assets under management

between t − 1 and t; TNAf ,t represents the total net assets under management

by fund f at time t; the last period’s total net assets of the same fund is denoted

by TNAf ,t−1; rf ,t is net fund return for fund f at t. The fund flow represents

the percentage of growth of a fund that is due to new investments (under the

assumption of reinvestment of dividends and distributions). To prevent a potential

impact from the outliers, I winsorize the top and bottom one percent tails of the

net flow data.
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1.2.3 Summary Statistics

Table 1.1 reports the mean statistics of the full sample from 1985-2013.

From the full sample of fund-quarter observations from the first quarter of 1985

to the last quarter of 2013, observations at the fund-year level are obtained by

averaging quarterly raw return (%), return volatility (%), fund age (years), total net

assets ($ million), expense ratio (%), quarterly fund flows (%), and style volatility

for each fund and each year. Then, for each year, averages are taken over the funds

in the sample in that year.

The number of funds varies by year, with 333 funds in 1985 and 2160 funds

in 2013, which shows a general increasing trend. There is a decline in the number

of funds between 2008 and 2013, reflecting that fewer funds exist in the industry

after the 2008 financial crisis. The large negative fund return in 2008 also indicates

the financial crisis. The mutual funds experience large return volatility during the

late 1980s, the years 1999-2004 during the collapse of the dot.com bubble, and

then again during the period after the 2008 financial crisis. At the beginning of the

sample period, the average fund age is around 20 years, then it declines to around

9.5 years in the early 2000s. Since 2001, it has tended to increase. The average

fund size increases from $280 million in 1985 to $1438 million towards the end

of the period. The average expense ratio fluctuates during the early period in the

sample, with a declining trend. The average expense ratios incurred by mutual fund

investors have fallen substantially since 2004. In 2004, equity fund investors incur

expense ratios of 144 basis points on average, or 144 cents for every $100 invested.

By 2013, that average has fallen to 111 basis points, a decline of 33 percent. Over
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1985-2013, quarterly flows of funds increase from approximately 1.8% in 1985 to

6.2% in 1997, then drop to around 0.89% in 2013. The time series average of the

equally weighted flows for all mutual funds in the sample equals 2.28% per quarter.

Fund style volatility fluctuates around 20% during most of the sample period, with

a general declining trend.

To assess how the overall fund style volatility and its components change

overtime, I plot in Figure 1.2 the quarterly cross-sectional means of style volatility

over the sample period from 1985 to 2013. The overall style volatility measure,

which is depicted by the blue line, shows a general declining trend over time, with

one obvious spike around 2002. The time trend in value-growth dimension mimics

that of the overall style volatility. This indicates that the value-growth dimension

plays an essential role in driving the overall style shift for mutual funds. The style

volatility in the market capitalization dimension has declined dramatically from

approximately 0.2 in 1985 to approximately 0.06 in 2013. It shows two spikes: one

is in 2001, which is probably due to the dot.com bubble; the other is after the 2008

financial crisis.

Figure 1.3 illustrates how the relative contributions to SV of each of the

two style dimensions evolve over time. Book-to-market ratio plays a substantial

role in determining the overall level of a fund’s investment style volatility. The

annual contribution proportions for the value-growth style characteristic make

up for more than half of the volatility in the overall measure for all years in the

sample, ranging from 54% to 76%. The time-series average contribution proportion

for the value-growth factor is around 70%, while the size dimension accounts for
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approximately 30% of the variation of SV.

In order to assess the persistence of style volatility over time, I sort mutual

funds into deciles according to the distribution of style volatility. Table 1.2 reports

the transition probabilities of mutual funds sorted into SV deciles. The ten columns

report the transition probabilities for each SV decile over a twelve-quarter horizon

conditional on fund survival.

I find that there exists significant persistence of style shifting at short time

horizons. Table 1.2 shows the transition matrix three years after portfolio formation.

About 26% of funds in decile 1 remain in decile 1 and only 1.3% switch to decile

10; 32.9% of funds in decile 10 remain in decile 10 and only 1.2% switch to decile

1. Therefore, the tendency to shift style is persistent over 12 quarters.

1.3 Methodology and Empirical Results

1.3.1 Portfolio Analysis

This section investigates which types of funds are associated with mutual

funds having varying levels of style volatility. At the end of each quarter, starting

with the first quarter in 1985 and ending with the last quarter in 2013, I rank all

mutual funds on their style volatility during the prior twelve-quarter period (the

“ranking period”). Then, the quintile portfolios are formed and average measures

for each quintile portfolio during the ranking period are computed. I analyze the

future flow of funds after computing the style volatility measures to avoid any

potential issues of reverse causality.
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In the top five rows of Table 1.3, I show the average characteristics for the

style volatility quintile portfolios sorted by rank-method measures. The last two

rows report the characteristic differences between top and bottom quintiles and

the standard errors, clustered at the fund level, for the tests in which quintile 1

and quintile 5 have the same mean. Table 1.3 shows that many of the mutual fund

characteristics differ significantly across the groups. The funds in the highest SV

quintile have smaller assets under management and higher expenses. Furthermore,

funds with relatively high style volatility tend to have a higher mean growth rate of

assets, a higher return, and a higher return volatility. For example, funds that shift

style the most (in portfolio 5) exhibit an inflow of approximately 1.8% per quarter;

and funds with the most consistent style characteristics (in portfolio 1) have an

inflow of 0.3% per quarter.

To further control the impact from fund past performance, I also conduct

a double-sorting portfolio analysis. Every quarter, using all mutual funds in the

sample, I calculate the average fund returns over the past four quarters and each

fund’s style volatility over the prior 12 quarters. I then sort the funds into quintiles

based on past performance and then, within each quintile, I further divide the

funds into five portfolios based on past style volatility. Finally, I track the flows

of these 25-quintile portfolios in the following quarter. I rebalance the portfolios

quarterly.

Table 1.4 reports the flows of the sequential double-sorted portfolios at

the horizon of one quarter. I divide the funds into quintiles based on past fund

performance and fund style volatility. Finally, I compute the average quarterly
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post-ranking portfolio flows by taking the average over the entire time series. Diff

5-1 represents a zero investment long-short portfolio that is long on quintile 5 (best

performer or most volatile in style) and short on quintile 1 (worst performer or least

volatile in style). The number reported in the table is the future quarterly fund

flow, which is the net percentage growth in the fund’s assets under management.

I find that fund flows chase past fund performance, which is well docu-

mented in previous studies. In general, a fund’s past style volatility positively

predicts its subsequent fund flows for all performance ranges. The positive effect of

fund style volatility on fund flows is most significant for the worst past performers

and best past performers. For example, funds that shift style the most (in portfolio

5) exhibit an inflow of approximately 2% per quarter; and funds with the most

consistent style characteristics (in portfolio 1) have an inflow of 0.87% per quarter.

1.3.2 Multivariate Regression Results

In this section, I use a multivariate regression approach to examine the effect

of style volatility on the fund’s percentage growth in assets. Specifically, I regress

fund flows on fund style volatility and various fund characteristics including fund

size, fund age, fund performance, return volatility, and fund expense ratio. Using

this approach mitigates a concern that the relation between fund flow and style

volatility may be driven by their mutual relations with other fund characteristics.
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1.3.2.1 Baseline Results

The specification of the pooled cross-section regression is as follows:

Flowf ,t = α + β × StyleV olf ,t−1 +Controlsf ,t−1 +γt + εf ,t (1.6)

where Flowf ,t is the net percentage growth in fund assets from t − 1 to t as defined

in equation (1.5); StyleV olf ,t−1 is the standard deviation of fund overall style scores

as defined in equation (1.3), computed using data from date t − 12 to t − 1. Control

variables include: last quarter’s fund flow; average quarterly return over the prior

four quarters; lag logarithm of total net assets; the standard deviation of quarterly

fund returns over the prior twelve quarters (I require a minimum of 11 non-missing

return values to calculate the return volatility); lag fund expense ratio; and fund

age (computed from the difference in years between current year and the year

when the fund was first offered). I include lagged flows as one of the controls

since flows are highly persistent. Mutual funds with past inflows are expected

to receive additional capital by expanding their existing holdings. Mutual fund

flows with past outflows are expected to experience additional redemptions, further

liquidating their positions. The performance-chasing behaviour of fund investors

has been well documented in the mutual fund literature (e.g., Ippolito, 1992; Sirri

and Tufano, 1998; Del Guercio and Tkac, 2002). Many studies find that a small

fund or a young fund tends to grow faster (e.g., Chevalier and Ellison, 1997; Sirri

and Tufano, 1998; Del Guercio and Tkac, 2002; Barber, Odean, and Zheng, 2005). I

also include expense ratios since high fees will discourage investors (e.g., Barber

et al., 2005). Moreover, some studies (e.g., Sirri and Tufano, 1998) find that fund
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flows are negatively related to the volatility of past returns. The estimates from

the multivariate model in Equation (1.6) give us the marginal influence of the style

volatility conditional on the influence of the other variables on fund flows.

Table 1.5 reports the results for the regressions where parameters are esti-

mated for seven different combinations of the independent variables. All of the

seven models in Table 1.5 examine the role that investment style volatility plays in

predicting future fund flows. Each specification of these regressions is estimated

with year-quarter fixed-effects to control for unobserved heterogeneity in the cross-

section of funds caused by time passing. Furthermore, across all the specifications,

the standard errors are calculated by clustering along the fund dimension. This

approach addresses the concern that the errors might be correlated within the fund

even after conditioning on the explanatory variables.

Overall, the results strongly support the conclusion that style volatility and

fund flows are positively and meaningfully related. All specifications indicate a

significantly positive relation between style volatility and fund flows. For example,

the last column indicates that an increase in SV from 0 to 0.312 (corresponding

roughly to the difference in style volatility between portfolio 1 and portfolio 5

in Table 1.3) increases the fund flow by 0.75% per quarter. Another back-of-the-

envelope calculation shows that a one-standard deviation increase in style volatility

(0.11) is associated with a 0.3% increase in net flows during the next quarter. Since

12Since the standard deviation of the style volatility in the whole sample is about 0.1, the difference

in style volatility between the most volatile portfolio and the least volatile portfolio is approximately

in the magnitude of three standard deviations.
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the mean fund size in the sample is approximately 994 million dollars (shown

in Table 1.1), a one-standard deviation increase in style volatility is related to an

increase of about 3 million dollars to an average fund. Therefore, the impact of

style volatility on fund flows is also economically significant.

The coefficients on other explanatory variables conform to earlier findings

in the literature on fund flows. For example, fund flows respond positively to past

performance, consistent with Chevalier and Ellison (1997), Sirri and Tufano (1998),

and Huang et al. (2007). The expense ratio charged by a fund has a significantly

negative impact on fund flows. In addition, both fund age and size reduce the

fractional flow into a fund. The coefficient on past return volatility itself is signif-

icantly negative, which is the same as reported in Sirri and Tufano (1998). The

negative relation between flow and return volatility can be interpreted as a sign of

investor risk aversion, since high volatility discourages investment from risk averse

investors.

The corresponding results with model specifications where fund perfor-

mance is in piecewise linear specification are shown in Table A.1, which shows

qualitatively similar results.

1.3.2.2 Fund Flow, Style Volatility, and Performance

Moreover, the flow-style volatility relationship could vary across mutual

funds with different levels of past fund performance. Adding an interaction term

between style volatility and past performance would allow us to investigate this

variation. Therefore, I estimate the following model specifications where interaction
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terms between fund style volatility and fund performance, as well as a full set of

fund characteristics are included:

Flowf ,t =α + β1StyleV olf ,t−1 + β2,1f (P erff ,t−1) + β2,2StyleV olf ,t−1 ∗ f (P erff ,t−1)

+ β3TNAf ,t−1 + β4Agef ,t−1 + β5Ret V olf ,t−1 + β6Exp Ratiof ,t−1

+ β7Flowf ,t−1 +Quartert + Styles,t + εf ,t

(1.7)

where Flowf ,t is the net percentage growth in fund assets from t − 1 to t as de-

fined in equation (1.5); StyleV olf ,t−1 is the standard deviation of fund overall

style scores as defined in equation (1.3), computed using data from date t − 12

to t − 1; I consider two different functional forms for f (P erff ,t−1): one is just the

average fund raw returns during quarter t − 4 to t − 1 and the other functional

form follows Sirri and Tufano (1998) and estimates a piecewise linear specifica-

tion: f2(P erff ,t−1) = γLLow P erff ,t−1 + γMMid P erff ,t−1 + γHHigh P erff ,t−1 where

Low P erff ,t−1 = Min(P erf Rankf ,t−1,0.2) represents the 5th or bottom quintile,

Mid P erff ,t−1 =Min(0.6, P erf Rankf ,t−1 − Lowf ,t−1) represents the 2nd-4th perfor-

mance quintile, andHigh P erff ,t−1 = P erf Rankf ,t−1−Lowf ,t−1−Midf ,t−1 represents

the highest performance quintile. The performance coefficients γL, γM , and γH

capture the marginal flow-performance sensitivities in the bottom quintile, in the

three middle quintiles and in the top quintile, respectively. For example, a fund in

the 10th percentile would experience flows of 0.1×γL if all other covariates were

equal to zero. On the other hand, a fund in the 90th percentile would experience

flows of 0.2×γL + 0.6×γM + 0.1×γH if all the other covariates were zero. Therefore,
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this specification estimates a continuous piecewise linear specification; TNAf ,t−1

is the logarithm of fund total net assets (in million dollars) at t − 1; Agef ,t−1 is the

fund age at t−1 in years; Ret V olf ,t−1 is the standard deviation of fund returns over

t−12 to t−1; Exp Ratiof ,t−1 represents the fund expense ratio at t−1. Furthermore,

I control for possible autocorrelation in the dependent variable by including lagged

flows Flowf ,t−1. I also include time-fixed effects (year-quarter dummies) Quartert,

which control for factors such as temporal changes in the overall flow in the mu-

tual fund industry over time, which might further affect flows in individual fund.

Styles,t represents the fund style fixed effects. Fund fixed effects are used in some

specifications to control for time-invariant unobservable fund characteristics.

Table 1.6 presents regression results where the interaction term between

fund style volatility and fund performance, and a full set of controls are included.

The first four columns are based on the linear form of fund performance, whereas

the last four columns are based on the piecewise linear specification suggested

by Sirri and Tufano (1998). The dependent variable is the fund’s net percentage

growth in total net assets over this quarter. All regressions include time fixed

effects and style fixed effects and standard errors are clustered by fund to account

for autocorrelation in fund flows. Fund fixed effects are also included in some

specifications. I am mainly interested in the coefficients on style volatility and on

its interaction term with performance.

The first column in Table 1.6 shows the same results from last column from

Table 1.5. The second column shows that fund fixed effects have no large impact on

the relationship between style volatility and fund flows. Both columns indicate a
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positive relation between style volatility and the next quarter’s fund flow.

In the third and fourth columns, I include an interaction term between the

linear specification of fund past performance and overall style volatility. At the

mean performance level in the overall sample period (2.43% per quarter), when

the style volatility of a fund increases by 0.3, the fund’s assets will increase by

approximately 1.2% per quarter.13

I also consider piecewise linear specifications (Sirri and Tufano, 1998) for

past fund performance which are shown in the columns 5 to 8. Based on the esti-

mated parameters from column 5 and 6, the fund flow is positively related to style

volatility. Comparing the coefficients on SV from the fifth column with the first

column, I find that the specification of fund performance does not affect the relation

between style volatility and flows much. Fund flows respond positively to past

performance with a significantly greater flow sensitivity to high performance than

to low or medium performance, which is consistent to the literature. For example,

funds with performance ranks in the middle 60% (i.e., funds with performance

ranks between the 21st and 80th percentiles) experience inflows of around 6%, while

funds with top performance rank experience inflows of approximately 17%.

In the last two columns of Table 1.6, I also include the interaction terms

between performance ranks with style volatility. The coefficient for the interaction

between performance and style volatility is negative for high and low performance

ranges. For best-performing funds with low-range performance (0.2),14 a three

13(4.43 + (-18.4)*2.43%)*0.3 = 1.2%
14Recall Low P erf is defined as Low P erff ,t−1 =Min(P erf Rankf ,t−1,0.2), where P erf Rankf ,t−1 is
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percentage points increase in the style volatility is associated with an 0.2% increase

in fund flows.15 For an average fund which falls into the best performance range,

the top quintile, (i.e. assume the value of High P erf is 0.9), a three percentage

points increase in the style volatility is related to an 0.14% increase in fund flows.16

By including the interaction terms between fund performance rank and style

volatility in the regressions, I can also examine the impact of style volatility on the

flow-performance sensitivity at different performance levels. The changing fund

style characteristics may hamper the investors’ ability to assess fund performance

due to the noise, introduced by the volatility, in investors’ learning process. The

negative sign on the interaction term indicates that the style volatility has a damp-

ening effect on the flow-performance relationship. When the level of style volatility

is average (0.17), a one percentage point increase in quarterly fund returns increases

mutual fund flows by 0.17 percentage points in the next quarter. On the other hand,

when the level of uncertainty is one standard deviation above the average (0.28),

a one percentage point increase in quarterly returns only increases flows by 0.15

percentage point. Thus, the flow-performance relationship weakens by 12% when

style volatility increases by one standard deviation. In the model of Berk and Green

(2004), rational investors compete with each other to find skilled managers who can

deliver positive alpha. Because managerial skills are not observable to investors,

investors take superior past performance as a signal of skill. Investors move their

a number between 0 and 1.
15(4.74-20.1*0.2)*0.3 = 0.2%
16(4.74-20.1*0.2+5.9*0.6-14.4*0.1)*0.3 = 0.14
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money into superior performing funds and draw their money out of funds that per-

form poorly. Thus, the findings indicate that it is more difficult for fund investors

to infer manager ability from return realizations for those funds with higher style

volatility. Huang, Wei, and Yan (2012) find that the flow-performance sensitivity

is weaker for funds with more volatile past performance and longer track record.

Their paper provides the supporting evidence to validate an assumption employed

widely in theorists: investors are rational learners (Berk and Green, 2004). This

chapter provides another piece of evidence that there are sophisticated investors

who are capable of rational learning.

Overall, these results provide strong support for the hypothesis that fund

investors are attracted to funds with more volatile style strategy. This finding is

probably because fund managers actually have some market timing ability or they

are trying to cater to investor preferences.

1.3.2.3 Fama-Macbeth Regression Results

In the pooled regression specifications estimated above, the time fixed effects

are included. However, it is still possible that the residuals are correlated across

funds during a given period. To mitigate this concern, I adopt the methodology of

Fama and MacBeth (1973) to test for the roles that style volatility and performance

play in predicting flows on a cross-sectional basis. There are two main advantages

to this approach: 1) It allows for time-varying betas; 2) It computes standard errors

by getting around the problem of heteroskedastic and correlated errors.

In each period, the individual fund flows are regressed on past style volatility
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and other lagged fund characteristics. The coefficients estimated in each period

are recorded. The time series of coefficients is then used to estimate the mean and

standard deviation for each of the parameters. Table 1.7 exhibits the Fama-MacBeth

statistics for six different cross-sectional specifications, where the standard errors

are computed with Newey-West corrections of four lags. Fund style volatility

is strongly positively related to subsequent flows. Therefore, the results from

Fama-MacBeth regression are basically consistent with the pooled cross-section

regression results. They suggest that the general conclusions discussed above are

neither spurious nor driven by large samples.

1.3.2.4 The Characteristics of Style Volatility and Fund Flow

Figure 1.3 illustrates that the two separate style dimensions, size and value-

growth, are not represented equally in the overall style volatility measure as defined

in equation (1.3). Hence, it is likely that the volatility contributions of these

two characteristics might also differ in how they predict the fund’s future flows.

Therefore, I also run the following specification to investigate the impact that each

separate style volatility component has on fund flows:

Flowf ,t =α + β1,1SV MEf ,t−1 + β1,2SV BMf ,t−1 +Controlsf ,t−1

+Quartert + Styles,t + εf ,t
(1.8)

where SV MEf ,t−1 denotes the standard deviation in market size dimension of

fund f over the past twelve quarters from t − 12 to t − 1 and SV BMf ,t−1 denotes

the standard deviation in value-growth dimension of fund f over the past twelve

quarters from t − 12 to t − 1.
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Table 1.8 examines the impact of fund style volatility on fund flows when

the two separate components of overall style volatility are included, rather than

the overall style volatility measure. The size characteristic is positively correlated

to subsequent fund flows in a strong and significant way. The volatility along the

value-growth dimension is also positively correlated to subsequent fund flows in a

strong and significant way, while the magnitude of the impact of volatility along

the value-growth dimension is smaller than that along the market capitalization

dimension. In the last row of the table I report p-values of an F-test that investigates

whether the coefficients on SV ME equal the coefficients on SV BM. The results

indicate that coefficients between the two style volatility dimensions differ for the

first three specifications at the 10% significance level or better, whereas they are

not significantly different from each other for the last three specifications in which

more fund characteristics are controlled for. The results in the last specification

indicate that when the volatility along the size dimension increases by one standard

deviation, which is 0.11, the flows will be predicted to increase by 0.25%; when the

volatility along the value-growth dimension increases by one standard deviation,

which is 0.16, the average fund will experience an increase in inflow of about 0.25%.

Therefore, the volatility along the market capitalization plays a similar role as the

volatility along the value-growth dimension in affecting subsequent fund flows.

1.3.2.5 Long-term Effects of Fund Style Volatility

In previous analysis, I only examine the investors’ response in the current

quarter to the prior style volatility. However, it may take a longer time for investors
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to absorb the information and then make reactions accordingly. Therefore, this

section investigates the longer-term impact of style volatility.

Table 1.9 summarizes the long-term impact of style volatility on subsequent

fund flows. I form mutual fund portfolios using longer-term lags and report the

flows of mutual fund portfolios formed based on these lagged SV measures. The

first column repeats the flow results from Table 1.3, which use the SV measure in

the prior quarter to form portfolios. The remaining columns form portfolios based

on the lagged SV measures up to five quarters earlier. The higher flows of portfolio

5 (Most Volatile) remain statistically significant over the first five quarters after

the portfolio formation. Thus, style volatility can predict longer-term fund flows.

However, the difference in flows between portfolio 5 (Most Volatile) and portfolio 1

(Least Volatile) are getting smaller over time, as shown in the row “Diff 5-1”.

In order to control for additional fund characteristics, I use a multivariate re-

gression analysis to investigate the relation between style volatility and subsequent

fund flows over different time horizons. I run the following specification:

Flowf ,t+n =α + β1StyleV olf ,t−1 + β2,1f (P erff ,t−1) + β2,2StyleV olf ,t−1 ∗ f (P erff ,t−1)

+ β3TNAf ,t−1 + β4Agef ,t−1 + β5Ret V olf ,t−1 + β6Exp ratiof ,t−1

+ β7Flowf ,t−1 +Quartert + Styles,t + εf ,t+n

(1.9)

where Flowf ,t+n represents the percentage growth rate in total net assets from

t +n−1 to t +n, in which n equals 0, 1, 2, 3 and 4, corresponding to columns 1, 2, 3,
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4, and 5 in Table 1.10, respectively. The standard errors of the coefficients (reported

in brackets) have been adjusted for clustering at the fund level. Note that column 1

in Table 1.10 is same as column 3 in Table 1.6.

Table 1.10 shows that over time, the fund investors tend to respond less

sensitively to how the fund managers implement the style strategy. Over the next

four quarters, the impact of style volatility on fund flows tends to become smaller

in magnitude. Consistent with Sirri and Tufano (1998), I find that the sensitivity

of fund flows to longer-term performance is weaker than the sensitivity to shorter-

term performance measures. Furthermore, the impact of fund performance on

the relationship between fund flows and style volatility is getting smaller over

time. Table A.3 shows the corresponding results when the performance measure is

specified as a piecewise linear form, which delivers qualitatively similar results.

1.4 Robustness Tests

This section summarizes several robustness tests, which further strengthen

my conclusion that style volatility positively predicts fund flows, and style volatility

has a dampening effect on the flow-performance relationship.

1.4.1 Three-Dimensional Style Volatility: ME, BM, and Mom

There is no universally accepted definition for mutual fund style. For those

style definitions based on fund holdings, most previous studies do not agree on

which characteristics of these holdings should be taken into consideration to identify
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fund styles. For example, both Brown et al. (2015) and Wermers (2012) investigate

the impact of style volatility/style drift on fund performance based on three style

dimensions: size, book-to-market ratio, and return momentum. Therefore, in this

section, I define an alternative style volatility measure based on these three style

dimensions and investigate its impact on fund flows.17

Table 1.11 shows the pooled regression results when style volatility is defined

in these three style dimensions. When the three-dimensional style volatility is

included instead of the two-dimensional measure, the results are qualitatively

similar. Table 1.12 confirms that the size dimension is the most important factor in

affecting fund investors’ investing decisions.

1.4.2 Three-Dimensional Style Volatility: ME, BM, and Sector

The sector exposure can be considered as one style dimension of a mutual

fund. Therefore, in this section, I use the industry weight of each fund’s holdings

to define an alternative style volatility measure. Following Kacperczyk et al. (2005),

I aggregate the 48 industries proposed by Fama and French (1997) into 10 main

industry groups.18 I assign each stock held by a mutual fund to one of the ten

aggregated industries.

The value weight of industry i held by mutual fund f at time t is denoted as

wi,f ,t. Then the standard deviation of wi,f ,t, the value weight of industry i, over the

17See appendix A.1 for details.
18Kenneth French lists on his web page the SIC codes for a 48-industry classification

(http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data Library)
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past 12 quarters is defined as:

σi,f ,t =

√√√ 11∑
n=0

(wi,f ,t−n −Mwi,f )2

12− 1
(1.10)

where wi,f ,t−n is the value weight of industry i in mutual fund f in quarter t − n

and Mwi,f is the mean of these quarterly industry weights during the 12-quarter

measurement period.

Next the style volatility in the sector dimension is defined as the equally

weighted average of the volatility of the value weights across the ten industries:

σs,f ,t =
10∑
i=1

σi,f ,t
10

(1.11)

where σs,f ,t is the style volatility in the dimension s, which represents “sector”; σi,f ,t

represents the volatility of the value weight of industry i in fund f at time t, as

defined in equation (1.10).

Lastly, I define an alternative three-dimensional measure of overall style

volatility as the equally weighted average of the set of σc,f ,t (where c represents size,

B/M, and sector), which is given below:

SVf ,t =
σsize,f ,t + σBM,f ,t + σsector,f ,t

3
(1.12)

A portfolio with a lower (higher) style volatility means a more (less) predictable

implementation of its style strategy in the following three dimensions: market

capitalization, book-to-market ratio, and industry sector.

Table 1.13 presents the multivariate regression results when style volatility

is defined by the following three style dimensions: size, book-to-market ratio, and
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sector. The results indicate that funds with more volatile style strategy attract more

investors, which is consistent with the previous findings in this study.

1.5 Conclusion

In this study, I investigate the relationship between mutual fund flows

and fund style volatility. Investors seem to follow style shifters and assign great

attractiveness to those with high past style volatility. The evidence shown in this

study may suggest that fund managers may actually have some style timing ability

or they are catering to investors’ preferences.

Since it is theoretically ambiguous about how fund investors respond to

past style volatility, it is important to empirically examine the flow-style volatility

relation. This study employs both portfolio analysis and multivariate regression

analysis to conduct the research. The single-sorting portfolio analysis indicates

that the funds with a high level of style volatility tend to be smaller in fund assets,

and tend to have higher expense ratios, returns, return volatility, and flows. In the

double-sorting portfolio analysis, the funds are sorted into quintiles based on fund

performance first. Then within each performance quintile, the funds are further

divided into five portfolios. The results show that across all performance groups,

higher style volatility is associated with higher percentage growth in fund assets.

The main empirical results suggest that when style volatility increases by one

standard deviation, on average, the fund flows will grow by about 0.3% per quarter

accordingly. I find that style volatility matters even after controlling for fund size,
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fund performance, and other fund characteristics, and thus provide support for the

statement that manipulating fund styles is one way to attract fund flows. The firm

size characteristic appears to be a predominant source of the positive relationship

between fund flows and style volatility. The robustness tests show qualitatively

similar results. When alternative time horizons and alternative measures for style

volatility are considered, I find that those funds, which are associated with a larger

amount of variation in the style characteristics of their holdings, experience larger

growth in assets under management.

The findings in this chapter also have implications on the fund flow-performance

relationship. Huang et al. (2012) find that there are age and return volatility damp-

ening effects on the mutual fund flow-performance relationship. This chapter

finds that there is also a style volatility dampening effect on the flow-performance

relationship. This finding may suggest that investors might perceive the past fund

performance to be a less informative signal for investment ability of fund managers

who follow a more volatile style strategy.
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Figure 1.1: The Style Drift of Fidelity Magellan Fund

This figure shows how the style classification for Fidelity Magellan Fund evolved over time. The

vertical axis of the style box is divided into three categories, which are based on market capitalization.

The horizontal axis is also divided into three categories, based on book-to-market ratio. The vertical

and horizontal axes can be used together to classify a mutual fund into one of nine style categories:

Large Value, Large Blend, Large Growth, Medium Value, Medium Blend, Medium Growth, Small

Value, Small Blend and Small Growth.
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Figure 1.2: The Time Trend of Style Volatility Measure

The Style volatility measure is defined from rank method based on two style dimensions: market

capitalization and book-to-market ratio. The data frequency is quarterly.
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Figure 1.3: Relative Contributions to Overall SV Measure

This figure shows the percentage contribution of two separate investment style components: market

capitalization and book-to-market ratio.
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Table 1.1: Summary Statistics of Mutual Fund Characteristics Over Time

Year N Return Ret Vol Age TNA Exp Ratio Flow SV

(%/qt) (%) Years ($M) (%) (%)

1985 333 6.33 9.07 20.39 280.01 1.05 1.81 0.21

1986 384 3.58 8.26 18.77 328.23 1.05 2.02 0.21

1987 430 1.52 8.86 17.73 375.6 1.13 2.32 0.2

1988 457 3.3 11.82 17.33 320.24 1.3 -1.57 0.2

1989 495 5.88 10.77 17.33 356.1 1.34 0.35 0.2

1990 530 -1.06 9.66 17.2 370.38 1.33 1.62 0.19

1991 612 7.83 8.73 16.34 430.2 1.17 3.66 0.19

1992 775 2.34 9.24 14.81 476.05 1.31 6.42 0.2

1993 957 3.57 8.59 13.24 564.23 1.27 6.32 0.19

1994 1113 -0.24 6.08 11.73 542.13 1.27 4.66 0.18

1995 1240 6.84 5.61 11.07 665.7 1.28 5.04 0.19

1996 1380 4.46 5.31 10.74 853.4 1.29 5.73 0.19

1997 1622 5.5 5.46 9.68 987.19 1.29 6.17 0.18

1998 1597 4.39 6.82 9.91 1252.04 1.23 3.75 0.17

1999 1851 7.38 10.46 10.08 1458.54 1.25 1.7 0.19

2000 1997 -0.08 12.28 9.74 1556.04 1.25 3.89 0.21

2001 2312 -1.48 13.56 9.4 1125.89 1.26 3.08 0.19

2002 2483 -5.58 13.68 9.49 920.25 1.32 2.29 0.18

2003 2739 7.7 12.82 9.77 814.59 1.43 3.42 0.18

2004 2535 3.14 12.48 10.21 980.72 1.44 2.53 0.17

2005 2532 2.02 9.45 10.68 1077.7 1.39 2.25 0.16

2006 2502 3.34 6.4 11.13 1190.73 1.37 1.55 0.16

2007 2713 1.79 5.21 11.14 1276.98 1.29 1.43 0.15

2008 3006 -11.27 6.03 11.17 930.43 1.24 1.71 0.16

2009 2850 7.95 11.07 11.61 768.27 1.2 0.9 0.16

2010 2644 4.68 13.17 12.36 936.44 1.19 0.43 0.15

2011 2533 -0.23 13.76 13.18 1048.09 1.15 0.24 0.14

2012 2342 3.79 11.1 14.13 1149.81 1.12 -0.9 0.13

2013 2160 7.13 9.78 14.99 1438.74 1.11 0.89 0.13

1985-2013 4598 2.43 9.92 11.7 994.16 1.27 2.28 0.17

This table reports summary statistics of our full sample from 1985-2013. At the end of each year, I

calculate the cross-sectional mean value of the following fund characteristics: quarterly fund return, return

volatility, fund age, total net assets, expense ratios, average quarterly flow per fund, and style volatility.
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Table 1.2: Transition Matrix of Style Volatility Deciles

Current Twelve Quarters After Portfolio Formation

Decile 1 2 3 4 5 6 7 8 9 10

1 25.93 17.93 15.56 11.41 10.52 8.44 4.89 2.52 1.48 1.33

2 17.35 15.69 15.18 13.14 12.63 9.95 8.42 4.34 2.3 1.02

3 13.72 16.23 15.7 14.38 12.4 9.63 7.78 5.28 3.56 1.32

4 10.69 13.19 13.72 14.12 12.14 10.29 10.16 7.65 5.94 2.11

5 8.9 12.03 13.78 11.78 10.28 12.16 11.65 10.53 7.39 1.5

6 6.77 9.24 11.2 13.8 13.8 11.72 11.33 11.72 7.29 3.13

7 5.7 9.28 12.47 11.54 11.94 13.66 12.33 9.95 8.89 4.24

8 4.97 7.38 7.79 8.72 12.08 14.09 11.68 13.15 11.54 8.59

9 3.38 5.92 5.92 6.48 8.45 11.97 10.99 15.49 14.65 16.76

10 1.15 3.74 3.02 4.31 5.46 5.6 8.19 13.36 22.27 32.9

This table reports the transition probabilities for mutual funds conditional on surviving for three years. All probabilities

are expressed in %.
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Table 1.3: The Fund Characteristics with High SV vs. Low SV

SV Portfolio SV Mean TNA Return Ret.Vol. Exp ratio Flow

($mil) (%/qt) (%) (%/qt)

Q1(Least Volatile) 0.0678 2249.613 2.1558 8.4704 1.0359 0.3139

Q2 0.1046 1445.912 2.2643 9.1283 1.1551 0.1982

Q3 0.1394 1074.332 2.4704 9.8078 1.2331 0.4183

Q4 0.1885 791.8252 2.589 10.6618 1.3566 1.1266

Q5(Most Volatile) 0.3295 449.2899 2.4757 11.7786 1.5087 1.7843

Diff 5-1 -1800*** 0.3199*** 3.3083*** 0.4728*** 1.4704***

se 291.1372 0.0469 0.0612 0.013 0.1152

At the end of each quarter starting the first quarter in 1985 and ending the last quarter in

2013, all mutual funds in the sample are ranked based on their style volatility during the prior

twelve-quarter period (the “ranking period”). Then, the quintile portfolios are formed and

average measures for each quintile portfolio during the ranking period are computed. In the top

five rows of this table, I show the average characteristics for the style-volatility quintile portfolios.

The last two rows report the characteristic differences between top and bottom quintiles and the

standard errors for the tests that quintile 1 and quantile 5 have the same mean. The standard

errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of

10%, 5% and 1% level, respectively.
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Table 1.4: Fund Performance, Style Volatility, and Fund Flow: Portfolio Double Sorting

Fund Performance Mutual Fund Style Volatility Quintile

Quintile 1(Least Vol.) 2 3 4 5(Most Vol.) Diff 5-1 s.e.

1(Worst) -2.74 -3.14 -3.28 -3.13 -1.87 0.87*** 0.2

2 -1.16 -1.21 -1.5 -1.72 -0.84 0.32 0.19

3 0.21 -0.05 -0.12 0.01 0.51 0.3 0.17

4 1.8 1.2 1.75 1.85 2.48 0.68** 0.2

5(Best) 3.73 4.67 5.51 6.6 5.81 2.09*** 0.26

Diff 5-1 6.46*** 7.81*** 8.79*** 9.73*** 7.68***

s.e. 0.2 0.18 0.19 0.22 0.29

The table examines how the fund flows vary according to past fund performance and fund style

volatility. I first sort the sample on fund performance and then on fund style volatility. I form five

fund performance quintiles based on past fund net returns and, within each quintile, I further

divide into five portfolios based on fund style volatility. I rebalance these portfolios quarterly. I

then compute the time-series averages of quarterly cross-sectional averages of fund flows for each

mutual fund portfolio. The column Diff 5-1 represents a zero investment long-short portfolio

that is long on quintile 5 (most volatile in style strategy) and short on quintile 1 (least volatile

in style). The row ”Diff 5-1” indicates a zero investment long-short portfolio that is long on

quintile 5 (past best performer) and short on quintile 1 (past worst performer). Standard errors

correspond to the test of same mean and are clustered at the fund level. Asterisks *, **, and ***

denote significance at the level of 10%, 5% and 1% level, respectively.
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Table 1.5: The Impact of Style Volatiltiy on Fund Flows

Dependent Variable: Fund Flow (%)

(1) (2) (3) (4) (5) (6) (7)

SV 5.354∗∗∗ 4.137∗∗∗ 2.708∗∗∗ 1.021∗ 2.450∗∗∗ 2.549∗∗∗ 2.513∗∗∗

[0.715] [0.589] [0.545] [0.553] [0.592] [0.598] [0.595]
Lag Flow 0.195∗∗∗ 0.187∗∗∗ 0.189∗∗∗ 0.196∗∗∗ 0.196∗∗∗ 0.193∗∗∗

[0.010] [0.010] [0.010] [0.011] [0.011] [0.011]
Perf 15.58∗∗∗ 16.13∗∗∗ 15.61∗∗∗ 15.61∗∗∗ 15.56∗∗∗

[0.503] [0.510] [0.494] [0.495] [0.496]
Log(TNA) -0.506∗∗∗ -0.362∗∗∗ -0.373∗∗∗ -0.288∗∗∗

[0.031] [0.029] [0.031] [0.031]
Ret. Vol. -0.140∗∗∗ -0.138∗∗∗ -0.145∗∗∗

[0.016] [0.016] [0.016]
Exp Ratio -0.118 -0.156

[0.114] [0.113]
Age -0.0437∗∗∗

[0.004]
Time FE Yes Yes Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes Yes Yes

Observations 144,309 143,576 140,227 140,227 131,323 131,323 131,323
Adjusted R2 0.012 0.051 0.077 0.080 0.084 0.084 0.085

This table reports results for the 1985-2013 sample period of the regression of future fund

flow on investment style volatility (SV). Additional control regressors include lagged fund

flow (Lag Flow), the logarithm of total net fund assets (Log(TNA)), fund age (Age), fund raw

quarterly return over prior four quarters (Perf), fund return volatility (Ret. Vol.) and fund

expense ratio (Exp Ratio). The coefficients are estimated using the pooled OLS approach.

Time fixed-effects and style fixed-effects are included. Standard errors are clustered at the

fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5% and 1% level,

respectively.
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Table 1.6: Fund Performance, Style Volatility, and Fund Flows: Regression Results

Dependent Variable: Fund Flow (%)
(1) (2) (3) (4) (5) (6) (7) (8)

SV 2.513∗∗∗ 2.525∗∗∗ 4.428∗∗∗ 4.588∗∗∗ 2.778∗∗∗ 3.783∗∗∗ 4.744∗∗ 5.631∗∗∗

[0.595] [0.838] [0.609] [0.855] [0.596] [0.835] [1.893] [1.992]
Perf 15.56∗∗∗ 15.99∗∗∗ 20.46∗∗∗ 20.61∗∗∗

[0.496] [0.503] [0.764] [0.825]
SV*Perf -18.35∗∗∗ -17.10∗∗∗

[2.134] [2.299]
Low Perf 6.680∗∗∗ 8.145∗∗∗ 10.21∗∗∗ 11.42∗∗∗

[1.129] [1.164] [2.359] [2.435]
Mid Perf 6.143∗∗∗ 5.574∗∗∗ 5.056∗∗∗ 4.622∗∗∗

[0.241] [0.245] [0.503] [0.519]
High Perf 17.21∗∗∗ 17.74∗∗∗ 20.26∗∗∗ 20.24∗∗∗

[1.374] [1.436] [2.447] [2.561]
SV*Low Perf -20.10 -18.52

[12.230] [12.497]
SV*Mid Perf 6.800∗∗ 5.932∗

[3.162] [3.256]
SV*High Perf -17.66 -14.45

[12.715] [13.646]
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes Yes Yes Yes
Fund FE No Yes No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes

Observations 131323 131323 131323 131323 131323 131323 131323 131323
Adjusted R2 0.085 0.131 0.087 0.132 0.089 0.132 0.089 0.132

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all re-

gression specifications is the capital flow to mutual fund f in quarter t scaled by the fund’s total net assets

at the end of the previous quarter. The main independent variables include SV , the fund’s overall style

volatility computed over quarter t − 12 to t − 1. For the first four columns, the fund performance is speci-

fied as the average fund returns over past four quarters. For the last four columns, the fund performance

has a piecewise linear specification. The control variables include the logarithm of fund size as proxied by

lagged total net asset value, lagged expense ratio, lagged fund flow, lagged fund age, and the volatility of

fund returns over prior 12 quarters. Year-quarter fixed effects, fund style fixed effects and fund fixed effects

are included where indicated. Standard errors are clustered at the fund level to account for autocorrelation

in fund flows and they are shown in the brackets below the coefficient estimates. Asterisks *, **, and ***

denote significance at the level of 10%, 5% and 1% level, respectively.
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Table 1.7: The Impact of Style Volatility on Fund Flows-Fama MacBeth

Dependent Variable: Fund Flow (%)
(1) (2) (3) (4) (5) (6)

SV 4.477∗∗∗ 1.560∗ 7.061∗∗∗ 4.372∗∗∗ 1.857∗∗ 4.275∗∗

[1.187] [0.879] [1.703] [1.219] [0.916] [2.113]
Perf 26.92∗∗∗ 24.51∗∗∗ 35.61∗∗∗

[1.871] [1.446] [2.580]
SV*Perf -44.13∗∗∗

[7.733]
Low Perf 8.609∗∗∗ 7.397∗∗∗ 12.30∗∗∗

[1.771] [1.355] [2.664]
Mid Perf 7.181∗∗∗ 6.183∗∗∗ 4.670∗∗∗

[0.572] [0.407] [0.817]
High Perf 25.80∗∗∗ 18.32∗∗∗ 20.40∗∗∗

[2.515] [2.030] [2.939]
SV*Low -24.52∗

[14.688]
SV*Mid 7.999∗

[4.224]
SV*High -10.62

[15.412]
Controls No Yes Yes No Yes Yes

Observations 141027 131804 131804 141027 131804 131804
R2 0.060 0.137 0.144 0.062 0.140 0.150

This table reports results from Fama-MacBeth regressions of mutual fund flows on lagged style

volatility, lagged fund returns and other lagged fund characteristics. These reported coefficient

estimates and statistics are derived from a two-step procedure: 1. At each date t, I run a cross

sectional regression of fund flows on past style volatility, past fund performance and other fund

characteristics, and obtain a time series of estimates; 2. I compute the time-series average of

periodic cross-sectional regression coefficients. Standard errors of the Fama-MacBeth estimates

are computed with Newey-West corrections of four lags. The reported R2 is the average across

all cross-sectional regressions. Asterisks *, **, and *** denote significance at the level of 10%, 5%

and 1% level, respectively.
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Table 1.8: The Characteristics of Style Volatility and Fund Flows

Dependent Variable: Fund Flow (%)

(1) (2) (3) (4) (5) (6)

SV ME 4.379∗∗∗ 4.158∗∗∗ 3.263∗∗∗ 1.902∗∗∗ 1.510∗∗∗ 2.319∗∗∗

[0.673] [0.761] [0.619] [0.550] [0.567] [0.690]

SV BM 1.946∗∗∗ 1.984∗∗∗ 1.511∗∗∗ 1.094∗∗∗ 1.137∗∗∗ 1.579∗∗∗

[0.466] [0.481] [0.392] [0.372] [0.387] [0.473]

Lag Flow 0.195∗∗∗ 0.187∗∗∗ 0.193∗∗∗

[0.010] [0.010] [0.011]

Perf 15.57∗∗∗ 15.55∗∗∗ 19.82∗∗∗

[0.503] [0.496] [0.621]

Fund Age -0.0437∗∗∗ -0.0640∗∗∗

[0.004] [0.005]

Log(TNA) -0.287∗∗∗ -0.168∗∗∗

[0.031] [0.037]

Ret. Vol. -0.145∗∗∗ -0.181∗∗∗

[0.016] [0.020]

Exp Ratio -0.158 -0.168

[0.113] [0.132]

Time FE Yes Yes Yes Yes Yes Yes

Style FE No Yes Yes Yes Yes Yes

Observations 144945 144309 143576 140227 131323 131323

Adjusted R2 0.012 0.012 0.051 0.077 0.085 0.050

p-value for F-test 0.0076∗∗∗ 0.0286∗∗ 0.0293∗∗ 0.2701 0.6107 0.4082

(SV ME = SV BM)

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all

regression specifications is the capital flow to mutual fund f in quarter t scaled by the fund’s total net

assets at the end of the previous quarter. The main independent variables include SV ME, the fund’s style

volatility computed over quarter t − 12 to t − 1 in the market capitalization dimension and SV BM, the

volatility computed over quarter t−12 to t−1 in the value-growth dimension. The coefficients are estimated

using the pooled OLS approach. Time and style fixed effects are included in all regression specifications,

and standard errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level

of 10%, 5% and 1% level, respectively.
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Table 1.9: Longer-term Impact of Style Volatility: Portfolio Analysis

SV Number of Lags in Quarters
Portfolio 1 2 3 4 5

Q1 (Least Volatile) 0.31 0.23 0.14 0.06 -0.04
Q2 0.2 -0.02 -0.12 -0.13 -0.22
Q3 0.42 0.43 0.4 0.24 0.18
Q4 1.13 1.02 0.88 0.83 0.72
Q5 (Most Volatile) 1.78 1.63 1.37 1.13 0.99

Diff 3-1 0.10 0.20 0.27* 0.19 0.22
se 0.16 0.16 0.16 0.16 0.16
pval 0.52 0.21 0.09 0.23 0.16

Diff 5-1 1.47*** 1.41*** 1.23*** 1.07*** 1.03***
se 0.19 0.19 0.19 0.19 0.19
pval 0.00 0.00 0.00 0.00 0.00

This table reports quarterly flows of portfolios of mutual funds sorted according to the prior

style volatility measures. The flow of the fund portfolios is computed based on the style volatility

measures of funds over the prior one to five quarters. All flows are expressed in % per quarter.

The standard errors are clustered at fund level. Asterisks *, **, and *** denote significance at the

level of 10%, 5% and 1% level, respectively.
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Table 1.10: The Impact of Style Volatility on Flows over Diff Horizons

Fund Flows Over Future Quarters (%)
(t-1,t) (t,t+1) (t+1,t+2) (t+2,t+3) (t+3,t+4)

SV 4.428∗∗∗ 4.732∗∗∗ 4.346∗∗∗ 4.072∗∗∗ 3.754∗∗∗

[0.609] [0.651] [0.657] [0.677] [0.705]
Perf 20.46∗∗∗ 17.42∗∗∗ 14.76∗∗∗ 12.18∗∗∗ 10.33∗∗∗

[0.764] [0.729] [0.720] [0.734] [0.698]
SV*Perf -18.35∗∗∗ -19.29∗∗∗ -19.66∗∗∗ -18.05∗∗∗ -17.97∗∗∗

[2.134] [2.105] [2.062] [2.196] [2.147]
Controls Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes

Observations 131323 127385 123637 119973 116424
Adjusted R2 0.087 0.069 0.059 0.045 0.035

This table reports forecasting regressions of future mutual fund flows. The dependent variable in

all columns is the percentage growth rate in fund assets to mutual fund f . Flowf ,t+n represents

the percentage growth rate in total net assets from t+n−1 to t+n, in which n equals 0, 1, 2, 3 and

4, corresponding to columns (1), (2), (3), (4) and (5) in the above table. The main independent

variables include SV , the fund’s overall style volatility computed over quarter t − 12 to t − 1,

the fund performance, specified as the average fund returns over the past four quarters, and

the interaction term between them. The control variables include the logarithm of fund size as

proxied by lagged total net asset value, lagged expense ratio, lagged fund flow, lagged fund age,

and the volatility of fund returns over prior 12 quarters. All regressions include an intercept

(not reported). The coefficients are estimated using the pooled OLS approach. Year-quarter fixed

effects and fund style fixed effects are included where indicated. Standard errors are clustered at

the fund level to account for autocorrelation in fund flows and are shown in the brackets below

the coefficient estimates. Asterisks *, **, and *** denote significance at the level of 10%, 5% and

1% level, respectively.
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Table 1.11: The Impact of Style Volatility (Three-dimension) on Fund Flows

Dependent Variable: Fund Flow (%)
(1) (2) (3) (4) (5) (6) (7) (8)

SV 2.140∗∗∗ 0.698 4.364∗∗∗ 2.928∗∗∗ 1.984∗∗∗ 1.134 7.605∗∗∗ 6.525∗∗∗

[0.541] [0.861] [0.571] [0.864] [0.540] [0.858] [1.747] [1.947]
Perf 15.81∗∗∗ 16.02∗∗∗ 23.52∗∗∗ 23.53∗∗∗

[0.517] [0.526] [0.907] [0.967]
SV*Perf -22.80∗∗∗ -22.04∗∗∗

[2.076] [2.188]
Low Perf 8.177∗∗∗ 9.033∗∗∗ 15.14∗∗∗ 15.02∗∗∗

[1.149] [1.193] [2.552] [2.711]
Mid Perf 5.463∗∗∗ 5.090∗∗∗ 5.916∗∗∗ 5.909∗∗∗

[0.235] [0.241] [0.592] [0.609]
High Perf 16.20∗∗∗ 15.99∗∗∗ 20.08∗∗∗ 19.69∗∗∗

[1.300] [1.328] [2.738] [2.904]
SV*Low Perf -25.37∗∗ -21.27∗∗

[9.911] [10.651]
SV*Mid Perf -2.553 -4.141

[2.704] [2.770]
SV*High Perf -13.59 -12.71

[11.363] [12.271]
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes Yes Yes Yes
Fund FE No Yes No Yes No Yes No Yes

Observations 131306 131306 131306 131306 131306 131306 131306 131306
Adjusted R2 0.086 0.131 0.088 0.133 0.088 0.130 0.088 0.131

The style volatility measure in this table is based on three style dimensions: market capitalization, book-to-market ratio,

and momentum. More specifically, variable SV is computed based on this equation: SVf ,t = (σME,f ,t +σBM,f ,t +σMom,f ,t)/3.

The standard errors are clustered at the fund level. *, **, and *** denote significance at the level of 10%, 5% and 1% level,

respectively.
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Table 1.12: The Characteristics of SV (Three-dimension) and Fund Flows

Dependent Variable: Fund Flow (%)
(1) (2) (3) (4) (5) (6)

SV ME 4.594∗∗∗ 4.091∗∗∗ 3.229∗∗∗ 1.907∗∗∗ 1.377∗∗ 2.126∗∗∗

[0.680] [0.764] [0.622] [0.552] [0.555] [0.676]
SV BM 2.496∗∗∗ 2.393∗∗∗ 1.878∗∗∗ 1.065∗∗∗ 0.871∗∗ 1.138∗∗

[0.530] [0.538] [0.438] [0.410] [0.416] [0.511]
SV Mom -1.125∗∗∗ -0.931∗∗ -0.797∗∗ -0.0953 0.352 0.635

[0.419] [0.423] [0.341] [0.321] [0.342] [0.416]
Lag Flow 0.195∗∗∗ 0.187∗∗∗ 0.193∗∗∗

[0.010] [0.010] [0.011]
Perf 15.80∗∗∗ 15.76∗∗∗ 20.19∗∗∗

[0.527] [0.517] [0.642]
Fund Age -0.0437∗∗∗ -0.0642∗∗∗

[0.004] [0.005]
Log(TNA) -0.288∗∗∗ -0.168∗∗∗

[0.032] [0.037]
Ret. Vol. -0.148∗∗∗ -0.187∗∗∗

[0.017] [0.021]
Exp Ratio -0.160 -0.177

[0.114] [0.133]
Time FE Yes Yes Yes Yes Yes Yes
Style FE No Yes Yes Yes Yes Yes

Observations 144928 144292 143559 140210 131306 131306
Adjusted R2 0.012 0.014 0.052 0.077 0.086 0.050

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all regression speci-

fications is the capital flow to mutual fund f in quarter t scaled by the fund’s total net assets at the end of the previous

quarter. The main independent variables include SVME, the fund’s style volatility computed over quarter t−12 to t−1

in the market capitalization dimension, SVBM, the volatility computed over quarter t − 12 to t − 1 in the value-growth

dimension and SVMom, the volatility computed over quarter t − 12 to t − 1 in the return momentum dimension. The

coefficients are estimated using the pooled OLS approach. Time fixed effects and style fixed effects are included in some

specifications. The standard errors are clustered at the fund level. *, **, and *** denote significance at the level of 10%,

5% and 1% level, respectively.
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Table 1.13: The Impact of Style Volatility on Fund Flows: Sector

Dependent Variable: Fund Flow (%)

(1) (2) (3) (4) (5) (6) (7)

SV 7.580∗∗∗ 5.853∗∗∗ 3.786∗∗∗ 1.244 3.253∗∗∗ 3.407∗∗∗ 3.360∗∗∗

[1.009] [0.826] [0.760] [0.772] [0.826] [0.835] [0.829]

Lag Flow 0.195∗∗∗ 0.187∗∗∗ 0.189∗∗∗ 0.196∗∗∗ 0.196∗∗∗ 0.193∗∗∗

[0.010] [0.010] [0.010] [0.011] [0.011] [0.011]

Perf 15.57∗∗∗ 16.13∗∗∗ 15.61∗∗∗ 15.60∗∗∗ 15.56∗∗∗

[0.502] [0.509] [0.494] [0.495] [0.495]

Log(TNA) -0.507∗∗∗ -0.362∗∗∗ -0.373∗∗∗ -0.288∗∗∗

[0.031] [0.029] [0.031] [0.031]

Ret. Vol. -0.139∗∗∗ -0.138∗∗∗ -0.145∗∗∗

[0.016] [0.016] [0.016]

Exp Ratio -0.120 -0.157

[0.114] [0.113]

Age -0.0437∗∗∗

[0.004]

Time FE Yes Yes Yes Yes Yes Yes Yes

Style FE Yes Yes Yes Yes Yes Yes Yes

Observations 144251 143518 140175 140175 131282 131282 131282

Adjusted R2 0.012 0.051 0.077 0.080 0.084 0.084 0.085

This table reports forecasting regressions of future mutual fund flows on style volatility

and other controls. The style volatility measure employed in this table is defined across

three style dimensions: market capitalization, book-to-market ratio and sectors.
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Chapter 2

The Response of Fund Flows to Past Risk Over

Business Cycle

2.1 Introduction

The mutual fund is one of the most important investment vehicles in the

United States. The combined assets of the nation’s mutual funds reached to $15

trillion in 2013, according to Investment Company Institute (ICI), a mutual fund

research company. Approximately 96 million individuals and 46.3% of all house-

holds in the United States owned at least one mutual fund in 2013. Demand for

mutual funds increased in 2012 with net new cash flows of all types of mutual

funds totalling $196 billion.1 Given its important role in the financial markets, it is

crucial to have a better understanding on how fund investors make their investment

decisions in mutual funds.

Previous studies (e.g., Chevalier and Ellison, 1997; Sirri and Tufano, 1998)

find that mutual fund investors chase past performance. However, the role of

risk on investment decisions is less understood. It is interesting to investigate

1The relevant statistic information is available at https : //www.ici.org/pdf /2014 f actbook.pdf
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whether investors take into account risk when they make decisions, since risk is

one important aspect of a fund. In this chapter, I ask how mutual fund investors

respond to past fund risk and how this flow-risk sensitivity varies across different

market conditions.

It is important to investigate the determinants of fund flows for three rea-

sons.2 First, fund flows affect how much mutual fund managers are compensated.

Portfolio managers are primarily incentivized through fund flows. Because man-

agement fees are typically a fixed percentage of assets under management, funds

with good performance are able to collect more capital from investors and hence

their managers are paid with higher remunerations. Second, mutual fund flows

have a crucial impact on money flow in the economy. Fund flows affect how the

capital markets allocate the financial resources through their effects on asset prices.

Take the emerging market funds as an example. The fund flows affect the capital

flows into a particular developing country or a particular group of developing

countries. Hence, fund flows influence which companies, sectors, and countries

obtain financial resources. Third, fund flows can exert externalities on the remain-

ing fund investors. They can require fund managers to adjust their portfolios and

change their investment strategies. For example, mutual fund flows can be costly

for investors. As shown in previous studies (e.g., Edelen, 1999; Coval and Stafford,

2Sialm et al. (2015) is one of the first papers to systematically summarize the importance of

understanding the determinants of fund flows. They present three reasons to support having a

better understanding of the impact of defined contribution plans on fund flows and their sensitivity

to fund performance.
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2007), following substantial outflows, funds need to adjust their portfolios and

conduct costly and unprofitable trades, which damage the future returns and hurt

the remaining long term investors.

Fund risk is one of a fund’s most fundamental investment characteristics and

thus is expected to have a substantial impact on flows. The well-documented convex

response of flows to past performance suggests that expected flow to highly volatile

funds is higher than the expected flow to lower volatile funds, all else being equal.

Dybvig, Farnsworth, and Carpenter (2010) argue that volatility should be part

of an optimal incentive contract when managers’ information and effort are both

unobservable. Since funds with more volatile risk-adjusted performance are more

easily differentiated from “closet indexers”, they are more likely managed by higher

ability managers and thus are expected to receive higher expected flows. However,

standard arguments regarding risk aversion state that investors should respond

negatively to risk, since high volatility discourages investment from risk averse

investors. Volatile funds in general attract fewer inflows for any given performance.

Therefore, the sign of relationship between fund flow and past risk is theoretically

indeterminate.

Hence, it remains an empirical question whether the fund flows of mutual

fund investors are sensitive to fund risks and if so, which way. However, the extant

empirical findings are mixed and remain unclear. A number of papers find that

investor flows respond negatively to past fund risk. Sirri and Tufano (1998) find that

consumers are averse to risk, given the negative coefficient on the standard deviation

of lagged monthly returns, though the coefficient is only marginally significant.
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Barber et al. (2005) find there is a negative relationship between monthly return

volatility and fund flows. Spiegel and Zhang (2013) find that flows have a negative,

though often statistically insignificant, relation to risk. Clifford et al. (2011) find

that net flows show aversion to risk. However, other papers find the opposite

results. O’Neal (2004), Cashman et al. (2012), and Cashman et al. (2014) find that

flows have a positive relation to risk. Huang et al. (2012) find that as a measure

of the direct impact of performance volatility on fund flows, the coefficient on

volatility (risk) itself is significantly positive. Despite the mixed empirical findings

on the fund flow-risk relationship, the existing work examines this relationship

unconditional on the state of the economy.3

Prior research suggests that market conditions may affect properties of

underlying assets, investment strategies of fund managers, fund performance, and

capital allocation decisions of investors. For instance, Kacperczyk, Nieuwerburgh,

and Veldkamp (2014) find that mutual fund managers exhibit more stock picking

ability in booms and more market timing ability in recessions. Glode, Hollifield,

Kacperczyk, and Kogan (2012) find that mutual fund returns are predictable after

periods of high market returns but not after periods of low market returns. The

authors attribute the finding to more unsophisticated investors entering into mutual

funds during the up market, hence resulting in less competitive capital allocation.

Previous literature studies the mutual fund investor flow-risk sensitivity

unconditional on the state of the economy. A growing body of research suggests

3Starks and Sun (2016) investigate how policy uncertainty influences investor learning and find

that the fund flow-performance sensitivity decreases in economic policy uncertainty.
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that investors’ risk aversion and risk premia are time-varying. For instance, Camp-

bell and Cochrane (1999) develop a consumption-based asset-pricing model that

assumes a time-varying risk. The authors also provide empirical evidence that

phenomena such as the long-run stock return predictability can be explained with

a model which incorporates time-varying risk aversion. Investor psychology docu-

mented by Barber and Odean (2008) suggests that investors become more cautious

and frustrated by sluggish economy and they attempt to hunt for more safe invest-

ments compared with their existing ones. If mutual fund investors are generally

risk-averse, they might become more risk averse in down markets, probably because

their marginal utility increases. However, if investor flows are risk seeking, they are

expected to become less risk seeking (care less about risks) in good economy, possi-

bly because they are not fully rational and only become aware about risks under

poor market returns. Motivated by the hypothesis that time-varying risk aversion

may also be underlying the investment decisions of mutual fund investors, this

study takes a conditional perspective in analyzing flow-risk sensitivity in mutual

fund industry, which is also the main contribution of this study.

In this study, I use three different measures for economic conditions: an

indicator variable for NBER boom periods, the University of Michigan Consumer

Sentiment Index (CSENT), and the Chicago Federal Reserve National Activity Index

(NAI). Using the CRSP mutual fund data over the period of Jan. 1985 to Dec. 2013,

I reach three main findings: 1) fund flows are higher under good market conditions;

2) fund investors are responding negatively to past fund risk; 3) the flow sensitivity

to past risk is weaker during good economic states. More specifically, I find that
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on average, fund flows are about one percentage point higher during economic

expansionary periods than recession times. A negative relation between fund flow

and past fund risk is found, which indicates that mutual fund investors are risk

averse. When mutual fund increases its volatility of performance by one standard

deviation, the expected fund growth rate will decrease by about 0.24 percentage

points. The findings contribute to the understanding of investor demand for

actively managed mutual funds. Furthermore, the coefficient on the interaction

term between past fund risk and economic condition is positive, which suggests

under good economic conditions, fund investors pay less attention to fund risk.

More specifically, when NBER Boom indicator is used as the proxy for economic

condition, during the recession periods, the flow-risk sensitivity is -0.27, while

during the expansionary periods, the fund flows is less sensitive to fund risk with a

flow-risk sensitivity as -0.11, which is consistent with expectation. The flow-risk

relation is about 59% weaker under boom periods. Similar results can be obtained

when National Activity Index and Consumer Sentiment Index are used as the proxy

for economic condition, respectively. The robustness of these results is also explored

for large v.s. small funds, sub-period sample, and when risk is decomposed into

systematic and idiosyncratic risk. The main results are quite robust under these

different specifications and samples.

In addition, I investigate how the flow-performance relationship varies over

different economic environments. Investors chase fund past returns, and this

return-chasing behavior is more pronounced under good economic conditions.

Fund investors are more capable of evaluating fund managers’ investment skills
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and responding to the realized signal when the economic condition is good.

The rest of the chapter is organized as follows: In Section 2.2 the data and

summary statistics are described. Empirical framework is presented in Section 2.3.

I discuss my empirical results in Section 2.44. The robustness tests are provided in

Section 2.5. Section 2.6 concludes.

2.2 Data, Definition, and Summary Statistics

This section explains the data sources, variable definition and measurement,

and describes the main characteristics of mutual funds in my sample.

2.2.1 Mutual Fund Data

I use the CRSP survivorship-bias-free mutual fund database to build my

sample of funds. The database includes information on funds’ returns, total net as-

sets, and other fund characteristics such as expense ratio, loads, fund age, turnover

and investment objectives. I focus my analysis on actively managed domestic equity

mutual funds. Therefore, I eliminate balanced, bond, money market, international,

and index funds. More specifically, I basically follow a sequential algorithm similar

to that in Huang et al. (2011) to identify for those funds. Index funds are eliminated

by using the CRSP-defined index fund flags (data available beginning 2003) and by

screening the names of the funds for words such as “Index” or “S & P”. I further

remove funds whose names have words such as “ETF”. Since this research focuses

on U.S. equity funds, I also exclude international funds by screening the names of
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funds for words such as “International” or “Global”.

The fund characteristics information in CRSP mutual fund database is pro-

vided at the share-class level.4 MFLINKS data base is used to aggregate observations

to the fund level. A fund’s total net asset value (TNA) is the sum across all share

classes. Its return, expense ratio, and turnover ratio are averages weighted by the

lagged asset value of each class. Fund age is defined as the number of years since

the inception of the oldest share classes.

Evans (2010) reports an incubation bias in the CRSP mutual fund database.

Fund families occasionally incubate several private funds – the track records of the

surviving funds (top performing funds) are made public, but the track records of

terminated funds (the funds with unattractive performance) are kept private. To

address the possibility of incubation bias, I exclude observations 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. Since incubated

funds tend to be small, I also exclude funds that had less than 5 million dollars in

assets under management at the beginning of the quarter. The resulting sample

includes 4,070 distinct funds during the sample period from 1985 to 2013.

2.2.2 Economic Conditions

I use three measures for economic conditions: an dummy variable for NBER

boom periods, the rate of change in the University of Michigan Consumer Sentiment

4In the sample, the number of share classes of each fund ranges from 1 to 16.
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Index (CSENT), and the Chicago Federal Reserve National Activity Index (NAI).5

I use the recessionary and expansionary dates of the U.S. economy provided

by the NBER to create a Boom indicator variable that takes on unity during ex-

pansionary months, and zero during recessionary months.6 My sample spans 348

months of data from January 1985 through December 2013, among which 306

(88%) are NBER expansionary months.

The second measure of economic conditions used in this chapter is based on

the Consumer Sentiment from the University of Michigan (CSENT). This index is

based on surveys of at least 500 households and incorporates the consumer’s expec-

tations of his/her own financial status and of the short-term and long-term general

economy. Thus, a higher value represents more optimistic consumer sentiment of

the economy. Figure 2.1 depicts the monthly time series for the Consumer Senti-

ment from 1985-2013. The shaded area indicates the recession months. As Figure

2.1 shows, the Consumer Sentiment reached its highest level of 112 in January 2000,

while the index hit lowest point of 55.3 in November 2008. Consumer sentiment

index declines at the beginning of the recession periods and climbs towards the

end of the recession.

5The business cycle dates can be found on the NBER website at US Business Cycle Expansions

and Contractions. Consumer Sentiment Index and National Activity Index data is from Federal

Reserve Bank of St. Louis.
6I measure recessions/booms using the definition of the NBER business cycle dating committee.

The start of the recession is the peak of economic activity and its end is the trough; the start of the

boom is the trough of economic activity and its end is the peak.
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The third measure of economic conditions is based on the Chicago Fed

National Activity Index (NAI). This monthly series is a weighted average of 85

monthly indicators of national economic activity, designed to gauge the economic

activity and related inflationary pressures. A zero value indicates that the economy

is growing at historical rates while a negative (positive) value indicates below-

(above-) average growth. Therefore, a higher value represents a higher intensity

in economic activities. Figure 2.2 depicts the monthly time series for the National

Activity Index from 1985-2013. The shaded area indicates the recession months.

As Figure 2.2 shows, the National Activity Index reached its highest point of 2.67

(beyond historical trend) in February 1987 and arrived at it worst, -4.52 (below

historical trend), in January 2009. National Activity Index delivers negative values

during the three recessions between 1985 and 2013: July 1990 - March 1991, March

2001 - November 2001, and December 2007 - June 2009, the most recent great

recession. Furthermore, National Activity Index declines during the recession

periods.

Table 2.1 shows the correlations among the three economic condition proxies.

All pairwise correlations are positive and range between 52.3% (Consumer Senti-

ment and National Activity Index) and 70.5% (NBER Boom and National Activity

Index).
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2.2.3 Fund Flow

In this study, I estimate fund flows over a subsequent interval (one quarter

in the future):

Flowf ,t =
TNAf ,t − TNAf ,t−1 ∗ (1 + rf ,t)

TNAf ,t−1 ∗ (1 + rf ,t)
(2.1)

where Flowf ,t is the net percentage growth in fund assets under management

between t − 1 to t, TNAf ,t represents the total net assets under management by

fund f at time t, the last period’s total net assets of the same fund is denoted by

TNAf ,t, rf ,t is net fund return for fund f at t. Flowf ,t represents the percentage

of growth of a fund that is due to new investments (under the assumption of

reinvestment of dividends and distributions). The net flow calculated from the

equation (2.1) is prone to extreme observations. Newly launched funds often have a

small initial fund size (very small value for TNAf ,t−1 in the denominator) and rapid

growth results in extremely large values of net flow measure. Furthermore, mutual

fund mergers can also lead to large negative observations of net flow (substantial

outflow) if the investors in the old merging mutual funds choose not invest in the

merged mutual fund since the merged product may not fit in their portfolio. To

prevent a potential impact from the outliers, I winsorize the top and bottom one

percent tails of the net flow data.

2.2.4 Fund Performance and Risk Measure

The main performance measure is the fund excess return, defined as the

average of monthly fund excess returns (raw fund net return minus market return)

over the prior 24 months. The corresponding volatility is the standard deviation
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of the fund excess returns during the prior 24 months. For example, when the

dependent variable, fund flow, is measured over the 3rd quarter (July, August, and

September) in 2005, the fund performance is the average of fund excess return over

the month July 2003 to June 2005.

2.2.5 Summary Statistics

Table 2.2 reports summary statistics of main fund attributes. Panel A sum-

marizes the statistics for the economic condition proxies. Boom periods occur

according to the NBER around 88% of the time. Panel B summarizes the statistics

of mutual fund characteristics. The average fund flow is 2.11% per quarter. Raw

fund net return, fund excess return (net return minus market return), and volatility

of excess return are 0.7%, -0.01%, and 2.46%, respectively. The mean fund size of

$1028 million exceeds substantially the median size of $163 million. Mutual funds

in the sample charge an average expense ratio of 1.26% per year. The average fund

age is approximately 12 years old. Since my sample spans a long period of time

when the mutual fund industry has gone through tremendous changes in terms

of fund size, investment styles, and distributional channels, there are a consider-

able cross-sectional dispersions in all fund characteristics. See Table B.1 for the

mutual fund characteristics in the sample by each year. There are great variation

for mutual fund characteristics over the whole sample period from 1985 to 2013.

For example, there is a general increasing trend in the number of existing domestic

actively-managed equity funds. The annual expense ratio tends to increase first,

then decrease after 2008.
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Table 2.3 presents the summary statistics for economic proxies and fund

characteristics for both expansions and recessions. Expansions and recessions are

defined based on the NBER business cycle dates. Both National Activity Index and

Consumer Sentiment Index show higher values in expansions than in recessions.

This indicates that the three economic proxies are positively related. The average

fund total net assets during recessions is about 908.87 million dollars which is much

smaller than the average fund size during expansions, 1043.49 million dollars. Since

recessions generally occurred early in the sample period when funds were smaller,

this may contribute to much of the difference in fund size between expansions and

recessions. The fund net flow is much higher during expansions than recessions:

2.21% (expansion) versus 1.37% (recession). This finding is consistent with prior

observations that fund investors withdraw money from mutual funds when the

market performs poorly. Both fund excess return and fund return volatility (risk)

are higher in economic recessions than expansions. Fund net return is higher in

good state of economy than bad state.

2.3 Empirical Methodology

In this section, I describe the multivariate regression analysis which is used

to investigate the relation between past fund risk and subsequent fund flows,

controlling for additional fund characteristics. I run the following specification:
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Flowf ,t =α + β1RetV olf ,t−1 + β2ECt−1 + β3RetV olf ,t−1ECt−1

+ β4P erff ,t−1 + β5TNAf ,t−1 + β6Agef ,t−1

+ β7Exp ratiof ,t−1 + β8Flowf ,t−1

+Y eart + Styles + εf ,t

(2.2)

where Flowf ,t represents the fund flow for fund f at quarter t as defined in equation

(2.1); RetV olf ,t−1 is defined as the standard deviation of fund monthly excess

returns over prior 24 months; ECt−1 represents one of the three proxies for economic

conditions which are described in Section 2.2.2. Control variables include the

logarithm of the total net assets (TNA) of the fund, fund expense ratio, fund age, and

fund performance. To account for serial correlation, the lagged dependent variable

Flowf ,t−1 is also included. Y eart denotes the year fixed effects (year dummies) to

account for cross-sectional dependence. To account for serial correlation in the

error term, I cluster standard errors by funds.

Because investors may care less about risk when the economy is in better

shape, I include in the regression the risk measure multiplied by the economic

condition. A negative coefficient for this variable would indicate that when faced

with a good economy, investors adjust their flow into mutual fund less to risks.
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2.4 Empirical Results

2.4.1 The Impact of Market Conditions On Flow-Risk Sensitivity

In this section, I investigate how the risk attitude of fund investors changes

across economic environments. My hypothesis is that investors should become

more risk averse when the economic state is worse. That is, I expect the negative

relation between fund flows and past risk is less pronounced during expansionary

periods.

Table 2.4 presents the flows of portfolios sorted by past fund performance

and fund risk. I find that for each fund risk quintile, funds with high fund perfor-

mance significantly attract more flows than funds with low past performance. This

is consistent with previous findings that fund flows chase past performance,7 even

though past performance does not predict future performance well. The row “Diff

5-1” in Table 2.4 shows that the magnitude of the flow difference between the worst

and the best fund return quintiles is consistent across the different fund risk groups.

I find that for each fund performance quintile, funds with low return volatility

significantly garner more flows than funds with high return volatility. For example,

among the funds with best past fund performance, those with most volatile past

fund return (most risky) will experience 4.43%, while those with lowest risk attract

5.59% inflows in the next quarter.

In order to control for more fund characteristics which may also have a

great influence on fund flows, I further conduct multivariate regression analysis

7See, for example, Ippolito (1992), Chevalier and Ellison (1997), and Sirri and Tufano (1998).
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on the flow-risk relationship. The regression results are presented in Table 2.5.

Columns 1, 2, and 3 report the estimates corresponding to NBER boom indicator,

Consumer Sentiment, and National Activity Index, respectively. The fund flow is

negatively correlated with past fund risk, which is the standard deviation of past

fund returns. When a mutual fund increases its volatility of performance by one

standard deviation (1.81%), the expected fund growth rate will decline by about

0.24 percentage points.8 This finding is supportive of the hypothesis that fund

investors are risk averse. Comparing the impact of past risk on fund flows with

the flow-performance sensitivity can give us a clearer picture about its economic

magnitude. Since a one standard deviation increase in past fund performance

(0.75%) is associated with approximately 2.06 percentage points increase in sub-

sequent fund flows,9 the magnitude of the flow-performance sensitivity is about

8.6 times of the flow-risk sensitivity. Furthermore, across all three specifications,

the expected growth rate of a fund is higher in good economic states, since the

coefficients on economic conditions are consistently positive. When investor beliefs

are more optimistic, their demand for mutual funds increases. Take NBER Boom

indicator as an example. On average, fund flows are about one percentage point

higher during economic expansionary periods than recession times. The regression

results corresponding to Consumer Sentiment and National Activity Index also

show that when investors are more optimistic about the overall economy or when

the national economy is more active, the fund flows are higher. The coefficients

8The calculation is 0.13*1.81=0.24
9The calculation is 2.74*0.75=2.06
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on all the other fund characteristics are consistent with the literature.10 Basically,

on average, larger funds and older funds would experience fewer flows. Higher

expenses would discourage fund investors. Furthermore, fund investors chase past

fund performance.

In order to investigate how the fund flow-risk sensitivity varies over business

cycles, an interaction term between fund risk and economic condition is included.

Given the previous evidence that fund flow is negatively related to past fund risk

or fund investors are risk averse, I anticipate that under good economic conditions,

fund investors should become less sensitive to fund risk. Table 2.6 presents the

corresponding estimation results. Column (1) presents the coefficient estimates

when NBER Boom indicator is employed as the economic proxy, Column (2) reports

the corresponding estimates for Consumer Sentiment, and Column (3) shows the

corresponding coefficient estimates when I use National Activity Index to proxy

for economic condition. I consistently find that fund investors respond negatively

to past fund risk, and this negative response is dampened when the economy is in

a better state. More specifically, for example, when NBER Boom indicator is used

as the proxy for economic condition, during the recession periods, the flow-risk

sensitivity is -0.27, while during the expansionary periods, the fund flows is less

sensitive to fund risk with a flow-risk sensitivity as -0.11, which is consistent with

expectation. The flow-risk relation is about 59% weaker under boom periods. Simi-

lar results can be obtained when National Activity Index and Consumer Sentiment

10See, for example, Ippolito (1992), Chevalier and Ellison (1997),Sirri and Tufano (1998), Del Guer-

cio and Tkac (2002), and Barber et al. (2005).
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Index are used as the proxy for economic condition, respectively. In sum, the fund

investors are less sensitive to past risk under good economic conditions.

2.4.2 The Flow-Performance Relationship over Business Cycle

After presenting and discussing the main flow-risk sensitivity empirical

results, I investigate how the flow-performance relation varies over economic con-

ditions. Starks and Sun (2016) investigate the impact of economic uncertainty on

decision makers’ abilities to process information. They find that the interaction

between past return and the economic uncertainty, log(EPU ), has a significant

negative effect on flow. The authors interpret this finding as that it is more difficult

for investors to differentiate managers’ investment skills from luck when policy un-

certainty rises. Instead of using Economic Policy Uncertainty, this chapter examines

how investors learning about managers’ skill may vary across market conditions. I

employ three variables to proxy for economic conditions: NBER Boom indicator,

Consumer Sentiment, and National Activity Index. The prediction is that when

the market/economy is doing well, the investors should be better at processing

information and more capable of evaluating managers’ investment skills.

The empirical results are presented in Table 2.7. The interaction between

fund past excess return and NBER Boom (or Consumer Sentiment, or National

Activity Index) is significantly positive. This finding confirms my hypothesis that

investors chase past returns and the return chasing behavior is more pronounced

under good market conditions.
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2.5 Robustness Tests

In this section, I consider several alternatives for the main tests. First, I

decompose the total risk into two components, systematic risk and idiosyncratic

risk, and investigate how investors may respond to these two risks differently. Then,

I cut the data sample along two dimensions and examine whether the main results

change in the subsamples. Specifically, I investigate whether the main results

change if I conduct the analysis using two sub-periods: 1985-1999 and 2000-2013

and if I divide the sample into large funds and small funds. In both cases, I find

that the main results are unchanged in these subsamples.

2.5.1 Risk Decomposition: Systematic Risk and Idiosyncratic Risk

The past standard deviation of fund returns can be seen as the total risk.

In this section, I decompose the total risk into two components: systematic and

idiosyncratic risk, and investigate how fund investors differentially respond to these

two types of risks. I estimate the CAPM model to define mutual fund systematic

and idiosyncratic risk. Using monthly observations, I run the following regression

for each fund f and each month t in order to get a time series of the coefficients, for

each fund f :

Rf ,t −RT B,t = αf + βRMRFf RMRFt + εf ,t (2.3)

where Rf ,t is the rate of return of fund f in month t, RT B,t is the one-month T-bill

rate in month t, Rm,t is the rate of return of the market in month t, RMRFt ≡
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Rm,t −RT B,t is the excess market return in month t, the α is the abnormal return

beyond the expected return which are estimated by the factors in the corresponding

factor model, and the βRMRFf is the factor loading of the market factor. To ensure the

accuracy of estimation, I include only funds that exist for at least 24 months during

the estimation period. The systematic risk is calculated by βRMRFf ∗ σRMRF , while

the idiosyncratic risk is computed as σ εf , the standard deviation of the residuals

from the regression above.

This risk decomposition yields an augmented version of the regression from

Equation (2.2), where the single independent variable for return volatility (RetV ol)

is now replaced with two independent variables: systematic risk (βRMRFf ∗ σRMRF)

and idiosyncratic risk (σ εf ). If mutual fund investors do not distinguish between

fund systematic risk and idiosyncratic risk, then equal coefficient estimates should

be observed. This framework allows me to test whether fund investors treat the

source of a fund’s return risk equally.

Table 2.8 reports the effect of systematic risk and idiosyncratic risk on fund

flows, and how the relevant effects vary over NBER Boom and Recession, while Table

2.9 and Table 2.10 show the corresponding results when Consumer Sentiment and

National Activity Index are used to proxy for economic condition, respectively. The

results presented in Table 2.8 suggest that fund investors are responding negatively

to both systematic risk and idiosyncratic risk. Furthermore, the magnitude of the

impact of fund idiosyncratic risk is larger than that of systematic risk. Both the flow-

systematic risk sensitivity and flow-idiosyncratic risk sensitivity are lower during

good economic times. Qualitatively similar results are obtained when Consumer
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Sentiment Index or National Activity Index is employed as the proxy for economic

condition, respectively. Overall, the findings based on three different economic

condition proxies deliver the same conclusions.

2.5.2 Pre-2000 and Post-2000 Sample

I rerun the tests in two subsamples, one that excludes data post-2000 and

the other that excludes data prior to 2000. Table 2.11 reports the results. They

are quantitatively very similar to the full sample, and qualitatively the same. The

fund flows is negatively associated with fund past risk, and when the economic

state is better, the investors are pouring more capital into the mutual fund, for

both sub-periods. When NBER Boom indicator is employed to proxy for economic

condition, the flow-risk relation is not precisely estimated during the pre-2000

period: no significant relationship is found between fund flow and past fund risk.

In addition, the flow-risk sensitivity is lower when economic state is better during

both sub-periods.

2.5.3 Small Funds and Large Funds

To further test the robustness of the main findings, I partition the main

sample into small vs. large funds. To partition on fund size, at each quarter, I split

the funds on the sample median of total net assets for funds and further define

below-median funds as small funds and above-median funds as large funds.

The results of this analysis are presented in Table 2.12. The dampening
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effect from good economic states on the negative flow-risk sensitivity is greater for

larger funds. The results are again quantitatively similar to the main sample, and

qualitatively identical.

2.5.4 Style Volatility

In the first chapter, I discovered a new factor, past fund style volatility, could

also explain fund flows. I find that future fund flow is positively associated with

past fund style volatility, and the past style volatility has a dampening effect on

the flow-performance relationship. Therefore, to further test the robustness of the

main findings on the flow-risk sensitivity, I also include prior style volatility as an

additional control in the multivariate regression analysis.

The regression results are summarized in Table 2.13. The coefficients on the

return volatility (total risk) remain negative for three model specifications and are

statistically significant. In addition, the coefficients on the interaction term between

the past fund risk and economic condition proxies are significantly positive, which

is consistent with previous main findings. This indicates that the negative response

of fund investors to past risk is less pronounced under good economic states. The

positive relationship between past style volatility and subsequent fund flows found

here is consistent with the findings in the first chapter.
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2.6 Conclusion

This chapter investigates how mutual fund investors respond to past fund

performance and risks conditional on market state. The fund investors chase fund

past return and this return chasing behavior is more pronounced during good

economic times. It is suggestive that it may be easier for investors to accurately

evaluate fund managers’ investment skills when the market is performing well.

The main contribution of this study is to investigate the response of investors

to fund risk across business cycles. I show that investors are pouring more money

into mutual funds during good economic states, responding negatively to fund risk,

and more aware of risk during bad times. When return volatility increases by one

standard deviation, the fund flows would decrease by about 0.24 percentage points.

Furthermore, I investigate how fund investors respond to fund risk conditional

on market state by adding an interaction term between fund risk and economic

condition. The negative sign on the return volatility and positive sign on interaction

term between risk and economic condition variable indicates that mutual fund

investors are risk averse and they are less risk averse in good markets. This finding

suggests that fund investors’ risk attitude does change over different market states.

The main findings generally hold when risk is decomposed into systematic risk and

idiosyncratic, when the whole sample period is divided into two sub-periods: 1985-

1999 and 2000-2013, when the sample is partitioned into large funds and small

funds, and when past style volatility is added as an additional control variable.
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Consumer Sentiment Recession

Figure 2.1: Consumer Sentiment and Recession

The line is Consumer Sentiment from the University of Michigan (CSENT). This index is based on

surveys of at least 500 households and incorporates the consumer’s expectations of his/her own

financial status and of the short-term and long-term general economy. Grey bars are NBER-dated

recessions.
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National Activity Index Recession

Figure 2.2: National Activity Index and Recession

The line is the Chicago Fed National Activity Index (NAI). This monthly series is a weighted average

of 85 monthly indicators of national economic activity, designed to gauge the economic activity

and related inflationary pressures. A zero value indicates that the economy is growing at historical

rates while a negative (positive) value indicates below- (above-) average growth. Grey bars are

NBER-dated recessions.
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Table 2.1: The Correlation between Economic Condition Proxies

Consumer National NBER

Sentiment Activity Index Boom

Consumer Sentiment 1

National Activity Index 0.523 1

NBER Boom 0.526 0.705 1

80



Table 2.2: The Fund Characteristics and Economic Conditions

Mean Std. Dev. 25thP Median 75thP

Panel A: Economic Conditions

National Activity Index -0.22 0.88 -0.08 -0.45 0.3

Consumer Sentiment 83.65 12.76 84.5 74.2 92.6

NBER Boom 0.88 0.32 1 1 1

Panel B: Fund Characteristics

Flow (in % per quarter) 2.11 17.13 -4.31 -0.88 4.11

Net Return (in % per month) 0.74 1.23 0.2 0.87 1.46

Excess Return (in % per month) -0.01 0.75 -0.35 -0.05 0.28

Return Volatility (in % per month) 2.46 1.81 1.29 1.96 2.99

Total Net Assets (in Million) 1027.79 4257.21 47.6 163.1 621.83

Expense Ratio (in %) 1.26 0.55 0.96 1.23 1.54

Fund Age (in Years) 12.1 11.95 4.71 8.42 14.98

This table presents the mean, standard deviation, 25th percentile, median, and 75th percentile of the economic condition

proxies and fund characteristics during the sample period from 1985 to 2013. Panel A shows the summary statistics for

economic condition proxies: National Activity Index, Consumer Sentiment, and NBER Boom indicator are reported at the

monthly level. Panel B presents the statistics for fund characteristics.
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Table 2.3: NBER Business Cycle Summary Statistics

Mean StdDev 25thP Median 75thP

Panel A: Expansion

National Activity Index 0.03 0.47 -0.28 0.01 0.43

Consumer Sentiment 87.62 11.34 77.5 88.9 95.6

Flow (in % per quarter) 2.21 17.05 -4.22 -0.81 4.25

Net Return (in % per month) 0.86 1.19 0.37 0.95 1.54

Excess Return (in % per month) -0.02 0.75 -0.36 -0.06 0.27

Return Volatility (in % per month) 2.44 1.78 1.29 1.96 2.99

Total Net Assets (in Million) 1043.49 4261.54 48.67 167.3 637.9

Panel B: Recession

National Activity Index -2.29 1.18 -3.58 -1.62 -1.28

Consumer Sentiment 69.34 11.13 60.1 69.5 70.8

Flow (in % per quarter) 1.37 17.7 -4.95 -1.46 3.06

Net Return (in % per month) -0.14 1.17 -0.87 0.06 0.65

Excess Return (in % per month) 0.1 0.69 -0.26 0.02 0.35

Return Volatility (in % per month) 2.59 2.01 1.35 1.97 3.03

Total Net Assets (in Million) 908.87 4222.44 41.2 135.9 513.5

This table presents the mean, standard deviation, 25th percentile, median, and 75th percentile of the economic con-

dition proxies and fund characteristics shown for expansions and recessions. Expansion and recession periods are

defined using NBER business cycle dates. The full sample period is from 1985 to 2013. Panel A shows the summary

statistics under expansions. Panel B presents the statistics under recessions.
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Table 2.4: Fund Performance, Risk, and Fund Flow: Portfolio Double Sorting

Fund Performance Mutual Fund Risk Quintile
Quintile 1(Least Vol.) 2 3 4 5(Most Vol.) Diff 5-1 s.e. pval
P0 20Worst -2.69 -3 -3.18 -3.62 -2.85 -0.17 0.21 0.61
P20 40 -0.64 -1.28 -1.79 -1.47 -1.99 -1.35*** 0.19 0.00
P40 60 0.69 -0.03 -0.29 -0.39 -0.28 -0.97*** 0.18 0.00
P60 80 2.68 1.93 1.36 0.77 1.1 -1.57*** 0.22 0.00
P80 100Best 5.59 4.88 5.04 4.57 4.43 -1.16*** 0.29 0.01
Diff 5-1 8.28*** 7.88*** 8.23*** 8.19*** 7.28*** -0.99*
s.e. 0.21 0.18 0.19 0.21 0.26 0.21
pval 0.00 0.00 0.00 0.00 0.00 0.06

The table examines how the fund flows vary according to past fund performance and past fund risk. I first sort the sample on

fund performance and then on fund return volatility. I form five fund performance quintiles based on past fund net returns and,

within each quintile, I further divide into five portfolios based on fund return volatility. I rebalance these portfolios quarterly. I then

compute the time-series averages of quarterly cross-sectional averages of fund flows for each mutual fund portfolio. The column Diff

5-1 represents a zero investment long-short portfolio that is long on quintile 5 (most volatile in return) and short on quintile 1 (least

volatile in return). The row Diff 5-1 indicates a zero investment long-short portfolio that is long on quintile 5 (past best performer)

and short on quintile 1 (past worst performer). The flows are expressed in percent per quarter. Standard errors correspond to the

test of same mean and are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5% and 1%

level, respectively.
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Table 2.5: The Impact of Risk on Fund Flows - Pooled OLS

(1) (2) (3)

Ret. Vol. -0.131∗∗∗ -0.128∗∗∗ -0.131∗∗∗

[0.038] [0.038] [0.038]
Boom 1.524∗∗∗

[0.338]
CSENT 0.0506∗∗∗

[0.009]
NAI 0.146∗∗

[0.062]
Lag Flow 0.223∗∗∗ 0.224∗∗∗ 0.223∗∗∗

[0.010] [0.010] [0.010]
Log(TNA) -0.406∗∗∗ -0.403∗∗∗ -0.408∗∗∗

[0.031] [0.031] [0.031]
Exp Ratio -0.0492 -0.0434 -0.0524

[0.105] [0.105] [0.105]
Fund Age -0.0425∗∗∗ -0.0425∗∗∗ -0.0425∗∗∗

[0.004] [0.004] [0.004]
Perf 2.743∗∗∗ 2.744∗∗∗ 2.741∗∗∗

[0.095] [0.095] [0.095]
Year FE Yes Yes Yes
Style FE Yes Yes Yes

Observations 138826 138826 138826
Adjusted R2 0.095 0.095 0.095

This table examines the impact of economic conditions and risk on fund flows. A pooled OLS regression with one

economic condition proxy is performed in each column. For each column, quarterly fund flows are regressed on the

volatility of fund performance, economic condition proxy, plus a series of control variables: natural logarithm of each

fund’s TNA, expense ratio, fund age and fund performance. Performance is measured by monthly fund excess returns

over prior 24 months and risk is measured by the standard deviation of the monthly fund excess returns over the prior

24 months. The coefficients are estimated using the pooled OLS approach. Time and style fixed effects are included in all

regression specifications, and standard errors are clustered at the fund level. Asterisks *, **, and *** denote significance

at the level of 10%, 5% and 1% level, respectively.
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Table 2.6: The Impact of Economic Condition on Fund Flow-Risk Sensitivity

(1) (2) (3)

Ret. Vol. -0.266∗∗∗ -0.102∗∗∗ -0.155∗∗∗

[0.058] [0.039] [0.040]
Boom 0.610∗∗∗

[0.213]
Ret. Vol. * Boom 0.159∗∗∗

[0.056]
CSENT 0.0249∗∗∗

[0.010]
Ret. Vol. * CSENT 0.0112∗∗∗

[0.003]
NAI 0.349∗∗∗

[0.087]
Ret. Vol. * NAI 0.0880∗∗

[0.034]
Lag Flow 0.223∗∗∗ 0.224∗∗∗ 0.223∗∗∗

[0.010] [0.010] [0.010]
Log(TNA) -0.406∗∗∗ -0.399∗∗∗ -0.407∗∗∗

[0.031] [0.031] [0.031]
Exp Ratio -0.0524 -0.0519 -0.0462

[0.105] [0.106] [0.106]
Fund Age -0.0425∗∗∗ -0.0427∗∗∗ -0.0426∗∗∗

[0.004] [0.004] [0.004]
Perf 2.743∗∗∗ 2.766∗∗∗ 2.750∗∗∗

[0.095] [0.095] [0.095]
Year FE Yes Yes Yes
Style FE Yes Yes Yes

Observations 138826 138826 138826
Adjusted R2 0.095 0.096 0.095

This table examines the impact of economic conditions and risk on fund flows. A pooled OLS regression with one

economic condition proxy is performed in each column. For each column, quarterly fund flows are regressed on the

volatility of fund performance, economic condition proxy, plus a series of control variables: natural logarithm of each

fund’s TNA, expense ratio, fund age and fund performance. Performance is measured by monthly fund excess returns

over prior 24 months and risk is measured by the standard deviation of the monthly fund excess returns over the prior

24 months. The coefficients are estimated using the pooled OLS approach. Time and style fixed effects are included in all

regression specifications, and standard errors are clustered at the fund level. Asterisks *, **, and *** denote significance

at the level of 10%, 5% and 1% level, respectively.
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Table 2.7: The Flow-Performance Sensitivity Over Business Cycle

(1) (2) (3) (4) (5) (6)

Perf 2.769∗∗∗ 2.818∗∗∗ 2.596∗∗∗ 2.827∗∗∗ 2.443∗∗∗ 2.729∗∗∗

[0.205] [0.212] [0.104] [0.106] [0.088] [0.095]
Boom 0.690∗∗∗ 0.115

[0.111] [0.155]
Perf*Boom 0.342∗ -0.0836

[0.196] [0.203]

CSENT 0.0314∗∗∗ 0.0504∗∗∗

[0.004] [0.009]
Perf*CSENT 0.0167∗∗∗ 0.0146∗∗

[0.006] [0.006]
NAI 0.343∗∗∗ 0.146∗∗

[0.039] [0.062]
Perf*NAI 0.169∗∗ 0.117

[0.074] [0.076]
Lag Flow 0.233∗∗∗ 0.223∗∗∗ 0.232∗∗∗ 0.224∗∗∗ 0.232∗∗∗ 0.224∗∗∗

[0.010] [0.010] [0.010] [0.010] [0.010] [0.010]
TNA -0.405∗∗∗ -0.406∗∗∗ -0.424∗∗∗ -0.402∗∗∗ -0.406∗∗∗ -0.407∗∗∗

[0.029] [0.031] [0.030] [0.031] [0.029] [0.031]
Exp Ratio -0.0575 -0.0497 -0.0982 -0.0393 -0.0660 -0.0534

[0.103] [0.105] [0.103] [0.105] [0.103] [0.105]
Fund Age -0.0390∗∗∗ -0.0425∗∗∗ -0.0379∗∗∗ -0.0427∗∗∗ -0.0393∗∗∗ -0.0425∗∗∗

[0.004] [0.004] [0.004] [0.004] [0.004] [0.004]
Ret. Vol. -0.136∗∗∗ -0.131∗∗∗ -0.175∗∗∗ -0.121∗∗∗ -0.128∗∗∗ -0.129∗∗∗

[0.033] [0.038] [0.034] [0.038] [0.033] [0.038]

Year FE No Yes No Yes No Yes
Style FE Yes Yes Yes Yes Yes Yes

Observations 138826 138826 138826 138826 138826 138826
Adjusted R2 0.088 0.095 0.089 0.095 0.089 0.095

This table examines the impact of economic conditions and fund performance on fund flows. A pooled OLS regression with one eco-

nomic condition proxy is performed in every two columns. For each column, quarterly fund flows are regressed on fund performance,

economic condition proxy, the interaction between fund performance and economic proxies, the volatility of fund performance, plus

a series of control variables: natural logarithm of each fund’s TNA, expense ratio, fund age and fund performance. Performance is

measured by monthly fund excess returns over prior 24 months and risk is measured by the standard deviation of the monthly

excess returns over the prior 24 months. Time and style fixed effects are included in some regression specifications, and standard

errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5% and 1% level, respectively.
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Table 2.8: The Impact of Systematic and Idiosyncratic Risk on Fund Flows - NBER Boom

(1) (2) (3) (4)

Boom 0.530∗∗∗ 0.197 0.651∗∗∗ 0.275
[0.118] [0.156] [0.202] [0.233]

Sys Risk -0.00829 0.00946 -0.0423∗∗ -0.0721∗∗∗

[0.009] [0.010] [0.019] [0.019]
Idio Risk -0.120∗∗ -0.204∗∗∗ -0.325∗∗∗ -0.522∗∗∗

[0.048] [0.060] [0.085] [0.096]
sys * Boom 0.0591∗∗∗ 0.0748∗∗∗

[0.020] [0.021]
idio * Boom 0.239∗∗∗ 0.375∗∗∗

[0.091] [0.100]
Lag Flow 0.210∗∗∗ 0.201∗∗∗ 0.210∗∗∗ 0.200∗∗∗

[0.012] [0.011] [0.012] [0.011]
TNA -0.288∗∗∗ -0.283∗∗∗ -0.288∗∗∗ -0.283∗∗∗

[0.029] [0.031] [0.029] [0.031]
Exp Ratio -0.111 0.00359 -0.107 0.00340

[0.116] [0.118] [0.116] [0.118]
Fund Age -0.0214∗∗∗ -0.0287∗∗∗ -0.0215∗∗∗ -0.0288∗∗∗

[0.003] [0.003] [0.003] [0.003]
Perf 2.466∗∗∗ 2.803∗∗∗ 2.474∗∗∗ 2.805∗∗∗

[0.100] [0.108] [0.100] [0.108]
Year FE No Yes No Yes
Style FE Yes Yes Yes Yes

Observations 116625 116625 116625 116625
Adjusted R2 0.075 0.082 0.075 0.083

This table examines the impact of NBER Boom on fund flows-risk relationship. The risk measure is decomposed into

two parts: systematic risk and idiosyncratic risk. For each column, quarterly fund flows are regressed on the mutual

fund systematic and idiosyncratic risk, NBER Boom indicator, their interaction terms, plus a series of control variables:

natural logarithm of each fund’s TNA, expense ratio, fund age, lagged fund flow, and fund performance. Performance

is measured by monthly fund excess returns over past 24 months. The coefficients are estimated using the pooled OLS

approach. Time and style fixed effects are included in some regression specifications, and standard errors are clustered

at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5%, and 1% level, respectively.
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Table 2.9: The Impact of Systematic and Idiosyncratic Risk on Fund Flows - Consumer

Sentiment

(1) (2) (3) (4)

CSENT 0.0250∗∗∗ 0.0473∗∗∗ 0.0601∗∗∗ 0.0205∗∗

[0.004] [0.009] [0.007] [0.010]
Sys Risk -0.00859 0.00653 -0.119∗∗ -0.169∗∗

[0.009] [0.010] [0.056] [0.067]
Idio Risk -0.177∗∗∗ -0.191∗∗∗ -1.766∗∗∗ -1.929∗∗∗

[0.051] [0.060] [0.306] [0.358]
sys * CSENT 0.00117∗ 0.00197∗∗∗

[0.001] [0.001]
idio * CSENT 0.0216∗∗∗ 0.0240∗∗∗

[0.003] [0.004]
Lag Flow 0.209∗∗∗ 0.201∗∗∗ 0.209∗∗∗ 0.201∗∗∗

[0.011] [0.011] [0.011] [0.011]
TNA -0.304∗∗∗ -0.281∗∗∗ -0.296∗∗∗ -0.279∗∗∗

[0.030] [0.031] [0.030] [0.031]
Exp Ratio -0.116 0.00786 -0.146 -0.00960

[0.116] [0.118] [0.116] [0.118]
Fund Age -0.0213∗∗∗ -0.0287∗∗∗ -0.0222∗∗∗ -0.0290∗∗∗

[0.003] [0.003] [0.003] [0.003]
Perf 2.504∗∗∗ 2.801∗∗∗ 2.516∗∗∗ 2.828∗∗∗

[0.102] [0.108] [0.102] [0.108]
Year FE No Yes No Yes
Style FE Yes Yes Yes Yes

Observations 116625 116625 116625 116625
Adjusted R2 0.075 0.083 0.076 0.083

This table examines the impact of Consumer Sentiment on fund flows-risk relationship. The risk measure is decomposed

into two parts: systematic risk and idiosyncratic risk. For each column, quarterly fund flows are regressed on the mutual

fund systematic and idiosyncratic risk, Consumer Sentiment Index, their interaction terms, plus a series of control

variables: natural logarithm of each fund’s TNA, expense ratio, fund age, lagged fund flow, and fund performance.

Performance is measured by monthly fund excess returns over past 24 months. The coefficients are estimated using

the pooled OLS approach. Time and style fixed effects are included in some regression specifications, and standard

errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5%, and 1% level,

respectively.
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Table 2.10: The Impact of Systematic and Idiosyncratic Risk on Fund Flows - National

Activity Index

(1) (2) (3) (4)

NAI 0.294∗∗∗ 0.133∗∗ 0.462∗∗∗ 0.333∗∗∗

[0.042] [0.064] [0.086] [0.097]
Sys Risk -0.00634 0.0109 -0.00858 0.00984

[0.009] [0.010] [0.010] [0.011]
Idio Risk -0.122∗∗ -0.208∗∗∗ -0.142∗∗∗ -0.239∗∗∗

[0.048] [0.060] [0.052] [0.066]
sys * NAI 0.00340 0.000608

[0.008] [0.009]
idio * NAI 0.0637 0.105∗

[0.049] [0.057]
Lag Flow 0.210∗∗∗ 0.201∗∗∗ 0.210∗∗∗ 0.200∗∗∗

[0.012] [0.011] [0.012] [0.011]
TNA -0.291∗∗∗ -0.285∗∗∗ -0.290∗∗∗ -0.284∗∗∗

[0.029] [0.031] [0.029] [0.031]
Exp Ratio -0.121 -0.000572 -0.113 0.00635

[0.116] [0.118] [0.116] [0.118]
Fund Age -0.0218∗∗∗ -0.0287∗∗∗ -0.0219∗∗∗ -0.0288∗∗∗

[0.003] [0.003] [0.003] [0.003]
Perf 2.473∗∗∗ 2.802∗∗∗ 2.471∗∗∗ 2.808∗∗∗

[0.100] [0.108] [0.100] [0.109]
Year FE No Yes No Yes
Style FE Yes Yes Yes Yes

Observations 116625 116625 116625 116625
Adjusted R2 0.075 0.082 0.075 0.083

This table examines the impact of National Activity Index on fund flows-risk relationship. The risk measure is decom-

posed into two parts: systematic risk and idiosyncratic risk. For each column, quarterly fund flows are regressed on

the mutual fund systematic and idiosyncratic risk, National Activity Index, their interaction terms, plus a series of con-

trol variables: natural logarithm of each fund’s TNA, expense ratio, fund age, lagged fund flow, and fund performance.

Performance is measured by monthly fund excess returns over past 24 months. The coefficients are estimated using

the pooled OLS approach. Time and style fixed effects are included in some regression specifications, and standard

errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5%, and 1% level,

respectively.
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Table 2.11: The Impact of Risk on Fund Flows - Pre and Post 2000

pre2000 post2000 pre2000 post2000 pre2000 post2000

Ret. Vol. 0.0919 -0.269∗∗∗ -0.193∗∗ -0.151∗∗∗ -0.176∗∗ -0.203∗∗∗

[0.201] [0.061] [0.084] [0.043] [0.075] [0.045]
Boom 0.129 0.558∗∗

[0.466] [0.238]
Ret. Vol. * Boom 0.0189 0.133∗∗

[0.206] [0.059]
CSENT 0.0500∗∗ 0.0151

[0.022] [0.011]
Ret. Vol. * CSENT 0.0135∗∗ 0.0119∗∗∗

[0.006] [0.003]
NAI 1.223∗∗∗ 0.373∗∗∗

[0.256] [0.094]
Ret. Vol. * NAI 0.427∗∗∗ 0.103∗∗∗

[0.124] [0.036]
Lag Flow 0.244∗∗∗ 0.213∗∗∗ 0.245∗∗∗ 0.213∗∗∗ 0.243∗∗∗ 0.213∗∗∗

[0.017] [0.012] [0.017] [0.012] [0.017] [0.012]
Log(TNA) -0.415∗∗∗ -0.427∗∗∗ -0.415∗∗∗ -0.419∗∗∗ -0.412∗∗∗ -0.429∗∗∗

[0.061] [0.035] [0.061] [0.035] [0.061] [0.035]
Exp Ratio 0.299 -0.202 0.287 -0.207∗ 0.307 -0.197

[0.193] [0.123] [0.191] [0.124] [0.193] [0.123]
Fund Age -0.0402∗∗∗ -0.0399∗∗∗ -0.0398∗∗∗ -0.0400∗∗∗ -0.0399∗∗∗ -0.0399∗∗∗

[0.005] [0.004] [0.005] [0.004] [0.005] [0.004]
Perf 4.326∗∗∗ 2.393∗∗∗ 4.290∗∗∗ 2.445∗∗∗ 4.407∗∗∗ 2.409∗∗∗

[0.221] [0.103] [0.222] [0.105] [0.222] [0.103]
Year FE Yes Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes Yes

Observations 37439 101387 37439 101387 37439 101387
Adjusted R2 0.142 0.079 0.143 0.080 0.143 0.080

This table examines the impact of Economic Proxy on fund flows-risk relationship. The whole sample period is decomposed into

two parts: 1985-1999 and 2000-2013. For each column, quarterly fund flows are regressed on the mutual fund risk, economic proxy,

their interaction terms, plus a series of control variables: natural logarithm of each fund’s TNA, expense ratio, fund age, lagged

fund flow, and fund performance. Performance is measured by monthly fund excess returns over past 24 months, and the return

volatility is the standard deviation of the fund excess return over past 24 months. The coefficients are estimated using the pooled

OLS approach. Time and style fixed effects are included in all regression specifications, and standard errors are clustered at the fund

level. Asterisks *, **, and *** denote significance at the level of 10%, 5%, and 1% level, respectively.
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Table 2.12: The Impact of Risk on Fund Flows - Large Funds v.s. Small Funds

Large Small Large Small Large Small

Ret. Vol. -0.274∗∗∗ -0.202∗∗ -0.0984∗∗ -0.199∗∗∗ -0.212∗∗∗ -0.233∗∗∗

[0.063] [0.087] [0.042] [0.049] [0.037] [0.051]
Boom 2.019∗∗∗ 0.992∗

[0.375] [0.589]
Ret. Vol. * Boom 0.125∗∗ -0.00642

[0.059] [0.092]
CSENT 0.0255 0.0803∗∗∗

[0.016] [0.023]
Ret. Vol. * CSENT 0.0155∗∗∗ 0.00401

[0.003] [0.004]
NAI 0.691∗∗∗ 0.135

[0.200] [0.261]
Ret. Vol. * NAI 0.166∗∗∗ 0.107∗∗

[0.037] [0.045]
Lag Flow 0.329∗∗∗ 0.141∗∗∗ 0.329∗∗∗ 0.141∗∗∗ 0.329∗∗∗ 0.140∗∗∗

[0.011] [0.013] [0.011] [0.013] [0.011] [0.013]
Log(TNA) -1.246∗∗∗ -2.404∗∗∗ -1.234∗∗∗ -2.392∗∗∗ -1.248∗∗∗ -2.404∗∗∗

[0.075] [0.118] [0.074] [0.118] [0.075] [0.118]
Exp Ratio -0.0442 -0.227 -0.00317 -0.211 -0.0348 -0.212

[0.151] [0.149] [0.151] [0.149] [0.151] [0.149]
Fund Age -0.0302∗∗∗ -0.0518∗∗∗ -0.0303∗∗∗ -0.0517∗∗∗ -0.0302∗∗∗ -0.0518∗∗∗

[0.005] [0.008] [0.005] [0.008] [0.005] [0.008]
Perf 2.007∗∗∗ 2.034∗∗∗ 2.133∗∗∗ 2.096∗∗∗ 2.029∗∗∗ 2.083∗∗∗

[0.078] [0.109] [0.079] [0.111] [0.077] [0.111]
Year FE Yes Yes Yes Yes Yes Yes
Style FE Yes Yes Yes Yes Yes Yes

Observations 78707 60063 78707 60063 78707 60063
Adjusted R2 0.181 0.056 0.183 0.056 0.182 0.056

This table examines the impact of Economic Proxy on fund flows-risk relationship. The whole sample is partitioned into two parts:

large funds and small funds. For each column, quarterly fund flows are regressed on the mutual fund risk, economic proxy, their

interaction terms, plus a series of control variables: natural logarithm of each fund’s TNA, expense ratio, fund age, lagged fund flow,

and fund performance. Performance is measured by monthly fund excess returns over past 24 months, and the return volatility is

the standard deviation of the fund excess return over past 24 months. The coefficients are estimated using the pooled OLS approach.

Time and style fixed effects are included in all regression specifications, and standard errors are clustered at the fund level. Asterisks

*, **, and *** denote significance at the level of 10%, 5%, and 1% level, respectively.
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Table 2.13: The Impact of Risk on Fund Flows over Business Cycle: Controlling for Style Volatility

(1) (2) (3)

Ret. Vol. -0.313∗∗∗ -0.150∗∗∗ -0.202∗∗∗

[0.057] [0.041] [0.043]
Boom 0.525∗∗

[0.218]
Ret. Vol. * Boom 0.161∗∗∗

[0.058]
CSENT 0.0241∗∗

[0.010]
Ret. Vol. * CSENT 0.0105∗∗∗

[0.003]
NAI 0.442∗∗∗

[0.089]
Ret. Vol. * NAI 0.0943∗∗∗

[0.036]
Lag Flow 0.217∗∗∗ 0.217∗∗∗ 0.217∗∗∗

[0.011] [0.011] [0.011]
Log(TNA) -0.357∗∗∗ -0.351∗∗∗ -0.359∗∗∗

[0.031] [0.031] [0.031]
Exp Ratio -0.0844 -0.0810 -0.0810

[0.110] [0.110] [0.110]
Fund Age -0.0371∗∗∗ -0.0373∗∗∗ -0.0373∗∗∗

[0.004] [0.004] [0.004]
Perf 2.740∗∗∗ 2.757∗∗∗ 2.742∗∗∗

[0.099] [0.099] [0.099]
SV 2.150∗∗∗ 2.050∗∗∗ 2.149∗∗∗

[0.597] [0.598] [0.596]
Year FE Yes Yes Yes
Style FE Yes Yes Yes

Observations 127479 127479 127479
Adjusted R2 0.091 0.091 0.091

This table examines the impact of Economic Proxy on fund flows-risk relationship, after controlling for style volatility. For each

column, quarterly fund flows are regressed on the mutual fund risk, economic proxy, their interaction terms, plus a series of control

variables: natural logarithm of each fund’s TNA, expense ratio, fund age, lagged fund flow, fund performance, and style volatility.

Performance is measured by monthly fund excess returns over past 24 months, and the return volatility is the standard deviation

of the fund excess return over past 24 months. The coefficients are estimated using the pooled OLS approach. Year and style fixed

effects are included in all regression specifications, and standard errors are clustered at the fund level. Asterisks *, **, and *** denote

significance at the level of 10%, 5%, and 1% level, respectively.
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Chapter 3

The Predictability of Mutual Fund Performance:

Evidence from Fund Families

3.1 Introduction

The performance of actively managed mutual funds has been studied exten-

sively due to their impact on the U.S. economy. The prior literature has analyzed

several fund characteristics as potential determinants of future fund performance

(i.e. fees and expenses, turnover, fund size, fund family size, fund manager charac-

teristics, flows, volatility, momentum, industry concentration, active share, and R2,

etc. ).1 In this chapter, I investigate whether the performance of the other mutual

funds which belong to the same fund family contains valuable information about

future performance of the mutual fund under consideration.

The majority of mutual funds in the U.S. are set up by mutual fund sponsors

(such as Fidelity, Vanguard, and Franklin Templeton), which manage and sell

multiple individual funds.2 For example, the Fidelity Small Cap Value Fund and

1Please see Section 3.2 for more details on the fund performance literature.
2According to Gaspar, Massa, and Matos (2006), more than 90% of all equity funds belong to

fund families and 98% of all assets under management in all US equity funds are managed by these
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the Fidelity Magellan Fund are both part of Fidelity. What could the returns on

other funds in Fidelity possibly tell us about the skill of the managers of Fidelity

Magellan fund? My answer is that aggregating data on other funds in Fidelity

can yield important information about the ability of the fund manager of Fidelity

Magellan fund.

The question of whether prior family performance predicts out-of-sample

fund performance is an important one, given that several studies in the flow lit-

erature have documented that net flows from investors are related to past family

performance (e.g., Nanda, Wang, and Zheng, 2004; Brown and Wu, 2016). Previous

studies show that funds affiliated with a highly performing family experience cash

inflows that are far greater in size than the cash outflows experienced by funds

with poor past family performance. For example, Nanda et al. (2004) find that the

existence of a top performing fund in a family positively affects inflows to other

funds of the same family. Hence, examining performance across funds grouped by

family performance will indicate whether these flows are justified by subsequent

relative performance. This work adds to the literature by investigating one more

factor which could potentially affect or predict fund performance. The empirical

findings could tell us whether past fund performance information should be taken

into account by investors when making their investment decisions.

Theoretically, there could be both a positive spillover effect or a negative

spillover effect of family performance on future fund performance. On one hand,

funds.
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family performance might have a positive impact on future fund performance. Due

to the research resources and information sharing by all the funds in one family,

the fund in consideration is expected to perform well when other funds in the

same family are performing well. There might exist knowledge and information

spillovers in one family, which makes fund managers aware of expertise elsewhere

in the organization, which she could combine with her own expertise to improve

her own production process.

On the other hand, there may exist fund cross-subsidization within one fund

family (Gaspar et al., 2006). When other funds are performing poorly and the

fund in consideration is doing well, the family may want to create stars and exhibit

favoritism. Thus the future performance of funds which perform well is boosted at

the expense of low performing funds. Therefore, when other funds are performing

poorly, the fund in consideration is more likely to be treated as the star or the high

value fund. Better performing funds in a family have a higher probability of getting

more managers, one of the main resources available, and fund families may allocate

resources in proportion to fund performance.

This study investigates the question of whether past family performance has

the power to predict future fund performance. I define the family performance as

the value weighted average performance of all the other funds in the fund family

with which the fund in consideration is affiliated. For my empirical analysis, I use

open-end mutual fund data from the Center for Research in Security Prices (CRSP)

for the post-1999 period, for which information on family identity is available.

Univariate tests show that prior family performance is positively associated with
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the level of subsequent fund performance. I find that, when I sort the mutual funds

into deciles based on prior family performance, the highest decile has statistically

significantly higher returns than any of the nine deciles. I find that funds in

the top past family return decile significantly outperform those in the bottom

decile by 0.07% to 0.17%, depending on which factor model is used and how

past family performance is defined. This effect is consistent with the hypothesis

that fund managers in the same family share research and information resources.

Furthermore, I conduct a double sort portfolio analysis to examine the effect of

prior family performance on subsequent fund performance. Again, I find that

prior family performance is positively associated with future fund performance.

Multivariate regression tests confirm the above main portfolio tests. In these tests, I

examine the impact of prior family performance on future fund performance after

controlling for various fund characteristics. In these regressions I also include the

expense ratio, fund size, fund family size, the turnover ratio, the number of funds

in the family, past performance, and return volatility, which are important factors

of fund performance as suggested by previous studies. The regressions confirm that

past family performance positively predicts future fund performance. I find that a

one basis point increase in past family performance increases the fund performance

by 0.08-0.12 basis points, depending on which performance metric is used. This

finding is consistent with the information and resource sharing hypothesis.

This study contributes to a growing body of research on mutual fund per-

formance and family operations. Past studies provide empirical evidence on the

relation between fund characteristics and fund performance. This research identi-
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fies prior family performance as a new factor which can positively predict future

fund performance. This finding also justifies the behavior of fund investors who

are found in the literature to respond positively to funds with high prior family

performance.

The chapter is organized as follows. Section 3.2 describes the relevant

literature on fund performance and fund family operations. Section 3.3 presents

the testable hypotheses. Section 3.4 provides a description of the data set, variable

definitions, and summary statistics. Section 3.5 provides the empirical methodology

and discusses the empirical results. Finally, Section 3.6 concludes this chapter.

3.2 Literature Review

This study is related to two strands of literature. First, this research builds

on and extends the prior studies which investigate the factors which are capable of

predicting fund performance. Second, this research is also related to the literature

that explores fund family operations and strategies.

3.2.1 Fund Performance

This section describes factors which are used to predict mutual fund perfor-

mance in the literature. Prior studies examine how fund characteristics and fund

manager characteristics predict future performance.

One of the predictors of mutual fund outperformance is expenses. Several

studies document that funds with low expense ratios outperform funds with high
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expense ratios.3 Wermers (2000) and Kosowski, Timmermann, Wermers, and White

(2006) report that some managers are more skillful and thus charge higher expenses.

In addition, other types of fees, such as manager incentive fees (Elton, Gruber, and

Blake, 2003), can be beneficial to performance.

As another type of cost, turnover cost has also been examined in terms of

its ability to predict fund performance. The fund turnover ratio measures the

percentage of the portfolio’s holdings that has changed over the past year. Existing

empirical studies find an ambiguous relationship between fund turnover and fund

performance. Several studies find that there is no significant relationship between

the turnover ratio and fund outperformance.4 However, other research studies

(e.g., Grinblatt and Titman, 1994; Wermers, 2000; Chen, Jegadeesh, and Wermers,

2000) find a positive relationship between the turnover ratio and fund performance.

Yet other studies such as Carhart (1997) report a significant negative relationship

between the turnover ratio and performance. Edelen, Evans, and Kadlec (2013)

devise an adjustment to the turnover rate called position-adjusted turnover and find

that higher trading costs is associated with poor performance. Hence, the evidence

on the turnover-performance relation across funds is mixed. In a more recent

study, Pastor, Stambaugh, and Taylor (2016) focuses on the time-series relation

between turnover and performance for a given fund and find that a fund’s turnover

positively predicts the fund’s subsequent benchmark-adjusted return.

3For example, Carhart (1997), Dellva and Olson (1998), and Gil-Bazo and Ruiz-Verdu (2009).
4For example, Elton, Gruber, Das, and Hlavka (1993), Chen, Hong, Huang, and Kubik (2004),

and Kacperczyk, Sialm, and Zheng (2008).
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The literature on performance persistence is quite extensive. Earlier research

shows that fund performance persists over different time horizons: over the next

year (Hendricks, Patel, and Zeckhauser, 1993), the next three years (Elton, Gruber,

and Blake, 1996), or the next five years (Grinblatt and Titman, 1992). Further-

more, these studies find that poor performance also persists: a poorly performing

fund today is likely to underperform in the near future. Research by Grinblatt,

Titman, and Wermers (1995) and Carhart (1997) find that performance persistence

is probably due to persistent use of momentum investment strategies. The general

consensus is that good performance persists, but for only one to two quarters after

controlling for momentum, while poor performance may persist for several years

because of high expenses and fees. More recent studies such as Bollen and Busse

(2005) and Fama and French (2010) find similar results to those documented by

Carhart (1997).

There is a growing literature on measuring the activeness of a mutual fund

portfolio to predict future performance. Kacperczyk et al. (2005) find that some

fund managers can create value by holding portfolios concentrated in specific in-

dustries. Cremers and Petajisto (2009), Petajisto (2013), and Cremers, Ferreira,

Matos, and Starks (2016) show that the activeness of a portfolio is a good predictor

of risk-adjusted mutual fund performance. The more the portfolio holdings consis-

tently deviate from the benchmark index holdings, the better is the risk-adjusted

performance. They also find that funds with the highest Active Share exhibit strong

performance persistence. The explanation for outperformance over benchmark is

that active fund managers have stock picking skills, engage in factor timing, or both.
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However, Frazzini, Friedman, and Pomorski (2016) find that within individual

benchmarks, active share is as likely to correlate positively with performance as

it is to correlate negatively. Therefore, they argue that active share only correlates

with benchmark returns but does not have predictive power in actual fund returns.

There is also some evidence that fund size is correlated with future perfor-

mance. Considerable research shows that the size of a fund is negatively related to

its performance, suggesting that decreasing returns to scale may exist at the fund

level.5 However other studies show the opposite. For example, Elton, Gruber, and

Blake (2012) find that size and performance are positively related. A recent study

by Pastor, Stambaugh, and Taylor (2015) empirically analyzes the nature of returns

to scale in active mutual fund management and finds mixed evidence of decreasing

returns to scale at the fund level. Fund family size is another issue relating to

scale. Chen et al. (2004) find a strong positive relationship between the size of the

fund family and fund performance, while Bhojraj et al. (2012) find that the positive

relationship between fund family size and fund performance disappears after 2000.

Moreover, Pastor et al. (2015) provide strong evidence of decreasing returns to scale

at the industry level.

Several studies have been conducted to evaluate whether fund governance

can predict fund performance. The empirical results on the relationship between

governance and fund performance are mixed. Various studies investigate the quality

of the board of directors and fund performance (e.g. Del Guercio, Dann, and Partch,

5See for example Chen et al. (2004), Cremers and Petajisto (2009), and Bhojraj, Jun Cho, and

Yehuda (2012).
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2003; Khorana, Tufano, and Wedge, 2007; Ferris and Yan, 2007; Ding and Wermers,

2012). The extant empirical evidence shows that funds with better boards have

lower fees and are more likely to replace poorly performing managers. However,

these studies also find that the improvement in fund performance from better

governance is marginal.

There is a large literature on the relationship between characteristics of fund

managers and performance. These managerial characteristics include manager

education, age, and tenure. Prior studies find that mean Scholastic Aptitude Test

(SAT) score of the school the fund manager attended, the mean GMAT score of

the business school, and whether the school ranks among the Business Week Top

30 MBA programs provide the predictive power for mutual fund performance.6

In terms of fund manager age, Golec (1996), Chevalier and Ellison (1999), and

Gottesman and Morey (2006) find that there is a negative relationship between fund

manager age and fund performance. Greenwood and Nagel (2009) find that younger

mutual fund managers are more likely to exhibit trend-chasing behavior and

follow momentum strategies. As regard to manager tenure, the existing empirical

findings are mixed. Although Golec (1996) finds a positive relationship between

manager tenure and performance, Chevalier and Ellison (1999), Costa, Jakob, and

Porter (2006), and Gottesman and Morey (2006) show that manager tenure is not

consistently related to fund performance.

This chapter contributes to the mutual fund performance literature by broad-

6See Golec (1996), Chevalier and Ellison (1999), and Gottesman and Morey (2006).
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ening the analysis of influential factors. By investigating one important factor in

affecting fund performance, this research study examines whether past family per-

formance should be taken into account by investors when making their investment

decisions.

3.2.2 Fund Family

A vast majority of mutual funds belong to a multi-fund family. There is

an extensive literature on the behaviour of such fund families and family-level

operational decisions. Chen et al. (2004) investigate the impact of a fund’s own

size and the size of the other funds in the family on fund performance. They find

that fund performance declines with the fund’s own size but increases with the

size of the other funds in the family. The effect of family size on performance is

smaller than that of fund size on performance but is statistically and economically

significant. The authors believe the most plausible interpretation of this finding

is that there are economies associated with trading commissions and lending fees

at the family level. Bigger families like Fidelity are able to get better concessions

on trading commissions and earn higher lending fees for the stocks held by their

funds. Massa (2003) studies how the family strategies affect fund performance

and fund proliferation (the number of funds a fund family wants to set up). He

employs non-performance-related fund characteristics and performance related

ones to construct the index of product differentiation. The empirical finding shows

that fund performance is negatively related to the degree of product differentiation.
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Nanda et al. (2004) examine whether there are intrafamily spillover effects

and whether a fund’s cash flows are affected by the star performance of other funds

in its family. They find that the stellar performance of one fund has a positive

spillover onto the inflows of other funds in the same family.7 Sialm and Tham

(2016) find that the prior stock price performance of a fund management company

predicts flows into its affiliated funds. Choi, Kahraman, and Mukherjee (2016)

study managers who manage two mutual funds simultaneously and investigate

whether investors learn about managerial ability from past performance in the other

fund managed by the same person.8 The empirical findings indicate that flows

into one fund respond positively to the performance of the other fund managed

by the same fund manager. Brown and Wu (2016) develop a novel model to test

investor sophistication by allowing for cross-fund learning within fund families.

They empirically test how fund flows respond to the fund’s own performance and

family performance, and how these flow-performance sensitivities vary with fund

characteristics.9 They find that the positive sensitivity of flows to a fund’s own

7Nanda et al. (2004) use several alternative measures to evaluate fund performance which include

CAPM adjusted returns, Fama-French three-factor adjusted returns, Carhart four-factor adjusted

returns, and raw returns. Take Fama-French three-factor adjusted returns as an example. They

define a star fund as one with performance which ranks among the top five percent of performances

over the past 12 months.
8Te authors measure fund performance using the four-factor alpha, which is the risk- or style-

adjusted return over the previous 12 months estimated using the Carhart (1997) four-factor model.
9They define a fund’s own performance as the ratio of its Fama-French three-factor alpha or

Carhart four-factor alpha to the standard deviation of its model residuals. The family performance

is defined as the average of fund performance across all the other funds in the same family.
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performance declines with manager overlap rate, the fund age, and the number of

funds in the family, and increases with the correlation of idiosyncratic fund returns.

Furthermore, they find that the flows to a member fund relate positively to family

performance, and this sensitivity is higher when the manager overlap rate is high,

the number of funds in the family is large, the fund is young, and the correlation of

idiosyncratic returns is low.

Fang, Kempf, and Trapp (2014) investigate the allocation decision by fund

families in assigning fund managers. They find that fund families allocate their

most skilled managers to market segments (inefficient markets) in which skilled

managers can exploit inefficiencies and hence manager skill is rewarded best. Berk,

van Binsbergen, and Liu (2017) study capital reallocation decisions of mutual fund

firms and find that mutual fund firm executives can use private information about

managerial skill to direct capital away from over-funded managers and towards

under-funded managers.

This work adds to the mutual fund family literature by investigating two

channels through which the family performance could affect fund performance. On

the one hand, there might exist information and research resource sharing in the

fund family, which suggests that there is a positive relation between prior family

performance and subsequent fund performance. On the other hand, due to the

existence of cross-fund subsidization, fund performance of those well-performing

funds may be enhanced at the expense of other low-value funds.
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3.3 Hypotheses

I consider two potential impacts that past family performance could have on

future fund performance. These two effects constitute the two working hypotheses

against a null of no impact from family performance on future fund performance.

• H0: No impact of family performance on future fund performance. The

prior family performance does not contain information about future fund

performance.

• H1: Information and Resource Sharing. Mutual funds which belong to the

same family share same research resources and brands, therefore past family

performance is expected to have positive impact on the future performance

of the fund under consideration.

• H2: Cross-Fund Subsidization. There may exist cross-fund subsidization in

a fund family. The future performance of funds which performed well is

boosted at the expense of that of low performing funds. Therefore, when

other funds in the family are performing poorly, the fund in consideration

might be performing well next quarter if the family favors this fund.

3.4 Data, Variable Definition, and Summary Statistics

The primary data source for this study is the Center for Research in Security

Prices (CRSP) Survivor-Bias Free U.S. Mutual Fund Database for the period January
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1999 to December 2015.10 The CRSP Mutual Fund Database includes information

on fund returns, fund management company, total net assets (TNA), different types

of fees, investment objectives, the first offer date, and other fund characteristics.11

The CRSP returns are net after fees, expenses, and brokerage commissions but

before any front-end or back-end loads.

This CRSP database identifies each fund share class separately. MFLINKS

database assigns each share class to the underlying fund, and thus is used to

aggregate observations to the fund level. A fund’s total net asset value (TNA) is

the sum across all share classes. Its return, expense ratio, and turnover ratio are

averages weighted by the lagged asset value of each class. Fund age is defined as

the number of years since the inception of the oldest share classes. Fund family is

identified by the management company code.

This chapter focuses on actively managed U.S. equity mutual funds. The

sample is selected based on the following Lipper classes: Large-Cap Core, Large-

Cap Growth, Large-Cap Value, Mid-Cap Core, Mid-Cap Growth, Mid-Cap Value,

Small-Cap Core, Small-Cap Growth, Small-Cap Value, Multi-Cap Core, Multi-

Cap Growth, and Multi-Cap Value.12 Funds managing less than $5 million are

10I use the variable Management Company Code, mgmt cd, from CRSP Mutual Fund databse to

identify fund families, and this variable is only available since 1999.
11The data on net returns are provided monthly, while other fund characteristics, such as expense

ratio, investment objective code, asset composition, etc., are available annually before 1999 and

quarterly after 1999.
12I use the variable Lipper class name from CRSP mutual fund database to select my sample. The

data for this variable is available from December 31, 1999.
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eliminated from consideration. I also exclude any funds which are affiliated with

small fund families (which have fewer than 10 funds).13

The final sample consists of 105 families with 1,988 funds during the sample

period Jan 1999 - Dec 2015.14

3.4.1 Performance Measures

In this study, I employ three different performance measures. I calculate

abnormal returns after adjusting for the factor loadings using the one-factor capital

asset pricing model (CAPM), the Fama and French (1993) three-factor model, and

the Carhart (1997) four-factor model. The Carhart model has the following general

specification:

Rf ,t −R0,t =αf + βf ,M(RM,t −R0,t) + βf ,SMBSMBt

+ βf ,HMLHMLt + βf ,MOMMOMt + ef ,t
(3.1)

where the dependent variable is the monthly return on fund f in month t minus

the risk-free rate, and the independent variables are given by the returns of the

following four zero-investment factor portfolios. The term RM,t −R0,t denotes the

13There are 356 families which manage more than two funds, 225 families which manage more

than five funds, and 105 families which manage at least 10 funds.
14Note this is a unbalanced panel dataset. Some funds only entered the sample for a very short

period of time. For example, Wells Fargo Funds Trust: Income Plus Fund only appears in the sample

from July 2003 to March 2005. However, some other funds entered the sample for as long as 203

months. For instance, Thrivent Mid Cap Stock Fund lasts for the whole sample period from Jan

1999 to Dec 2015.
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excess return of the market portfolio over the risk-free rate, SMB is the return dif-

ference between small and large capitalization stocks, HML is the return difference

between high and low book-to-market stocks, and MOM is the return difference

between stocks with high and low past returns. The CAPM uses only the market

factor, and the Fama and French model uses the first three factors.

In the empirical analysis of this study, I define the dependent variable in

the regressions as fund abnormal return during month t under CAPM, the Fama

French three-factor model, or the Carhart four-factor model. Take the Carhart

four-factor model as an example. Specifically, a fund f ’s four-factor abnormal

return is estimated as:

ˆRetf ,t =(Rf ,t −R0,t)− β̂f ,M,t−1(RM,t −R0,t)− β̂f ,SMB,t−1SMBt

− β̂f ,HML,t−1HMLt − β̂f ,MOM,t−1MOMt

(3.2)

where Rf ,t is fund f ’s after-expense net return in month t; R0,t is the risk-free

rate; RM,t − R0,t, SMB, HML, and MOM are defined as in equation (3.1); β̂f ,M ,

β̂f ,SMB, β̂f ,HML, and β̂i,MOM are the estimated fund loadings to the four factors.

These loadings are estimated using past 24 months of data (month t − 24 to month

t − 1) under the Carhart four-factor model. I require a fund to have a minimum of

20 months of data for the factor loading estimation (hence the abnormal return

estimation) to be valid.

I define the past fund performance, P erff ,t−1, as the past fund alpha, which

is the intercept of a model (CAPM, three-factor model, or four-factor model). The

alpha is estimated from the factor model using rolling 24 months of returns (month

t − 24 to month t − 1).
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The past family performance, FamP erff ,t−1, is the value weighted average

of past fund performance of all the other funds which belong to the same fund

family as the fund in consideration. More specifically, the past family performance

is defined as follows:

FamP erff ,t−1 =
nf ,t−1−1∑
i=1,i,f

(vwi,t−1 ∗ P erfi,t−1) (3.3)

where nf ,t−1 is the total number of funds in the family which fund f belongs to;

vwi,t−1 is value weight of fund i; P erfi,t−1 denotes the past performance of fund i at

t − 1.

In this study, I test whether various measures of past performance and prior

family performance have predictive power for subsequent fund performance.

3.4.2 Summary Statistics

Table 3.1 reports summary statistics at the fund-month level for the sample

of funds in this study. Panel A reports the basic fund characteristics, including

fund raw net return, fund excess return (over one month treasury bill rate), fund

age, total net assets, return volatility, expense ratio, and turnover ratio. A typical

fund is about 12 years old, manages 1,736 million dollars of assets, has a return

volatility of 4.8%, experiences an expense ratio of 1.1%, and has a turnover ratio

of 79%. Large standard deviations of these fund characteristics indicate that there

is large variability across funds. Panel B reports two family characteristics which

can be used to measure family size: family total net assets and the number of funds
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within a family. The number of funds simultaneously offered by a family, averaged

across fund-months, is about 20.84. The average total net assets managed by a

family is around 48.5 billion dollars.

Panel C shows the performance statistics, in which Panel C.1 indicates the

past performance metrics, while the Panel C.2 reports the abnormal performance

metrics. Past fund performance is measured using average fund raw net returns

over past 24 months and using three different factor models: CAPM, the Fama

French 3-factor model, and the Carhart 4-factor model. Based on CAPM, the past

performance is about -1.2 basis points per month. The 3-factor model and the

4-factor model estimate an average alpha of around -6.4 and -6.9 basis points per

month, respectively. The finding of a negative average alpha is consistent with

prior studies in the mutual fund literate. One possible interpretation is that the

benchmark returns do not take transaction costs into consideration. The family

performance based on CAPM, the Fama French 3-factor model, and the Carhart

4-factor model is about 1.67, -3.0 and -3.7 basis points per month, respectively.

Panel C.2 reports the abnormal performance metrics estimated by the model (3.2).

These variables serve as the dependent variable in the multi-variate regression

analysis.
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3.5 Empirical Methodology and Empirical Results

3.5.1 Portfolio Analysis

First, I employ single sort portfolio analysis to analyze the univariate rela-

tionship between past family performance and future fund performance. I would

like to learn whether prior family performance alone can predict future fund

performance.

Table 3.2 reports statistics on decile portfolios formed on past family perfor-

mance estimates. The dependent variable in the first, second, and the third column

is fund risk-adjusted return (in percent) based on CAPM, Fama French 3-factor

model, and Carhart 4-factor model, respectively. Family performance is calculated

as the value weighted average of alphas for all funds in one family, excluding the

fund under consideration. The fund past alphas are estimated based on CAPM,

Fama French 3-factor model, and Carhart 4-factor model, respectively. The “High-

Low” row shows the spread in risk-adjusted return at current month, which ranges

from 0.07 to 0.17 percent, depending on which model is used. Take CAPM as an

example. The top decile (decile 10) achieves a positive risk-adjusted return that is

0.05 percent per month, while the bottom decile (decile 1) has a negative return

which is about -0.12 percent. The results largely support the notion that past family

performance is positively associated with future fund performance.

Furthermore, I form portfolios of mutual funds on lagged family returns,

and estimate performance on the resulting portfolios using different factor models:

CAPM, the FF 3 factor model, and the Carhart 4-factor model. In each month,
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I form ten equal-weighted portfolios of mutual funds using past family returns.

Past family return is calculated as the value weighted average of raw net returns

for all funds in one family, excluding the fund under consideration, over past 24

months. I hold the portfolios for one month, and they are rebalanced monthly.

This yields a time series of monthly returns on each decile portfolio from 1999 to

2015. I report the CAPM alpha of the fund portfolios in column 1 in Table 3.3,

the three-factor alpha in the second column, and the Carhart four-factor alpha in

the last column. As shown in Table 3.3, funds in the top past family return decile

significantly outperform those in the bottom decile by 0.12% (or 12 bps) in terms

of monthly CAPM alphas (and the three-factor alphas) or by 0.15% (or 15 bps) in

terms of monthly Carhart alphas.

I further examine whether the tendency of past family performance to

positively predict future fund performance is influenced by past fund performance.

I test an investment strategy that predicts fund performance based on the fund’s

lagged performance and prior family performance. More specifically, in month t, I

sort funds into quintiles by their prior family performance, and within each quintile

I sort funds into quintiles by their past performance. The prior fund performance

is estimated by the alpha from different factor models, using the data over prior

twenty-four months preceding month t. This procedure produces twenty-five (5x5)

portfolios with an equal number of funds in each.15

Table 3.4 reports the results. Panel A shows the CAPM alpha. Panel B shows

15The number of fund months in each cell of the matrix may be slightly different because the

number of funds in each month does not always divide exactly by twenty-five.
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the Fama French 3-factor alpha. Panel C shows the Carhart 4-factor alpha. In

Panel A, across different past performance quintiles, the average fund performance

is statistically significantly higher when prior family performance is higher. The

monthly risk-adjusted performance (alpha) for the portfolio of both the highest

prior family performance quintile and highest past performance quintile is about 23

basis points, while the portfolio with the lowest past performance and lowest family

performance earned a negative 17 basis points. I estimate the fund performance

of a hypothetical portfolio with a long position in the highest family performance

quintile funds and a short position in the lowest family performance quintile funds

for every past fund performance quintile. Then I test whether funds with high past

family performance significantly outperform funds with low family performance.

The results are presented in the row of Table 3.4 under “High-Low”. The return

from this strategy is positive for all past performance quintiles. This is consistent

with the interpretation that information or resources sharing may exist in a fund

family. The similar patterns exist for both Panel B and Panel C.

3.5.2 Multivariate Regression

Since the previous results do not take into account important interactions

between the variables, I now turn to regression analysis to gain further insights into

the impact of past family performance on fund performance. I further analyze the

impact of prior family performance on the subsequent performance of mutual funds

using Fama-MacBeth regressions. I test this by regressing the fund performance

on past family performance while controlling for various fund characteristics that
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might influence fund performance. I run the following multivariate regression:

Retf ,t =α + β1P erff ,t−1 + β2FamP erff ,t−1

+ β3TNAf ,t−1 + β4Agef ,t−1 + β5Ret V olf ,t−1 + β6Exp Ratiof ,t−1

+ β7T urnOverf ,t−1 + β8FamTNAf ,t−1 + β9NumFundsf ,t−1

+ εf ,t

(3.4)

where the dependent variable Retf ,t is the fund abnormal return during month t

under the CAPM, Fama French three-factor model, or Carhart four-factor model,

estimate from equation (3.2); P erff ,t−1 is the past fund alpha estimated over t − 24

to t − 1; FamP erff ,t−1 is the value weighted fund past performance over t − 24 to

t − 1 for all the other funds in the fund family with which fund f is affiliated;

TNAf ,t−1 is the logarithm of total net assets (in million dollars) of fund f at t − 1;

Agef ,t−1 is the fund age at t − 1 in years; Ret V olf ,t−1 is the standard deviation of

fund returns over t − 24 to t − 1; Exp Ratiof ,t−1 represents the fund expense ratio

at t − 1; T urnOverf ,t−1 represents the fund turnover ratio16 at t − 1; FamTNAf ,t−1

is the logarithm of total net assets (in million dollars) of the fund family with

which fund f is affiliated at t − 1, capturing potential economies of scale and scope;

NumFundsf ,t−1 is the number of mutual funds in the fund family with which fund

f is affiliated at t − 1.

A positive relation (positive β2) between prior family performance and sub-

sequent fund performance would be indicative of the “information and resource

16In CRSP mutual fund database, fund turnover ratio (variable turn ratio in the dataset) is defined

as “Minimum (of aggregated sales or aggregated purchases of securities), divided by the average

12-month Total Net Assets of the fund.”
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sharing” hypothesis, whereas a negative relation (negative β2) would provide evi-

dence in favor of the “cross-fund subsidization” hypothesis.

The main testable implications can be summarized as below:

• Under No Impact from Family Performance (Hypothesis H0): β2 = 0

• Under Information Sharing (Hypothesis H1): β2 > 0

• Under Cross-fund Subsidization (Hypothesis H2): β2 < 0

In each month I regress 4-factor adjusted fund performance on past Carhart

alpha or/and prior family performance, controlling for different combinations of

the fund characteristics and family characteristics. Then I average the coefficient

estimates across the complete sample period. The estimation results are shown in

Table 3.5. I start with a simple model involving past family performance alone in

the first column. The positive coefficient indicates that past family performance

is positively associated with future fund performance throughout the sample pe-

riod. In the second column, I test the simplest form of the relationship between

past performance and subsequent fund performance. I find that there is some

evidence of performance persistence. In the next column, I include both past fund

performance and past family performance, and find that the positive association

between past family performance and subsequent fund performance decreases

when past fund performance is added to the model. In the last two columns, a set

of fund characteristics and family characteristics are added. Overall, the positive

coefficients on past family performance in all model specifications indicate that a
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one basis point increase in past family performance increases the fund performance

by approximately 0.08 basis points.

Next, I consider different performance measures. In each month I estimate

the cross-section regression in (3.4), then average the coefficient estimates across

the complete sample period. The multivariate estimation results of model (3.4) are

presented in Table 3.6. The performance measures used in the first two columns

are estimated from the CAPM, those employed in the third and fourth columns are

estimated from the Fama French 3-factor model, and those measures used in the

last two columns of Table 3.6 are from Carhart 4-factor model. The main focus is

on the coefficients of the family performance.

The null hypothesis that the family performance has no impact on future

fund performance can be rejected at 5% level across all model specifications. This

result holds under different performance metrics. I find that the estimated β2

coefficient (coefficient on past family performance) is positive and statistically

significant, implying that, prior family performance can positively predict future

fund performance. The magnitude of the estimate of β2 ranges from 0.08 to 0.12,

depending on the performance metric and model specification. The regression

results from CAPM show that one basis point increase in past family performance

increases the fund performance by 0.12 basis points. Thus, the information sharing

hypothesis on the information and resources sharing in the mutual fund family

is supported. The results suggest that family performance is a useful indicator of

future performance.
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3.6 Robustness Tests

3.6.1 Subperiod Analysis

The full sample analysis examines the relationship between prior family

performance and future fund performance from 1999 to 2015. In the literature,

some studies (e.g. Kacperczyk et al., 2014) show that fund managers may choose

to focus on different tasks at different points in time. Therefore, it is interesting to

see the time trend in the predictive power of prior family and fund performance in

future fund performance.

In Table 3.7, I break the entire sample period of 1999-2015 into three subperi-

ods: 1999-2006 (Pre-Financial Crisis), 2007-2009 (Financial Crisis), and 2010-2015

(Post-Financial Crisis). I repeat the multivariate analysis in Table 3.6 for each of

the subperiod. The coefficient on past family performance during the 1999-2006

time period is not precisely estimated. In terms of the magnitude of the impact of

prior family performance on future fund performance, this relationship is strongest

during the financial crisis. The information on the other funds’ performance has

predictive power in the performance of the fund under consideration, especially

during financial crisis.

The results from this table also show that during the early subperiod (before

Financial Crisis), the relation between prior fund alpha and future fund perfor-

mance is significantly positive during the 1999-2006 and 2010-2015. In addition,

the performance persistence is relatively stronger before financial crisis than after.

However, there is no evidence of fund performance persistence during the financial
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crisis period.

3.6.2 Large v.s. Small Fund Families

This section analyzes how the relationship between past family performance

and future fund performance varies across different fund families. I split the sample

of funds into two subgroups based on the family size. I employ two measures to

measure family size: the total net assets under management by the fund family and

the number of funds in one family.

In Table 3.8, I break the entire sample into two groups: large and small fami-

lies based on family total net assets. To partition on family total net assets, at each

month, I split the families on the sample median of total net assets for families, and

further define below-median families as small families and above-median families

as large families. I find that the relationship between prior family performance and

future fund performance is larger on larger families across all three performance

metrics. For mutual funds which are affiliated with large fund families, a one basis

point increase in past family performance is associated with 0.14-0.15 basis point

increase in subsequent fund performance,17 while for mutual funds affiliated with

small families, a one basis point increase in past family performance is associated

with only 0.03-0.11 basis point increase in subsequent fund performance. However,

not all of the differences in the impact of fast family performance on future fund

17The magnitude of the impact is larger than what I find (about 0.08-0.12 bps) in Table 3.6, where

the full sample of funds is used.
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performance are statistically significant. Only when I use the Carhart 4-factor

model, the difference of 0.118 (0.152-0.0341) between large and small families is

significant at the 10% level.

In Table 3.9, I divide the entire sample into two groups: large and small

families, based on the number of funds in each family. Specifically, at each month,

I split the families on the sample median of number of funds owned by each

family, and further define below-median families as small families and above-

median families as large families. I find that a one basis point increase in past

family performance is associated with 0.15-0.21 basis point increase in subsequent

fund performance. The coefficients on past family performance are not precisely

estimated for funds affiliated with small families, ranging from 0.006 - 0.086

depending on which factor model is used. When the 3-factor model or 4-factor

model is employed to evaluate fund performance, I find the estimated difference of

the impact of prior family performance on future fund performance is significantly

positive: 0.169 (0.213 minus 0.0441) is significant at the 5% level and 0.193 (0.199

minus 0.00565) is significant at the 1% level. These findings imply that the prior

family performance is more useful in predicting future fund performance in larger

families.

3.7 Conclusion

It is important to have a better understanding about the determinants of

mutual fund performance. This study investigates the impact of prior family
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performance on future mutual fund performance in the U.S. using a large sample of

1,988 open-end actively managed equity funds in the 1999-2015 period. I propose

two working hypotheses to test in this study: information sharing hypothesis and

cross-fund subsidization hypothesis. The information and research resource sharing

hypothesis argues that since mutual funds in one family share the same resources,

the good performance of other funds might predict positively about the future

performance of the fund under consideration. On the contrary, the cross-fund

subsidization hypothesis states that the performance of well-performing funds

may be enhanced at the expense of poor-performing funds in the same family.

Therefore, it remains an empirical question to examine the relation between family

performance and future fund performance.

Using both a portfolio approach and multivariate regression approach, I

show that the information in the past returns of other funds in the same family can

be utilized to predict fund performance, after controlling for many fund and family

characteristics. I find that one basis point increase in past family performance is

associated with about 0.08-0.12 basis points increase in future fund performance.

The results on utilizing family performance to predict future fund performance

contribute to the literature on determinants of mutual fund performance and fund

family strategies. Further studies may study other family characteristics or other

information in the other funds in the same family to analyze the fund behavior or

performance. The results also provide important insights for mutual fund investors,

who may take family performance into consideration when they make investment

decisions.
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Table 3.1: Summary Statistics

Mean StdDev 25th Median 75th

Panel A: Fund Characteristics
Fund Net Return (%) 0.5484 5.3512 -2.1872 1.0722 3.7682
Fund Excess Return (% ) 0.547 5.3513 -2.1887 1.0705 3.767
Fund Age (year) 12.398 10.8733 5.8589 9.8472 15
Fund total net assets ($ million) 1736.36 4821.35 125.1 417 1377.5
Return Volatility (%) 4.8108 1.914 3.2855 4.5596 5.9617
Expense ratio (%) 1.0758 0.543 0.8182 1.1 1.4087
Turnover ratio (%) 79.5245 75.4845 29.3274 63 108

Panel B: Family Characteristics
Number of funds within family 20.8384 11.9353 13 17 24
Family total net assets ($ billion) 48.5358 87.7138 7.5296 18.5249 38.5294

Panel C: Performance Metrics

Panel C.1: Past Performance Metrics
Fund Performance (Raw Net Ret, %) 0.5781 1.1973 0.001 0.8427 1.3502
Fund Performance (CAPM, %) -0.0124 0.5457 -0.2956 -0.0527 0.1997
Fund Performance (3-factor, %) -0.0637 0.5386 -0.2769 -0.0722 0.1310
Fund Performance (4-factor, %) -0.069 0.4694 -0.2763 -0.0766 0.1212
Family Performance (Raw Net Ret, %) 0.0058 0.0108 0.0001 0.0084 0.0128
Family Performance (CAPM, %) 0.0167 0.2935 -0.1372 -0.0182 0.1279
Family Performance (3-factor, %) -0.0299 0.2523 -0.1638 -0.0393 0.0814
Family Performance (4-factor, %) -0.0373 0.2369 -0.1655 -0.0465 0.0682

Panel C.2: Abnormal Performance Metrics
Abnormal Performance (CAPM, %) -0.0386 2.1457 -1.0201 -0.0867 0.8511
Abnormal Performance (3-factor, %) -0.0966 1.7727 -0.8929 -0.096 0.6794
Abnormal Performance (4-factor, %) -0.1024 1.7366 -0.8908 -0.0984 0.6727

This table presents summary statistics at the fund-month level, including mean, standard deviation, the 25th percentile,

median, and the 75th percentile. The mutual fund sample in this study consists of 1,988 domestic actively-managed

equity funds from 105 fund families. Total net assets, turnover ratio, and expense ratio are aggregated across all share

classes of the same fund. Fund age is the age of the oldest share class. Fund past performance is average raw net

returns over past 24 months or alpha estimated by the CAPM, the 3-factor model, or the 4-factor model using rolling

windows of 24 months. Family performance is the value-weighted average of fund performance excluding the fund

under consideration. Number of funds within family is the total number of funds within a fund’s family. Abnormal

Performance is estimated using equation (3.2).

122



Table 3.2: Portfolios of Mutual Funds Formed on Past Family Performance

Past Family Alpha CAPM 3-Factor Model 4-Factor Model

Decile 1 - Low -0.1238*** -0.1337*** -0.1551***
(0.0177) (0.0143) (0.0148)

Decile 2 -0.066*** -0.1534*** -0.1539***
(0.0172) (0.0137) (0.0140)

Decile 3 -0.0466*** -0.1079*** -0.1202***
(0.0166) (0.0136) (0.0138)

Decile 4 -0.0411** -0.1138*** -0.1237***
(0.0172) (0.0136) (0.0136)

Decile 5 -0.0383** -0.1059*** -0.1189***
(0.0173) (0.0138) (0.0140)

Decile 6 -0.0428** -0.1126*** -0.0994***
(0.0171) (0.0144) (0.0146)

Decile 7 -0.0426** -0.0743*** -0.0696***
(0.0172) (0.0138) (0.0143)

Decile 8 -0.0029 -0.0645*** -0.0494***
(0.0177) (0.0143) (0.0140)

Decile 9 -0.0268 -0.0564*** -0.0495***
(0.0176) (0.0146) (0.0141)

Decile 10 - High 0.0457** -0.0423** -0.0839***
(0.0199) (0.0181) (0.0147)

High - Low 0.1696*** 0.0914*** 0.0712***
(0.0257) (0.024) (0.0221)

This table reports the fund risk-adjusted return for each decile. At the end of each month, mutual funds are sorted

into equal-weight decile portfolios based on their family performance estimated over the prior 24 months. Family

performance is calculated as the value weighted average of alphas for all funds in one family, excluding the fund in

consideration. Funds with the highest past family performance comprise decile 10 and funds with the lowest comprise

decile 1. The first, second, and the third column shows the monthly risk-adjusted return based on CAPM, FF 3-factor,

and Carhart 4-factor model, respectively. All numbers are in percent.
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Table 3.3: Portfolios of Mutual Funds Formed on Past Family Return

Past Family Return CAPM 3-Factor Model 4-Factor Model

Decile 1 - Low -0.0287 -0.0742* -0.0721*
(0.0595) (0.0412) (0.0414)

Decile 2 -0.0073 -0.0533 -0.0574
(0.0609) (0.0417) (0.0418)

Decile 3 0.0302 -0.0162 -0.0254
(0.0605) (0.0411) (0.0406)

Decile 4 0.0478 0.0025 -0.0116
(0.0606) (0.0422) (0.0405)

Decile 5 0.0479 0.0034 -0.0038
(0.0584) (0.0414) (0.0411)

Decile 6 0.0345 -0.0088 -0.0133
(0.0571) (0.0395) (0.0396)

Decile 7 0.0082 -0.0287 -0.0333
(0.0559) (0.0429) (0.043)

Decile 8 0.0677 0.0254 0.0180
(0.0594) (0.0445) (0.0443)

Decile 9 0.0900 0.0498 0.0352
(0.0626) (0.0491) (0.0476)

Decile 10 - High 0.0927 0.047 0.0329
(0.0645) (0.0474) (0.0459)

High - Low 0.1204*** 0.1201*** 0.1039***
(0.0332) (0.0334) (0.0302)

Mutual funds are sorted into decile portfolios based on their lagged family returns. In each

month, I form ten equal-weighted portfolios of mutual funds using past family returns. Past

family return is calculated as the value weighted average of raw net returns for all funds in

one family, excluding the fund under consideration, over past 24 months. The performance is

estimated on the resulting portfolios using different factor models: CAPM, the FF 3 factor model,

and the Carhart 4-factor model. The standard errors are in parentheses. All performance and

standard errors are in percent.

124



Table 3.4: Double Sort Portfolio Analysis: by Past Family Performance First

Prior Family Past Fund Performance
Performance 1-Low 2 3 4 5-High High-Low se

Panel A: CAPM
1-Low -0.1651 -0.1635 -0.0913 -0.0786 0.0261 0.1912*** 0.0243
2 -0.1522 -0.1298 -0.0511 0.0347 0.0822 0.2344*** 0.018
3 -0.1432 -0.1179 -0.0401 -0.0118 0.1136 0.2569*** 0.0191
4 -0.1514 -0.0726 -0.0431 -0.0004 0.1578 0.3092*** 0.0197
5-High -0.1097 -0.0794 -0.0291 0.0383 0.2308 0.3404*** 0.0203
High-Low 0.0555 0.0842** 0.0623* 0.1169*** 0.2047** 0.1492**
se 0.0303 0.0236 0.0253 0.0258 0.0274 0.0243

Panel B: FF 3-factor
1-Low -0.2468 -0.2055 -0.1342 -0.1001 -0.0277 0.2191*** 0.0216
2 -0.2251 -0.1207 -0.0869 -0.0827 -0.0367 0.1884*** 0.0202
3 -0.2526 -0.1235 -0.103 -0.0817 0.0196 0.2722*** 0.0201
4 -0.1774 -0.0952 -0.0699 -0.0283 0.0257 0.2031*** 0.02
5-High -0.1722 -0.1312 -0.0257 0.0089 0.0747 0.2469* 0.0243
High-Low 0.0746** 0.0743*** 0.1085*** 0.1091*** 0.1024** 0.0278
se 0.0227 0.0201 0.0191 0.0206 0.0246 0.0215

Panel C: Carhart 4-factor
1-Low -0.2567 -0.2173 -0.1246 -0.1192 -0.053 0.2037*** 0.0224
2 -0.252 -0.1539 -0.0974 -0.0978 -0.0051 0.2469*** 0.02
3 -0.2537 -0.1477 -0.113 -0.0367 0.0086 0.2623*** 0.0213
4 -0.1319 -0.1146 -0.0785 -0.0308 0.0621 0.1939*** 0.0208
5-High -0.1439 -0.1371 -0.0701 -0.0161 0.0347 0.1786*** 0.0207
High-Low 0.1128*** 0.0801*** 0.0545* 0.1031*** 0.0878** -0.0251
se 0.0248 0.0206 0.0201 0.0216 0.0242 0.0212

Mutual funds are sorted on each month from 1999 to 2015 into quintiles by past family performance first (across the five

rows), then within each quintile, the mutual funds are further divided into five portfolios by the past fund performance

(across the five columns). All the numbers shown in the table are the fund risk-adjusted return at current month. The

standard errors are clustered at the fund level. All performance and standard errors are in percent. Asterisks *, ** and

*** denote significance at the level of 10%, 5% and 1% level, respectively.
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Table 3.5: Fama-MacBeth Multivariate Regression: Carhart

(1) (2) (3) (4) (5)

FamPerf 0.176∗∗∗ 0.0947∗∗ 0.0925∗∗ 0.0846∗∗

[0.052] [0.045] [0.038] [0.039]
Perf 0.265∗∗∗ 0.260∗∗∗ 0.254∗∗∗ 0.245∗∗∗

[0.052] [0.051] [0.053] [0.053]
Log(Age) 0.0122 0.0137

[0.010] [0.011]
Ret. Vol. -0.00951 -0.00451

[0.031] [0.030]
Expense -0.0420∗∗ -0.0551∗∗∗

[0.016] [0.018]
Turnover 0.0000948 0.0000329

[0.000] [0.000]
Log(TNA) -0.00138 -0.00589

[0.006] [0.006]
Log(FamTNA) 0.0142∗∗

[0.006]
Log(NumFunds) -0.0129

[0.018]

Observations 149505 149505 149505 135761 126210
R2 0.005 0.042 0.046 0.101 0.108

This table examines the impact of past fund performance and family performance on future

fund performance. The dependent variable is the risk-adjusted return based on Carhart 4-factor

model. The fund past performance is calculated as the 4-factor model alpha. The past family

performance is time series average of the value-weighted average of all other funds’ alpha.

Asterisks *, ** and *** denote significance at the level of 10%, 5% and 1% level, respectively.

126



Table 3.6: Fama-MacBeth Multivariate Regressions

CAPM 3-factor 4-factor

FamPerf 0.118∗∗ 0.118∗∗ 0.111∗∗∗ 0.0964∗∗ 0.0925∗∗∗ 0.0846∗∗

[0.054] [0.056] [0.039] [0.040] [0.038] [0.039]
Perf 0.271∗∗∗ 0.264∗∗∗ 0.248∗∗∗ 0.241∗∗∗ 0.254∗∗∗ 0.245∗∗∗

[0.081] [0.082] [0.067] [0.067] [0.053] [0.053]
Log(Age) 0.0143 0.0149 0.0156 0.0178 0.0122 0.0137

[0.014] [0.014] [0.011] [0.011] [0.010] [0.011]
Ret. Vol. -0.0222 -0.0195 -0.00979 -0.00404 -0.00951 -0.00451

[0.057] [0.057] [0.032] [0.032] [0.031] [0.030]
Expense -0.0504∗∗∗ -0.0659∗∗∗ -0.0353∗∗ -0.0523∗∗∗ -0.0420∗∗ -0.0551∗∗∗

[0.014] [0.018] [0.018] [0.020] [0.016] [0.018]
Turnover 0.000272 0.000260 0.0000714 0.0000214 0.0000948 0.0000329

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Log(TNA) -0.00427 -0.00554 -0.00468 -0.00937 -0.00138 -0.00589

[0.007] [0.007] [0.006] [0.006] [0.006] [0.006]
Log(FamTNA) 0.00566 0.0144∗∗ 0.0142∗∗

[0.008] [0.007] [0.006]
Log(NumFunds) -0.0246 -0.0196 -0.0129

[0.022] [0.019] [0.018]

Observations 135745 126194 135997 126446 135761 126210
R2 0.224 0.233 0.116 0.124 0.101 0.108

This table examines the impact of past fund performance and family performance on future fund performance. In the firs two

columns, the dependent variable is the risk-adjusted return based on CAPM. The dependent variable in the third and fourth columns

is the risk-adjusted return estimated from the Fama French 3-factor model. The dependent variable in the last two columns is the

risk-adjusted return based on Carhart 4-factor model. The fund past performance is calculated as the model alpha. The past family

performance is time series average of the value-weighted average of all other funds’ alpha. The control variables include: lagged

natural logarithm of each fund’s TNA, lagged expense ratio, lagged fund age, return volatility, turnover ratio, and the family total

net assets as well as the number of funds within the fund family. Asterisks *, ** and *** denote significance at the level of 10%, 5%

and 1% level, respectively.
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Table 3.7: The Impact of Past Family Performance on Future Fund Performance: Subperiod Analysis

CAPM 3-factor 4-factor
1999-2006 2007-2009 2010-2015 1999-2006 2007-2009 2010-2015 1999-2006 2007-2009 2010-2015

FamPerf -0.0313 0.331∗ 0.141∗∗ 0.0489 0.292∗∗ 0.0902∗ 0.0713 0.284∗∗ 0.0675
[0.059] [0.179] [0.060] [0.059] [0.116] [0.050] [0.061] [0.110] [0.053]

Perf 0.369∗∗∗ 0.0708 0.269∗∗ 0.299∗∗∗ 0.0897 0.266∗∗∗ 0.290∗∗∗ 0.174 0.241∗∗∗

[0.124] [0.239] [0.128] [0.066] [0.245] [0.075] [0.079] [0.133] [0.078]
Log(Age) -0.0171 0.0945∗∗∗ 0.00307 0.0258 0.0490 -0.00482 0.0132 0.0585∗∗ -0.00836

[0.019] [0.031] [0.014] [0.016] [0.031] [0.014] [0.014] [0.027] [0.014]
Ret. Vol. -0.0238 0.229∗∗ -0.140 -0.0234 0.0879 -0.0330 -0.0130 0.0239 -0.0113

[0.094] [0.111] [0.091] [0.039] [0.115] [0.030] [0.034] [0.122] [0.027]
Expense -0.0608∗∗∗ -0.0539 -0.0765∗∗ -0.0463∗∗ -0.0305 -0.0684∗∗ -0.0450∗∗ -0.0672 -0.0579∗∗

[0.020] [0.042] [0.030] [0.021] [0.068] [0.027] [0.022] [0.054] [0.027]
Turnover 0.0000124 0.000240 0.000486 0.000183 -0.000239 0.0000100 0.000256 0.0000809 -0.000186

[0.000] [0.001] [0.000] [0.000] [0.001] [0.000] [0.000] [0.001] [0.000]
Log(TNA) -0.0112 -0.0131 0.00316 -0.0144 -0.00382 -0.00770 -0.00715 -0.00660 -0.00444

[0.012] [0.017] [0.009] [0.010] [0.016] [0.008] [0.009] [0.017] [0.008]
Log(FamTNA) 0.0164∗ 0.0238 -0.0129 0.0182∗∗ 0.0284 0.00415 0.0156∗ 0.0220 0.00909

[0.009] [0.019] [0.013] [0.009] [0.020] [0.010] [0.009] [0.016] [0.010]
Log(NumFunds) -0.0275 -0.105∗ 0.0183 -0.0213 -0.0888∗ 0.0164 -0.0162 -0.0785∗ 0.0226

[0.036] [0.052] [0.026] [0.024] [0.050] [0.025] [0.024] [0.044] [0.027]

Observations 45839 31654 48701 46001 31695 48750 45851 31660 48699
R2 0.252 0.214 0.227 0.128 0.150 0.107 0.115 0.119 0.098

This table examines the impact of past fund performance and family performance on future fund performance. In the firs three columns, the

dependent variable is the risk-adjusted return based on CAPM. The dependent variable in the fourth to sixth columns is the risk-adjusted return

estimated from the Fama French 3-factor model. The dependent variable in the last three columns is the risk-adjusted return based on Carhart

4-factor model. The fund past performance is calculated as the model alpha. The past fund performance is time series average of the value-

weighted average of all other funds’ fund alpha. The control variables include: lagged natural logarithm of each fund’s TNA, lagged expense

ratio, lagged fund age, return volatility, turnover ratio, and the family total net assets as well as the number of funds within the fund family.

Asterisks *, ** and *** denote significance at the level of 10%, 5% and 1% level, respectively.
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Table 3.8: The Impact of Past Family Performance on Future Fund Performance: Family TNA

CAPM 3-factor 4-factor
Small Large Small Large Small Large

FamPerf 0.107 0.138∗ 0.0798∗ 0.136∗∗ 0.0341 0.152∗∗

[0.067] [0.071] [0.046] [0.064] [0.048] [0.065]
Perf 0.271∗∗∗ 0.258∗∗∗ 0.268∗∗∗ 0.211∗∗∗ 0.277∗∗∗ 0.226∗∗∗

[0.079] [0.088] [0.065] [0.071] [0.051] [0.060]
Log(Age) 0.0170 0.0263 0.0214 0.0195 0.0144 0.0175

[0.015] [0.019] [0.015] [0.014] [0.014] [0.013]
Ret. Vol. -0.0157 -0.0225 -0.00319 -0.00380 -0.00725 0.000496

[0.061] [0.055] [0.031] [0.034] [0.030] [0.032]
Expense -0.0475∗∗ -0.0757∗∗∗ -0.0191 -0.0725∗∗∗ -0.0197 -0.0779∗∗∗

[0.022] [0.026] [0.022] [0.025] [0.022] [0.022]
Turnover 0.0000680 0.000564∗ -0.0000972 0.000255 -0.0000603 0.000202

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Log(TNA) -0.00510 -0.00877 -0.00790 -0.0109 -0.00343 -0.00933

[0.007] [0.008] [0.007] [0.007] [0.007] [0.007]
Log(FamTNA) -0.00289 0.0201 0.00638 0.0199 0.00717 0.0248∗

[0.014] [0.018] [0.012] [0.016] [0.012] [0.014]
Log(NumFunds) -0.00494 -0.0665∗∗ 0.00891 -0.0546∗ 0.000247 -0.0427∗

[0.026] [0.032] [0.025] [0.029] [0.026] [0.026]

Observations 62210 63984 62318 64128 62216 63994
R2 0.237 0.264 0.134 0.152 0.118 0.137

This table examines the impact of past fund performance and family performance on future fund performance. In the firs two columns, the

dependent variable is the risk-adjusted return based on CAPM. The dependent variable in the third and fourth columns is the risk-adjusted

return estimated from the Fama French 3-factor model. The dependent variable in the last two columns is the risk-adjusted return based on

Carhart 4-factor model. The fund past performance is calculated as the model alpha. The past family performance is time series average of the

value-weighted average of all other funds’ alpha. The sample is divided into two groups: small families and large families, based on family total

net assets. The control variables include: lagged natural logarithm of each fund’s TNA, lagged expense ratio, lagged fund age, return volatility,

turnover ratio, and the family total net assets as well as the number of funds within the fund family. Asterisks *, ** and *** denote significance

at the level of 10%, 5% and 1% level, respectively.
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Table 3.9: The Impact of Past Family Performance on Future Fund Performance: Number of Funds per Family

CAPM 3-factor 4-factor
Small Large Small Large Small Large

FamPerf 0.0856 0.150∗∗ 0.0441 0.213∗∗∗ 0.00565 0.199∗∗∗

[0.062] [0.072] [0.046] [0.064] [0.047] [0.062]
Perf 0.285∗∗∗ 0.246∗∗∗ 0.244∗∗∗ 0.244 ∗∗∗ 0.247∗∗∗ 0.255∗∗∗

[0.080] [0.088] [0.068] [0.069] [0.057] [0.055]
Log(Age) 0.0164 0.0338∗ 0.0196 0.0224 0.0159 0.0175

[0.015] [0.019] [0.013] [0.014] [0.013] [0.014]
Ret. Vol. -0.0174 -0.0294 0.000860 -0.0139 -0.00318 -0.00680

[0.057] [0.057] [0.032] [0.032] [0.031] [0.031]
Expense -0.0393∗ -0.0636∗∗ -0.0219 -0.0499∗ -0.0201 -0.0653∗∗∗

[0.022] [0.026] [0.022] [0.027] [0.021] [0.024]
Turnover 0.000183 0.000496 -0.0000556 0.000243 -0.0000512 0.000220

[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Log(TNA) -0.0128 -0.000134 -0.0125∗ -0.00493 -0.00694 -0.00448

[0.008] [0.007] [0.007] [0.006] [0.007] [0.007]
Log(FamTNA) 0.00447 0.0111 0.0164∗ 0.0121 0.0137 0.0142

[0.012] [0.011] [0.009] [0.011] [0.009] [0.010]
Log(NumFunds) -0.0618 -0.0653∗ -0.0398 -0.0463 -0.0309 -0.0224

[0.048] [0.039] [0.048] [0.031] [0.047] [0.032]

Observations 68177 58017 68299 58147 68178 58032
R2 0.242 0.260 0.137 0.150 0.120 0.139

This table examines the impact of past fund performance and family performance on future fund performance. In the firs two columns, the

dependent variable is the risk-adjusted return based on CAPM. The dependent variable in the third and fourth columns is the risk-adjusted

return estimated from the Fama French 3-factor model. The dependent variable in the last two columns is the risk-adjusted return based on

Carhart 4-factor model. The fund past performance is calculated as the model alpha. The past fund performance is time series average of the

value-weighted average of all other funds’ fund alpha. The sample is devided into two groups: small families and large families, based on

number of funds per family. The control variables include: lagged natural logarithm of each fund’s TNA, lagged expense ratio, lagged fund age,

return volatility, turnover ratio, and the family total net assets as well as the number of funds within the fund family. Asterisks *, ** and ***

denote significance at the level of 10%, 5% and 1% level, respectively.
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Appendix A

Appendix: Mutual Fund Style Volatility and Fund

Flows

A.1 Style Volatility Measure based on Three Dimensions

To define the style classification and fund style volatility, I follow a four-step

procedure proposed by Brown, Harlow, and Zhang (2015).

In the first step, I use a (5 x 5 x 5) sorting procedure to classify every

potential stock position into quintiles according to three stock characteristics:

market capitalization, book-to-market ratio(industry adjusted) and past return

momentum (prior 12 months). Stock size and book-to-market ratio are defined

in Section 1.2.2. Within each of the 25 style portfolios formed based on size and

BM, I further divide each portfolio into quintiles based on stock return momentum.

Momentum (Mom) is the cumulative stock return over the past 12 months. I

also require a minimum of 11 months of non-missing return data to calculate

momentum. Each stock falling into the top quintile in one characteristic will be

assigned a score of five in that characteristic and that falling into the bottom quintile

will be given a score of one.
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In the second step, I use a fund’s holdings to compute the value-weighted

average size, book-to-market, and momentum scores across the entire portfolio.

More specifically, the fund f ’s style vector at quarter t in style dimension c based

on rank method is:

Rankc,f ,t =
Nf ,t∑
i=1

(vwi,f ,t ∗Rankc,i,t) (A.1)

where Rankc,f ,t represents the rank score for fund f in style dimension c at t, Nf ,t

represents the total number of stocks held by fund f at t, vwi,f ,t denotes the stock i’s

value weight in fund f at quarter t and Rankc,i,t is stock i’s rank, ranging from one

to five, in style dimension c at t. Therefore, (RankMEf ,t,RankBMf ,tandRankMomf ,t)

represents the style vector for fund f at quarter t based on rank method.

The above calculation also gives us the holdings-based fund style classi-

fication method. A fund’s style can be inferred directly from characteristics of

its portfolio holdings. I obtained the average characteristic score to each of the

three style characteristics. I then divide the range of scores of each characteristic

into terciles, that is, I use a (3x3x3) sorting process to place each fund into its

appropriate style category. Therefore, I end up with 27 investment style groups.

In the third step, for fund f in quarter t, I calculate the standard deviation of

the fund’s average scores for each characteristic c using the most recent 12 quarters

of data based on the formula below (for rank method):

σc,f ,t =

√√√ 11∑
n=0

(Rankc,f ,t−n −MRankc,f )2

12− 1
(A.2)

where Rankc,f ,t−n is the weighted average characteristic ranking in quarter t −

n and MRankc,f is the mean of these quarterly rankings during the 12-quarter

133



measurement period. When I calculate the standard deviation σc,f ,t, a minimum of

11 non-missing values are required.

In the fourth step, the equally weighted average of the set of σc,f ,t is given

below:

SVf ,t =
3∑
c=1

σc,f ,t
3

(A.3)

Based on this definition, a portfolio with a lower style volatility means a more

predictable implementation of its style strategy.
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Figure A.1: The Quarterly Time Trend of Fund Style Characteristics
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Figure A.2: The Quarterly Time Trend in Fund Size Rank Score Distribution

This figure plots the distributions of the fund size scores. More specifically, it shows the time

trend for the following statistics: min, 1st percentile, 5th percentile, 25th percentile, median, 75th

percentile, 95th percentile, 99th percentile and max.
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Figure A.3: The Quarterly Time Trend in Fund Value-Growth Rank Score Distribution

This figure plots the distributions of the fund book-to-market ratio scores. More specifically, it

shows the time trend for the following statistics: min, 1st percentile, 5th percentile, 25th percentile,

median, 75th percentile, 95th percentile, 99th percentile and max.
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Table A.1: The Impact of Style Volatiltiy on Fund Flows - Piecewise Specification of Fund Performance

Dependent Variable: Fund Flow (%)

(1) (2) (3) (4) (5) (6) (7)

SV 5.354∗∗∗ 4.137∗∗∗ 3.133∗∗∗ 1.590∗∗∗ 2.825∗∗∗ 2.827∗∗∗ 2.778∗∗∗

[0.715] [0.589] [0.557] [0.563] [0.595] [0.599] [0.596]

Lag Flow 0.195∗∗∗ 0.185∗∗∗ 0.187∗∗∗ 0.194∗∗∗ 0.194∗∗∗ 0.191∗∗∗

[0.010] [0.010] [0.010] [0.010] [0.010] [0.010]

Low Perf 5.819∗∗∗ 7.217∗∗∗ 6.828∗∗∗ 6.827∗∗∗ 6.680∗∗∗

[1.125] [1.110] [1.124] [1.127] [1.129]

Mid Perf 6.264∗∗∗ 6.516∗∗∗ 6.159∗∗∗ 6.159∗∗∗ 6.143∗∗∗

[0.239] [0.240] [0.241] [0.241] [0.241]

High Perf 17.55∗∗∗ 17.08∗∗∗ 17.17∗∗∗ 17.18∗∗∗ 17.21∗∗∗

[1.396] [1.399] [1.376] [1.378] [1.374]

Log(TNA) -0.519∗∗∗ -0.378∗∗∗ -0.378∗∗∗ -0.293∗∗∗

[0.030] [0.029] [0.031] [0.031]

Ret. Vol. -0.120∗∗∗ -0.120∗∗∗ -0.128∗∗∗

[0.016] [0.016] [0.016]

Exp Ratio -0.00205 -0.0404

[0.116] [0.114]

Age -0.0435∗∗∗

[0.004]

Time FE Yes Yes Yes Yes Yes Yes Yes

Style FE Yes Yes Yes Yes Yes Yes Yes

Observations 144309 143576 140227 140227 131323 131323 131323

Adjusted R2 0.012 0.051 0.080 0.084 0.088 0.088 0.089

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all regression specifications is

the capital flow to mutual fund f in quarter t scaled by the fund’s total net assets at the end of the previous quarter. The main

independent variable of interest is SV , the fund’s overall style volatility computed over quarter t − 12 to t − 1. The fund perfor-

mance has a piecewise linear specification. Performance range variables are defined as: Low P erff ,t−1 = Min(P erf Rankf ,t−1,0.2),

which is the 5th or bottom quintile;Mid P erff ,t−1 =Min(0.6, P erf Rankf ,t−1−Low P erff ,t−1), the 2nd-4th performance quintile; and

High P erff ,t−1 = P erf Rankf ,t−1 − Low P erff ,t−1 −Mid P erff ,t−1, the highest performance quintile, where P erf Rankf ,t is obtained

by ranking funds’ preceding four-quarter returns within style category at t, ranging from 0 (worst performance) to 1 (best perfor-

mance). The coefficients are estimated using the pooled OLS approach. Time and style fixed effects are included in all regression

specifications, and standard errors are clustered at the fund level. Asterisks *, **, and *** denote significance at the level of 10%, 5%

and 1% level, respectively.

138



Table A.2: The Dominant Source of Style Volatility and Fund Flows: Pooled Regression

Results

Dependent Variable: Fund Flow (%)

(1) (2) (3) (4) (5) (6)

SV ME 4.379∗∗∗ 4.158∗∗∗ 3.263∗∗∗ 2.949∗∗∗ 2.461∗∗∗ 3.508∗∗∗

[0.673] [0.761] [0.619] [0.548] [0.564] [0.688]

SV BM 1.946∗∗∗ 1.984∗∗∗ 1.511∗∗∗ 0.900∗∗ 0.872∗∗ 1.170∗∗

[0.466] [0.481] [0.392] [0.380] [0.391] [0.478]

Lag Flow 0.195∗∗∗ 0.185∗∗∗ 0.191∗∗∗

[0.010] [0.010] [0.010]

Low Perf 5.773∗∗∗ 6.597∗∗∗ 8.236∗∗∗

[1.125] [1.130] [1.262]

Mid Perf 6.258∗∗∗ 6.135∗∗∗ 7.287∗∗∗

[0.239] [0.241] [0.265]

High Perf 17.68∗∗∗ 17.34∗∗∗ 23.60∗∗∗

[1.398] [1.377] [1.606]

Fund Age -0.0434∗∗∗ -0.0637∗∗∗

[0.004] [0.005]

Log(TNA) -0.290∗∗∗ -0.168∗∗∗

[0.031] [0.037]

Ret. Vol. -0.129∗∗∗ -0.163∗∗∗

[0.016] [0.019]

Exp Ratio -0.0537 -0.0517

[0.114] [0.133]

Time FE Yes Yes Yes Yes Yes Yes

Style FE No Yes Yes Yes Yes Yes

Observations 144945 144309 143576 140227 131323 131323

Adjusted R2 0.012 0.012 0.051 0.080 0.089 0.054

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all regression specifi-

cations is the capital flow to mutual fund f in quarter t scaled by the fund’s total net assets at the end of the previous

quarter. The main independent variables include SV ME, the fund’s style volatility computed over quarter t − 12 to

t − 1 in the market capitalization dimension and SV BM, the volatility computed over quarter t − 12 to t − 1 in the

value-growth dimension. The coefficients are estimated using the pooled OLS approach. Time and style fixed effects

are included in all regression specifications, and standard errors are clustered at the fund level. Asterisks *, **, and ***

denote significance at the level of 10%, 5% and 1% level, respectively.
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Table A.3: The Impact of Style Volatility on Flows over Diff Horizons (Piecewise Perfor-

mance)

Dependent Variable: Fund Flow (%)

(t-1,t) (t,t+1) (t+1,t+2) (t+2,t+3) (t+3,t+4)

SV 4.744∗∗ 3.037∗ 4.923∗∗ 7.877∗∗∗ 8.024∗∗∗

[1.893] [1.729] [1.912] [2.338] [1.940]

Low Perf 10.21∗∗∗ 3.620 4.120∗ 7.756∗∗∗ 4.974∗∗

[2.359] [2.318] [2.321] [2.729] [2.349]

Mid Perf 5.056∗∗∗ 5.904∗∗∗ 4.959∗∗∗ 3.664∗∗∗ 4.114∗∗∗

[0.503] [0.508] [0.515] [0.526] [0.501]

High Perf 20.26∗∗∗ 14.62∗∗∗ 14.29∗∗∗ 14.25∗∗∗ 12.38∗∗∗

[2.447] [2.378] [2.513] [2.532] [2.487]

SV*Low Perf -20.10 5.324 -9.801 -33.95∗∗ -28.64∗∗

[12.230] [11.257] [11.924] [14.963] [12.190]

SV*Mid Perf 6.800∗∗ -1.976 0.558 5.249 -0.163

[3.162] [3.060] [3.145] [3.214] [3.011]

SV*High Perf -17.66 -11.24 -28.39∗∗ -40.44∗∗∗ -36.40∗∗∗

[12.715] [11.678] [12.647] [13.019] [12.881]

Controls Yes Yes Yes Yes Yes

Time FE Yes Yes Yes Yes Yes

Style FE Yes Yes Yes Yes Yes

Observations 131323 127385 123637 119973 116424

Adjusted R2 0.089 0.071 0.061 0.048 0.038

This table reports forecasting regressions of future mutual fund flows. The dependent variable in all regression specifi-

cations is the capital flow to mutual fund f in quarter t scaled by the fund’s total net assets at the end of the previous

quarter. The main independent variables of interest include SV , the fund’s overall style volatility computed over quar-

ter t − 12 to t − 1, and its interaction terms with different performance ranks. The fund performance has a piecewise

linear specification. The coefficients are estimated using the pooled OLS approach. Time and style fixed effects are in-

cluded in all regression specifications, and standard errors are clustered at the fund level. Asterisks *, **, and *** denote

significance at the level of 10%, 5% and 1% level, respectively.
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Appendix B

Appendix: The Response of Fund Flows to Past Risk

Over Business Cycle

Table B.1 shows the mean values of some key mutual fund characteristics by

year. From the full sample of fund-quarter observations from the first quarter of

1985 to the last quarter of 2013, observations at the fund-year level are obtained

by averaging monthly raw return (% per month), monthly excess return (% per

month), return volatility (% per month), fund age (years), total net assets ($ million),

expense ratio (%), and quarterly fund flows (%) for each fund and each year. Then,

for each year, averages are taken over the funds in the sample in that year.

The number of funds varies by year, with 333 funds in 1985 and 1946 funds

in 2013, which shows a general increasing trend. There is a decline in the number

of funds between 2008 and 2013, reflecting that fewer funds exist in the industry

after the 2008 financial crisis. The large negative fund return in 2009 also indicates

the financial crisis. The mutual funds experience large return volatility during the

late 1980s, the years 1999-2004 during the collapse of the dot.com bubble, and

then again during the period after the 2008 financial crisis. At the beginning of the

sample period, the average fund age is around 20 years, then it declines to around
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9.5 years in the early 2000s. Since 2001, it has tended to increase. The average

fund size increases from $280 million in 1985 to $1573 million towards the end

of the period. The average expense ratio fluctuates during the early period in the

sample, with a declining trend. The average expense ratios incurred by mutual

fund investors have fallen substantially since 2004. In 2004, equity fund investors

incur expense ratios of 142 basis points on average, or 142 cents for every $100

invested. By 2013, that average have fallen to 108 basis points, a decline of 24

percent. Over 1985-2013, quarterly flows of funds increase from approximately

1.8% in 1985 to 6.45% in 1992, then drop to around 0.84% in 2013. The time series

average of the equally weighted flows for all mutual funds in the sample equals

2.11% per quarter.
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Table B.1: The Characteristics of Mutual Fund in the Sample By Year

N Net Ret. Excess Ret. Ret.Vol. Age TNA Expense Ratio Flow
(% / m) (% / m) (% / m) (Year) ($million) (% / yr) (% / qt)

1985 330 0.52 -0.38 2.25 20.53 279.73 1.05 1.80
1986 381 1.57 -0.42 2.03 18.87 327.42 1.05 2.02
1987 424 1.98 -0.27 2.25 17.86 376.4 1.13 2.32
1988 451 0.81 -0.04 2.87 17.48 321.21 1.30 -1.70
1989 487 0.62 -0.11 2.62 17.51 356.16 1.34 0.22
1990 521 1.10 -0.17 1.94 17.39 371.05 1.33 1.51
1991 596 0.89 -0.07 2.26 16.6 431.33 1.18 3.58
1992 755 1.18 -0.07 2.4 15.05 473.97 1.32 6.45
1993 912 1.34 0.01 2.21 13.58 568.76 1.30 6.15
1994 1059 0.91 0.14 1.99 12.03 544.75 1.29 4.61
1995 1175 0.80 -0.05 1.83 11.37 667.79 1.30 5.07
1996 1301 1.47 -0.25 1.9 11.03 849.43 1.31 5.46
1997 1520 1.77 -0.29 2.25 9.93 974.28 1.31 6.04
1998 1510 1.63 -0.43 2.42 10.15 1205.61 1.26 3.59
1999 1733 1.45 -0.51 2.84 10.34 1383.65 1.28 1.43
2000 1852 1.77 0.07 4.18 10.06 1487.88 1.28 3.77
2001 2089 0.55 0.66 5.09 9.82 1085.23 1.31 2.86
2002 2227 -0.98 0.35 4.07 9.99 893.01 1.38 1.85
2003 2403 -0.62 0.00 2.99 10.14 851.68 1.43 3.29
2004 2363 0.82 0.01 2.34 10.51 1040.4 1.42 2.35
2005 2352 1.52 0.10 1.88 10.98 1146.16 1.36 1.98
2006 2313 0.93 0.10 1.79 11.48 1272.87 1.34 1.31
2007 2481 1.05 0.01 1.69 11.55 1375.07 1.27 1.12
2008 2693 0.25 -0.03 1.85 11.66 1016.28 1.22 1.09
2009 2557 -1.49 0.02 2.64 12.12 840.58 1.17 0.89
2010 2378 -0.03 0.08 2.72 12.89 1027.99 1.17 0.39
2011 2284 1.81 0.10 1.94 13.7 1148.95 1.12 0.04
2012 2118 1.00 -0.13 1.78 14.6 1254.4 1.10 -1.00
2013 1946 0.99 -0.19 1.67 15.49 1573.57 1.08 0.84
1985-2013 4070 0.74 -0.01 2.46 12.1 1027.79 1.26 2.11

This table presents summary statistics of our full sample from 1985-2013. At the end of each year, I calculate the cross-sectional mean value of

the following fund characteristics: the number of existing funds per year, fund average net return over past 24 months, average excess return

(net return minus market return) over prior 24 months, the standard deviation of fund excess returns over past 24 months, fund age (in Years),

total net assets (in Million dollars), expense ratios (percent per year), and average quarterly flow per fund.
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Appendix C

Appendix: The Predictability of Mutual Fund

Performance

C.1 Variable Definitions in Empirical Analysis

This appendix details the construction of variables for the empirical analy-

sis. In the regressions, Beta, Rho, Log(TNA), Log(Age), Log(N), and Expense are

adjusted by subtracting the contemporaneous full-sample means. The monthly

fund flow is adjusted by subtracting the contemporaneous mean of all funds in the

same Lipper class.

Perf = Monthly alpha estimated over rolling windows of 24 months, based

on three different factor models: CAMP, the 3-factor model, and the 4-factor

model, respectively.

FamPerf = The average Perf of all funds in the same family excluding the fund

under consideration.

Ret Vol = The standard deviation of mutual fund Lipper-adjusted returns

over prior 24 months.
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TNA = Total net asset value, aggregated (value weighted) across a fund’s share

classes (in $ Million).

Log(TNA) = The natural log of total net asset value, aggregated across a fund’s

share classes.

Log(Age) = The natural log of fund age (in years), defined by a fund’s oldest

share class.

Turnover = Turnover ratio, the minimum (of aggregated sales or aggregated

purchases of securities), divided by the average 12-month Total Net Assets

of the fund. This variable is obtained by multiplying the value of variable

turn ratio by 100.

Expense = Expense ratio (in %), value-weighted by assets in each share class.

NumFunds = The number of funds offered by a family.

Log(NumFunds) = The natural log of the number of funds offered by a family.

FamTNA = The sum of total net asset value of all funds in the same family

excluding the fund under consideration.

Log(FamTNA) = The natural log of FamTNA.
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