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ABSTRACT OF THE DISSERTATION

Essays on Investor and Mutual Fund Behavior

by

Andrew John Caffrey

Doctor of Philosophy in Economics

University of California, San Diego, 2006

Professor Allan Timmermann, Chair

This dissertation consists of three essays on the relations among investors,

mutual funds, and fund families.

Chapter one presents a model of new fund openings as a function of the

past performance of a family’s existing funds. At the fund level, we model the

relations among fund performance, investment flows, and the risk-taking behav-

ior of the fund manager. Our model predicts that families dominated either by

outperforming funds or by underperforming funds are more likely to open a new

fund than are families composed of average performers. We predict that an asym-

metric performance-fund flow relation combined with expected intra-family flows

from existing underperformers to a new fund provide an incentive for families with

severely under-performing funds to open a new fund in hopes of managing a ‘star’.

Chapter two presents an empirical analysis of new fund openings. We

study fund performance, investment flows, and risk level and examine the relation

between the distribution of performance across funds within a family and new fund

openings. We find that new fund openings are positively correlated with measures

of both extreme underperformance and extreme outperformance of existing funds

as well as measures of the number of ‘dog’ funds within a family. The evidence

supports our predictions in Chapter 1.

Chapter three addresses the relation between advisory firm organization

and mutual fund performance and expenses. Specifically, we hypothesize three

xi



relations. First, the ownership structure of a fund family–mutualized, privately

held, or publicly owned–may impact fund manager behavior and be reflected in

expenses and/or performance. Second, fund families may experience some net pe-

cuniary benefit or harm as a result of subsidiary affiliation. Finally, we examine ex-

pense and performance differences across directly advised versus subadvised funds.

We find evidence that publicly owned fund families provide investors with lower

style-adjusted returns and α at higher cost than do privately owned or mutualized

families. Similarly, we find that bank and insurance affiliates underperform their

peers in both returns net of expenses and α net of expenses, and that diversified

financial services affiliates outperform in these measures.

xii



Research Overview

This dissertation is part of a broader research agenda addressing the

relations between mutual fund investors and the entities which provide them with

the services they demand. These entities fall into three primary categories.

First are the mutual funds themselves. Although marketed as members

of fund families, typically sponsored by, and overseen by, an investment advisor,

mutual funds are independent legal entities in which investors purchase shares, and

which contract with outside entities to provide all services required in the operation

of the fund. These include advisory services, underwriting, transfer agency services,

distribution, etc. Each mutual fund has a board of directors whose responsibility

it is to safeguard shareholders’ interest and ensure that these entities fulfill their

contractual obligations.1

Second are the entities which provide services to the mutual fund. Chief

among these are the investment advisors which make the day-to-day investment

decisions in management of the portfolio. Other entities include a transfer agent,

underwriter, and distributor, each of which provides services necessary to the op-

eration of the fund.2

Third are the intermediaries through which investors obtain research and

invest in mutual funds, and in many cases purchase other financial services. These

include full service brokers, banks, independent investment advisors, fund super-

1As we will discuss in chapter 3, this independence is largely a facade as there is a great degree of
capture of funds by investment advisors

2These services are often provided either by the same entity or by related subsidiaries of a larger
entity.

1
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markets, and in some cases direct access to the fund. Figure III.1 in chapter 3

provides a graphical representation of the relations among these entities, and pro-

vides a good departure point for addressing potential conflicts of interest among

these entities.

The three chapters of this dissertation investigate several aspects of the

relation between fund shareholders and the investment advisor. The first chapter

expands an existing literature on the asymmetric relation between mutual fund

performance and investment flows, where inflows are seen to be far more sensitive to

fund performance than are outflows. I model the relation between the performance

of a fund family’s existing funds and new fund openings, and find that under

simple parameterizations the shape of the performance-flow relation gives rise to

an incentive on the part of both families composed of winning funds and those

composed of losing funds to open new funds. The former case takes advantage of

a spillover, or reputation, effect, while the latter takes advantage of what I term

a ‘cannibalization effect’. In chapter two, I empirically test for evidence of these

relations and find some support for the hypotheses derived from the model.

The third chapter directly addresses the structure of the fund industry

and tests for the existence of performance and expense differentials across fund

family structures. Specifically, we note that the relations among entities which

provide services to a fund vary systematically across families sponsored by invest-

ment advisors with different governance characteristics, and across those sponsored

by investment advisors which are subsidiaries of different types of conglomerates.

This paper expands an existing branch of research which focusses on the potential

impact of the governance characteristics of the mutual fund itself by addressing the

governance characteristics of the sponsoring entity, typically the investment advi-

sor. We group fund families by ownership type (privately owned, publicly held, or

mutualized) and by conglomerate affiliation.3 We find systematic and statistically

significant differences in performance and expenses across these family types.

3Either as subsidiaries of diversified financial services conglomerates, banks, insurance companies,
non-financial firms, or as non-subsidiaries.



Chapter I

How to Build a Better Family:

The Effect of Family-Level

Performance on Fund Creation

I.A Introduction

This paper seeks to characterize the mechanisms by which past relative

performance of a mutual fund family’s existing funds impacts the family’s incen-

tives to open a new fund. The underlying phenomena motivating this work are

the asymmetric response of investors to mutual fund performance and the degree

to which a new fund is expected to draw investment funds from a family’s existing

funds, which we term ‘cannibalization’. There exists a rich empirical literature in-

cluding Starks (1987), Sirri and Tufano (1998), Brown, Harlow, and Starks (1996),

Chevalier and Ellison (1997), Nanda, Wang, and Zheng (2004), and Goriaev, Nij-

man, and Werker (2004), which has concluded that investment flows into a mutual

fund pursuant to strong performance relative to a peer group are much stronger

than are investment flows out of a relatively poorly performing fund. These em-

pirical papers have generally studied the effects of this convex ‘fund flow-relative

performance relation’ on fund manager behavior.

3
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We suggest that the fund manager and the fund family can be viewed

as two separate agents, with the fund manager making day-to-day operational

decisions and the fund family making overall strategic decisions. In our simple

framework, the manager of each individual fund chooses the level of risk taken on

by that fund, while the fund family chooses the basket of funds to be offered. Our

contribution to the literature is to model the effect of the aforementioned convex

performance-flow relation not only on the behavior of the fund manager, but also

on that of the fund family.

We think of the opening of a new fund within a family as analogous to

the purchase of a call option by the fund family. The family faces (known or es-

timable) fixed costs of opening a new fund, and expects some initial capitalization

of the fund either through cannibalization of the family’s existing funds, through

new investment, or through merger/acquisition. If the fund is truly new,1 then

the expected future excess return to the fund is zero, and fund flows are expected

to be close to zero. Should the new fund under-perform, the family faces little

downside risk, since investors are expected to react sluggishly to such poor per-

formance.2 Thus, the family can still hope to cover its costs and, should the fund

continue to perform poorly, will have the opportunity to close or merge the ‘dog’

fund. However, should the new fund out-perform, prior empirical studies suggest

dramatic net inflows will follow, both to the ‘star’ fund as well as to other funds

within the family.3

Our approach suggests that the expected net benefit to the family of

opening a new fund is a function of the fixed costs of opening the fund, the sensi-

tivity of fund flows to relative performance, the magnitude of initial capitalization

of the fund and associated degree of cannibalization of sister funds, and the distri-

bution of future returns to each fund. To weigh the potential net benefit of a new

1That is, if investors have no prior beliefs on new fund performance resulting from, e.g., knowledge
about the fund manager or perceived correlations between the performance of new and existing funds.

2See, for example, Starks (1987), Sirri and Tufano (1998), Chevalier and Ellison (1997), and Brown,
Harlow, and Starks (1996).

3See Nanda, Wang, and Zheng (2004) for a discussion of the spillover effect.
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fund, the fund family must estimate these relations, which requires knowledge of

the shape of the relative performance-fund flow relation, the distribution of future

excess returns, the cost of opening a new fund, and the impact of the new fund on

existing funds.

We first specify a simple parametric form for the relation between mutual

fund performance and investment flows, consistent with prior empirical studies. We

assume the fund manager maximizes revenue, which is earned as a percentage of

assets managed, and use this specification to derive an explicit solution for the

manager’s choice of idiosyncratic portfolio risk as a function of performance. We

specify the fund opening decision faced by the fund family, consistent with our

discussion above, and derive an associated first order condition. We then combine

our fund- and family-level results to examine the relation between the distribution

of performance across funds within a family and the fund opening decision.

The resulting theoretical model suggests the following;

• Families composed largely of underperforming funds will set the initial risk

level of a new fund higher than would a fund manager with unknown ‘ability’

acting in isolation. This will result in maximizing the cannibalization effect

of the new fund on the set of existing funds, thereby moving investment

within the family toward a fund with a higher expected probability of being

a ‘star’. The converse is true for a family composed largely of outperforming

funds.

• For fund families with a large number of underperforming funds: the higher

is the sensitivity of cannibalization to, and/or the lower is the sensitivity of

external investment flows to, changes in the initial risk level of a new fund,

the higher is the likelihood that the optimal level of risk of the new fund is

greater than that which would be set by a manager acting in isolation. The

converse is true for a family composed largely of outperforming funds.

• There exists a level of underperformance on the part of existing funds above
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which relative performance and fund openings are positively correlated and

below which relative performance and fund openings are negatively corre-

lated. This suggests that a family composed largely of severely underper-

forming funds will be more likely to open a new fund than a family of average

performers.

Our paper proceeds as follows. Section I.B reviews the relevant litera-

ture. Section I.C presents a simple theoretical model of the relation between fund

performance and the fund manager’s risk taking decision. Section I.D presents a

model of the fund family’s fund opening decision. Section I.E discusses our results.

Section I.F concludes.

I.B Literature Review

Our paper is directly related to two existing areas of research. The fund-

level analysis in Section I.C draws upon a rich empirical literature concerning the

relation between fund performance, investment flows, and the behavior of mutual

fund managers. Our main contribution stems from the family-level analysis in

Section I.D, and contributes to a sparse literature on the proliferation of funds and

fund categories.

I.B.1 Models of Fund Openings

While the dramatic growth in both the number of mutual funds available

to investors and the level of assets managed by these funds has been well docu-

mented, there is a relative dearth of research directly focusing on the fund family

as the fund-opening agent. Several largely theoretical studies exist which seek to

explain the growth in funds offered as a brand proliferation strategy (Massa 1998)

and (Massa 2003), wherein a family will seek to deter entry by rival families by

occupying market share.
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Massa (1998) proposes a model from micro-foundations to argue that fund

and category proliferation are marketing strategies on the part of the fund family,

and are driven by investors’ limited information and heterogeneity. He identifies

three competing forces driving the decision to expand fund offerings in breadth or

depth; a signalling externality, a risk-hedging externality, and a learning-by-doing

externality. Massa concludes that these forces result in sub-optimality, specifically

the over-segmentation of the mutual fund industry and the under-provision of funds

within each category.

Massa (2003) observes that there exist many mutual funds in many cate-

gories, offered by a relatively small number of fund families. He suggests that funds

are differentiated at both the fund level (performance, fees, etc.) and the family

level (what he refers to as the ‘free-switching’ option, wherein fees for transfers be-

tween funds within a family are effectively waived). Building on his earlier paper,

Massa develops a framework from micro-foundations to explain the segmentation

of the mutual fund industry into ever more categories, as well as the proliferation

of funds within categories He empirically tests a number of hypotheses relating

fund and category proliferation to investor preferences, family structure, and per-

formance, using monthly and annual data at the fund and fund family level from

the CRSP Mutual Fund database.4

Massa concludes that market structure affects mutual fund performance.

He finds that the degree of product differentiation within a category is negatively

correlated with returns and positively correlated with turnover within that cat-

egory. Additionally, he finds that product differentiation is positively related to

fund proliferation, measured as either the number of fund offered by a family

within a category or as the number of categories in which a family offers funds.

His results lend support for the assertion that performance is only one of numerous

dimensions across which funds are differentiated by showing that performance is

negatively correlated with the degree of product differentiation in these dimensions.

4Specifically, Massa includes 1992-2000 data on all US mutual funds except those categorized as Index
or Option Income funds.
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Khorana and Servaes (1999) and Khorana and Servaes (2006) empirically

address fund openings and family market share respectively. Khorana and Servaes

(1999) find that fund openings are positively correlated with category size, capital

gains overhang, overall family-level performance, the percentage of family assets

in category (bonds), ‘leader’ family behavior, and the scale and scope of a family’s

portfolio of funds. They find that openings are negatively correlated with fees and

the percentage of family assets in category (stocks). They find no evidence that

families with poor performers within a category are more likely to open a new

fund. Khorana and Servaes (2006) find that market share is positively correlated

with performance, innovation, media attention, the number and size of distribution

channels, and the breadth and depth of funds offered by the family. They find a

negative correlation with expenses and the degree of ‘crowdedness’ of the given

category.

More recently, Zhou and Chiang (2005) study the cross-family acquisition

of mutual funds. They document that families acquire funds both to achieve

synergies stemming from the cost structure of fund operation and to acquire talent

in the form of star funds or reputable managers. While our model specifically

addresses the opening of new funds, rather than the acquisition of existing funds,

the cause and effect may be the same across the two forms of family growth.

Although only tangentially related to our model, Guedj and Papastaikoudi (2004)

find that fund families promote funds that are most profitable to the family more

than less profitable funds. Evans (2004) finds evidence of the use of incubator

funds as a strategy for enhancing the return histories of ‘new’ funds, an approach

which is consistent with maximizing the cannibalization effect we discuss below.

These studies provides some support for our approach.

I.B.2 Fund Flows and Fund Performance

The last decade has seen a dramatic rise in the amount of research devoted

to studying the relation between the behavior of mutual fund investors and that of
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mutual fund managers. Numerous empirical studies have focused on the relation

between fund flows and past performance, particularly the observed asymmetry

in investor response to performance. Our approach draws upon work by Sirri and

Tufano (1998), who document the asymmetric relation between fund flows and

past performance and find a similar asymmetric response to fees, and Chevalier

and Ellison (1997) who estimate a semi-parametric model of this relation and show

that flows respond asymmetrically to past performance, with inflows in response to

outperformance greater in magnitude than outflows following poor performance.

Nanda, Wang, and Zheng (2004) model the spillover effects of ‘star’ and

‘dog’ funds on investment flows into a fund family, and find strong evidence of

correlation (positive in the case of a ‘star’ fund and negative in the case of a ‘dog’

fund). They expand upon the literature citing a convex flow-performance relation

and suggest that under-performing fund families are likely to embark upon a star-

making strategy in an attempt to take advantage of the potential spillover effect.

Berk and Xu (2004) draws upon Berk and Green (2004), which develops

a rational model of mutual fund investment in a world where there exist managers

with skill to outperform passive benchmarks, with this skill declining in assets

managed. In their model, assets flow into (out of) outperforming (underperform-

ing) funds to the point where the funds’ performance net of expenses matches the

benchmark. Berk and Xu (2004) find that the observed persistence in performance

of poorly pereforming funds is a result of the asymmetric flow-performance rela-

tion, in that funds with shareholders who are insensitive to poor performance will

continue to perform poorly, given the breakdown in the mechanism to bring down

assets.5

Recently, Johnson (2006) uses a unique trade-level dataset from one no-

load fund family to examine the behavior of fund shareholders. Consistent with

an asymmetric flow-performance relation, he finds that new and old shareholders

respond positively to periods of outperformance, but are unresponsive to periods

5Although, over time persistently poor performance may achieve the same effect.
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of underperformance. He suggests that intra-family transfers are motivated by the

performance of the destination fund, rather than by the origination fund.

We suggest that the convexity of the fund flow-relative performance rela-

tion not only affects the decisions of the individual fund manager, but also those

of the fund family, in particular the decision to open a new fund. To model these

effects, we specify a framework in which the fund manager’s decisions are limited

to the choice of idiosyncratic risk borne by the fund, while the fund family manages

the family-level risk profile through the opening of new funds.6 We first specify

a parsimonious functional form for the fund flow-relative performance relation,

subsequently deriving the fund manager’s optimal risk-setting decision. Drawing

upon this fund level result, we state the fund family’s new fund opening decision

and derive conditions under which the fund family is likely to open a new fund.

I.C A Simple Model of the Fund Manager’s Risk-Taking

Decision

Let returns earned by the ith fund be decomposed as follows;

ri = αi + β′iX + σiεi, (I.1)

where ri denotes the raw return earned by the ith fund, αi is a measure of the

‘ability’ of the manager of the ith fund, X is a vector of risk factors with βi the

associated loadings, σi is the level of idiosyncratic risk borne by the ith fund, and

εi ∼ N(0, 1) is a standard normal disturbance term. We are purposely vague

in defining X, so that the specification may nest a wide range of risk-adjusting

approaches. As all variables are contemporaneous, we omit a time subscript. We

define risk-adjusted or ‘abnormal’ performance as

ρi = αi + σiεi.

6Two obvious extensions to the current paper include jointly modeling fund openings and closings
and incorporating incubator funds into the model.
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We assume that the fund manager maximizes expected income, which

given fees proportional to assets under management is equivalent to maximizing

expected investment flows. Flows are defined as a function of relative performance,

denoted flow(ρi). Fund manager ‘skill’, αi, is taken as given,7 and so the fund

manager’s choice variable is σi, the level of risk borne by the fund. Thus, the fund

manager’s maximization problem can be stated as follows;

MAXσ

∫ ∞

−∞
flow(ρi)

1√
2πσi

exp

(
− (ρi − αi)

2

2σ2
i

)
dε. (I.2)

In specifying a functional form for flow(ρi), we wish to accommodate

nonlinearities in the fund flow-relative performance relation as documented by

Brown, Harlow, and Starks (1996) and Chevalier and Ellison (1997). In addition,

we argue that there exists a point of underperformance below which investors will

react strongly, and we limit the universe of candidate models to those which yield

analytically tractable results. Below, we discuss using sigmoid, cubic polynomial

and piecewise linear functions for flow(ρi). Derivations for the cubic and piecewise

linear case are presented in Appendix I.A and I.B, respectively.

Sigmoid

If we wish to explicitly accommodate the notion of limited liability, a sig-

moid function may be the most intuitively appealing form for the flow-performance

relation. However, such a form provides analytically intractable results. While it

may be interesting to derive numerical results using a sigmoid, we opt to use the

more analytically tractable cubic and piecewise linear forms discussed below.

Cubic Polynomial

An appropriately parameterized cubic polynomial can accommodate both

the empirically observed asymmetry in flows around ‘average’ performance and the

intuitively appealing idea that there exists some level of underperformance which

will result in strong net outflows.8 We approximate the relative performance-

7Although it may be argued that the fund manager can manipulate αi through, for instance, invest-
ment in information or education, we wish to focus on the manipulation of risk.

8This effect may not be apparent from in recent empirical studies for several reasons. First, such
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investment flow relation as follows;

flow(ρi) = (aρi + b)3 + c,

where we assume a > 0, so that fund flows are increasing in relative performance .

Rewriting this function as;

flow(ρi) = a3ρ3
i + a2bρ2

i + ab2ρi + b3 + c,

the fund manager’s maximization problem becomes;9

MAXσ

∫ ∞

−∞
(a3ρ3

i + a2bρ2
i + ab2ρi + b3 + c)

1√
2πσi

exp

(
− (ρi − αi)

2

2σ2
i

)
dε.

Noting that
∫∞
−∞ xn 1√

2πσ
exp

(
−(x−µ)2

2σ2

)
dε = E [xn], it is clear that the

objective function is a weighted sum of the first three noncentral moments of a

Normal distribution, plus a constant;

MAXσ

[
a3

(
α3

i + αiσ
2
i

)
+ a2b

(
α2

i + σ2
i

)
+ ab2 (αi) +

(
b3 + c

)]
,

which has no well-defined solution. As a result of the symmetry of the cubic, for

any parametrization there exists a level of (under)performance below which the

optimal level of sigma is zero, and above which it is infinite.10

Piecewise Linear

Alternatively, the relative performance-investment flow relation can be

parameterized as a piecewise linear function with two kinks, as follows;

levels of underperformance may be extremely rare events. Second, flows estimated on monthly data as
a percent of beginning of period assets may be a poor estimate of actual flows.

9See Appendix I.A for derivations.
10This result stems directly from our assumption that a > 0. Were a < 0, we would have the opposite

result.
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flow(ρi) =





b1(ρi − L1) + b2L1

b2ρi

b3(ρi − L2) + b2L2

if

if

if

ρi < L1

L1 ≤ ρi < L2

L2 ≤ ρi

(I.3)

where flow(ρi) is defined as net asset flows as a proportion of assets currently

managed by the ith fund, b1 > b3 > b2 ≥ 0, and L1 < L2.
11

The fund manager’s maximization problem becomes

MAXσ

{∫ L1−α
σ

−∞ [b1 (α + σε) + L1 (b2 − b1)] exp
(
−ε2

2

)
dε

+
∫ L2−α

σ
L1−α

σ

[b2 (α + σε)] exp
(
−ε2

2

)
dε

+
∫∞

L2−α
σ

[b3 (α + σε) + L2 (b2 − b3)] exp
(
−ε2

2

)
dε

}
,

(I.4)

with solution12

σ2
opt (α) =

L2
2 − L2

1 + 2 (L1 − L2) α

ln
(

b3−b2
b1−b2

) . (I.5)

As we have derived an expression for the optimal level of risk, it is appro-

priate to discuss the assumptions necessary to ensure non-negativity of σ2
opt (α).

Given our assumption that b1 > b3 > b2, we have ln ((b3 − b2) / (b1 − b2)) < 0.

Thus, we have that σ2
opt (α) > 0 when L2

2 − L2
1 + 2 (L1 − L2) α < 0, which is

equivalent to α > (L2
2 − L2

1) /2 (L2 − L1). This implies that there exists a level

of performance below which σ2
opt (α) is negative, and necessitates the assumption

of at least a lower bound on the fund manager’s choice of portfolio risk. In fact,

it is not uncommon for a fund’s prospectus to specify a minimum percentage of

equity holdings and to rule out hedging strategies, in which case the fund can never

achieve zero portfolio risk. Similar rules place an upper bound on the level of risk

the manager can assume, and so we define σ2
LB and σ2

UB as the minimum and max-

imum allowable risk exposures as set forth in the fund’s prospectus, respectively.

11We specify a piecewise linear function in order to ease derivation of a closed form expression for σi

as a function of αi.Two kinks are needed to represent both the empirically documented convexity and
the idea that some level of underperformance becomes disastrous for the manager.

12See Appendix I.B for derivations.
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While we have made no assumptions on the relative magnitudes of the

kinks L1 and L2, intuition suggests that L1, the point where performance becomes

extremely poor, is far below zero, while L2, the point where fund flows react

strongly to performance is close to zero. This implies |L1| > |L2|, in which case

the α below which σ2
opt (α) becomes negative is less than zero.

Our results suggest the following proposition.

Proposition 1 Assume that an expected revenue-maximizing fund manager faces

the relative performance-investment flow relation given by equation I.3. The man-

ager’s optimal choice of idiosyncratic risk is given by;

σ2
fundopt (α) =





σ2
LB if σ2

opt (α) < σ2
LB

σ2
UB if σ2

opt (α) > σ2
UB

σ2
opt (α) otherwise

(I.6)

where

σ2
opt (α) =

L2
2 − L2

1 + 2 (L1 − L2) α

ln
(

b3−b2
b1−b2

) . (I.7)

The proof follows directly from the optimization problem solved above.

The following corollary interprets this result.

Corollary 1 For parameterizations of equation I.3 such that flows respond most

strongly to outperformance and least strongly to average performance, that is b1 >

b3 > b2 ≥ 0, L1 << 0, and L1 < L2, the fund manager’s optimal risk strategy is

(weakly);

1. increasing in managerial ability, α;

2. increasing in L1, the point where performance becomes extremely poor, for

α > −L1, else decreasing;

3. increasing in L2, the point where performance becomes ‘good’, for α < L2,

else decreasing;
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4. decreasing in b1, the sensitivity of net investment outflows in response to

extreme underperformance, for α > (L2
2 − L2

1) /2 (L2 − L1), else decreasing,

and;

5. increasing in b3, the sensitivity of net investment inflows in response to ex-

treme outperformance, for α > (L2
2 − L2

1) /2 (L2 − L1), else decreasing.

Proof: See Appendix I.C.

The intuition behind Corollary 1 provides the central results of this sec-

tion of our paper;

1. The more skilled a manager, the higher is the optimal level of risk.

2. The closer to 0 is the point below which flows respond negatively to underper-

formance, the higher is the optimal level of risk for very talented managers,

and the lower is the optimal level of risk for those with average and low skills.

3. The lower the level of performance associated with the convexity in flow(ρ)

(i.e. the point above which flows respond positively to performance), the

higher is the optimal level of risk for talented managers, and the lower is the

optimal level of risk for those with below average skills.

4. The more sensitive are outflows in response to extreme underperformance,

the lower is the optimal level of risk for managers of average and above

average skills, and the higher is the optimal level of risk for managers of

below average skills.

5. The more sensitive are inflows in response to extreme outperformance, the

higher is the optimal level of risk for managers of average and below average

skills, and the lower is the optimal level of risk for managers of above average

skills.
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I.D A Model of the Fund Family’s Fund Opening Decision

We next examine how the fund flow-relative performance relation affects

the family’s fund opening decision. We suggest that a fund family with a dispro-

portionate number of underperforming funds, each of which has a high probability

of landing in the ‘extreme underperformance’ region of flow(ρ), has an incentive

to open a new fund in the hope that the new fund will outperform and land in

the ‘extreme outperformance’ region of flow(ρ). We formalize this assertion in the

following sections.

I.D.1 Defining Family-Level Performance

We define family level returns as the asset-weighted average of fund-level

returns;

rfam
j =

∑I
i=1 Airi∑I
i=1 Ai

where rfam
j denotes the return earned by the jth family, Ai is the level of assets

managed by, and ri is the return earned by, the ith fund, and I is the number of

funds managed by family j.

Similarly, we define family level relative performance as the asset-weighted

average of fund level relative performance;

ρfam
j =

∑I
i=1 Aiρi∑I
i=1 Ai

where ρfam
j denotes the relative performance of the jth family and ρi is the relative

performance of the ith fund in family j.

Finally, we define family-level investment flows as the sum of fund-level

flows, and thus as a function of fund-level relative performance;

flow(ρfam
j ) = flow(ρ1,····,ρI) =

I∑
i=1

flow (ρi)
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I.D.2 Defining the Family’s Payoff Schedule

We assume that family-level remuneration is given by the sum of fund-

level remuneration;

Πj =
I∑

i=1

πi

where Πi denotes the income earned by the jth family composed of I funds, and

πi is the income earned by the ith member fund.

Remuneration is earned as a percentage of assets managed, denoted by

δ.13 Thus;

Πj =
I∑

i=1

δ [Ai (1 + ri + flow(ρi))] .

I.D.3 The Family’s Decision

The fund family decides to open a new fund if and only if doing so in-

creases expected remuneration net of fund opening costs and conditioned on ex-

pected cannibalization of assets from existing funds by the new fund. We write

the first step in the family’s maximization problem as follows;

MAXfI+1∈zE−1

{∑I
i=1 δ [(1− ci (fI+1)) Ai (1 + ri + flow(ρi))]

+δ
[(

C (fI+1) +
∑I

i=1 ci (fI+1) Ai

) (
1 + rfI+1

+ flow(ρfI+1
)
)]

−Costs (fI+1)} ,

(I.8)

where E−1 {} is the expectation operator14, ci (fI+1) is defined as the proportional

level of ‘cannibalization’ of the ith existing fund by a new fund fI+1, C (fI+1) is

defined as the initial external asset flow into a new fund fI+1, and Costs (fI+1)

denotes the fixed cost of opening a new fund of type fI+1. The functions ci (fI+1),

13For simplicity, we assume δ constant across all funds within a family.
14To avoid becoming inundated with subscripts, and as we are deriving a fairly straightforward two

period model, we refer to the two periods as -1 and 0, and omit the subscript 0. The family makes the
period 0 fund opening decision on the basis of the period -1 information set.
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C (fI+1), and Costs (fI+1) are assumed to be nonnegative. The set z is composed

of all potential new funds as well as the action ‘no new fund’. The family maximizes

iteratively, with the optimal strategy involving how many funds and of what type

to open. The family subsequently opens a new fund f ∗I+1 if and only if expected

revenues with the new fund are greater than without, i.e. if and only if the following

condition is satisfied;

E−1

{∑I
i=1 δ

[(
1− ci

(
f ∗I+1

))
Ai (1 + ri + flow(ρi))

]

+δ
[(

C
(
f ∗I+1

)
+

∑I
i=1 ci

(
f ∗I+1

)
Ai

)(
1 + rf∗I+1

+ flow(ρf∗I+1

)
)
]

−Costs
(
f ∗I+1

)}

> E−1

[ ∑I
i=1 δ [Ai (1 + ri + flow(ρi))]

]
.

(I.9)

To proceed, we make the simplifying assumptions that there are only two

fund characteristics of interest; the ‘ability’ of the fund manager (αi) and the risk

borne by the fund (σ2
i ),

15 and that the cost of opening a new fund is constant for

a given fund family. This implies

ci (fI+1) = ci

(
αfI+1

, σ2
fI+1

|α1, ..., αI , σ
2
1, ..., σ

2
I

)
,

C (fI+1) = C
(
αfI+1

, σ2
fI+1

|α1, ..., αI , σ
2
1, ..., σ

2
I

)
,

and

Costs (fI+1) = Costs.

As for the shapes of ci (fI+1)and C (fI+1), we assume that ci (fI+1) is

decreasing in
(
σ2

i − σ2
fI+1,0

)2

and αi and increasing in αfI+1,0
, while C (fI+1) is

increasing in
(
σ2

i − σ2
fI+1,0

)2

, increasing and concave in both αi and αfI+1,0
for all

i, and bounded below by zero. Effectively, the more similar the risk level of a

15This is clearly a great oversimplification, as there are numerous non-performance fund characteristics
of interest to investors. However, we are primarily interested in the impact of performance on fund
openings, and this assumption provides a needed degree of tractability. We will explicitly address this
issue in future empirical work.
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new fund is to that of an existing fund, the stronger is the cannibalization effect,

and the lower is the level of initial external investment. Furthermore, we assume

that ci (fI+1) approaches upper and lower bounds asymptotically,16 so that for

extreme underperformance ci (fI+1) is concave, while for extreme outperformance,

it is convex.

Additionally, we assume that the skill level (α) of the ‘new’ fund manager

is unknown and the skills of the existing managers are approximated from historical

data, so that initially;17

E
[
ρfI+1

]
= 0,

E−1

[
rfI+1

]
= E−1

[
β′fI+1

X
]
,

and

E−1 [ri] = E−1 [ρi] + E−1 [β′iX] = α̂i + E−1 [β′iX] .

Note that given our fund level results, we are dealing with a specific pair of

funds in (α, σ2)-space, specifically
(
0, σ2

fI+1,0

)
for a new fund and

(
α̂i, σ

2
fundopt (α̂i)

)

for an existing fund.

The family’s decision involves whether to open a new fund and where to

set the new fund’s initial risk level σ2
f∗I+1,0, taking {α̂1...α̂I} and {σ2

1 (α̂1) ...σ2
I (α̂I)}

as given. For existing funds, σ2
i is set by the fund family at time of fund inception,

and subsequently evolves through time as the fund manager optimizes with respect

to the fund’s developing performance history, consistent with our fund-level results

above. The set z of available new funds is now composed of all funds with initial

risk level σ2
fI+1,0 ∈ (σ2

MIN , σ2
MAX) where σ2

MIN and σ2
MAX are lower and upper

bounds on the level of risk a fund may assume.18

16With cannibalization expressed as a percentage. these bounds must lie on the interval (0,1).
17A more detailed treatment might allow for expectations on new manager skill to be a function either

of sister fund performance or of public perception based on a fund manager’s historical performance in
e.g. a different family. This would result in the family optimizing over both α and σ2.

18Imposed by God, nature, or the SEC.
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We rewrite the family’s optimization problem as

MAXf
σ2

fI+1,0

{
δ
∑I

i=1 Ai (1 + E−1 [ri] + E−1 [flow (ρi)]))+

δ
∑I

i=1 ci (fI+1) Ai

(
E−1

[
rf∗I+1

]
− E−1 [ri] + E−1

[
flow

(
ρf∗I+1

)]
− E−1 [flow (ρi)]

)

+δC (fI+1)
(
1 + E−1

[
rf∗I+1

]
+ E−1

[
flow

(
ρf∗I+1

)])

−Costs (fI+1)} .

(I.10)

Thus, the family opens a new fund f ∗I+1 with initial risk exposure σ2
f∗I+1

satisfying the first order condition

δ
∑I

i=1
∂ci(fI+1)

∂σ2
f∗
I+1

Ai

(
E−1

[
rf∗I+1

]
− E−1 [ri] + E−1

[
flow

(
ρf∗I+1

)]
− E−1 [flow (ρi)]

)

+δ
∑I

i=1 ci (fI+1) Ai

(
∂E−1

»
flow

„
ρf∗

I+1

«–

∂σ2
f∗
I+1

)

+δ ∂C(fI+1)

∂σ2
f∗
I+1

(
1 + E−1

[
rf∗I+1

]
+ E−1

[
flow

(
ρf∗I+1

)])

+δC (fI+1)

(
∂E−1

»
flow

„
ρf∗

I+1

«–

∂σ2
f∗
I+1

)
= 0 .

(I.11)

Rearranging yields;

δ
∑I

i=1
∂ci(fI+1)

∂σ2
f∗
I+1

Ai

(
E−1

[
rf∗I+1

]
− E−1 [ri] + E−1

[
flow

(
ρf∗I+1

)]
− E−1 [flow (ρi)]

)

+δ ∂C(fI+1)

∂σ2
f∗
I+1

(
1 + E−1

[
rf∗I+1

]
+ E−1

[
flow

(
ρf∗I+1

)])

+δ
(
C (fI+1) +

∑I
i=1 ci (fI+1) A

)
i

(
∂E−1

»
flow

„
ρf∗

I+1

«–

∂σ2
f∗
I+1

)
= 0 ,

(I.12)

which is insufficiently specified to yield a solution, so we ask: When does the fund

family’s optimal choice of initial fund risk, σ2
f∗I+1,0

, differ from the flow-maximizing

choice σ2
fundopt (0) made by a fund manager with α = 0 acting in isolation?

Defining Ri = ri + flow (ρi) and setting I = 1 (equivalent to the case of

a family with a single existing fund), equation I.12 becomes
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δ ∂c1(fI+1)

∂σ2
f∗
I+1

A1

(
E−1

[
Rf∗I+1

−Ri

])
+ δ ∂C(fI+1)

∂σ2
f∗
I+1

(
1 + E−1

[
Rf∗I+1

])

+δ (C (fI+1) + c1 (fI+1)) A1


∂E−1

»
flow

„
ρ

f∗
I+1

«–

∂σ2
f∗
I+1


 = 0 .

(I.13)

Since we have assumed E−1

[
αf∗I+1

]
= 0, it follows that σ2

fundopt (0) satis-

fies


∂E−1

[
flow

(
ρ

f∗
I+1

)]

∂σ2
f∗I+1


 = 0 (I.14)

and




∂2E−1

[
flow

(
ρ

f∗
I+1

)]

(
∂σ2

f∗I+1

)2


 < 0, (I.15)

and that

δ (C (fI+1) + c1 (fI+1)) A1 > 0. (I.16)

Given our assumptions about ∂c1 (fI+1) /∂σ2
f∗I+1

and ∂C (fI+1) /∂σ2
f∗I+1

,

we may be able to say something about the relative magnitudes of σ2
f∗I+1,0

and

σ2
fundopt (0). Equation I.13 can be rewritten as follows;


∂E−1

»
flow

„
ρ

f∗
I+1

«–

∂σ2
f∗
I+1


 =

δ ∂c1(fI+1)

∂σ2
f∗
I+1

A1

(
E−1

»
Rf∗

I+1
−R1

–

C(fI+1)+c1(fI+1)

)

−δ ∂C(fI+1)

∂σ2
f∗
I+1

(
1+E−1

»
Rf∗

I+1

–

C(fI+1)+c1(fI+1)

)
.

(I.17)

If neither C (fI+1) nor ci (fI+1) depend on σ2
f∗I+1

, then19

19Recall that E−1 [flow (ρ)] is maximized by σ2
opt (0) when E−1 [ρ] = 0.
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σ2
f∗I+1,0

= σ2
fundopt (0) .

However, we have assumed this is not the case. If the net performance-

related effects of a change in σ2
f∗I+1,0

are positive (negative) then σ2
f∗I+1,0

is greater

than (less than) σ2
fundopt (0).

Now, the family opens a new fund characterized by σ2
f∗I+1,0

if and only if

the expected net payoff to opening is positive, i.e. if;

E−1

{∑I
i=1 δ

[(
1− ci

(
f ∗I+1

))
Ai (1 + ri + flow(ρi))

]

+δ
[(

C
(
f ∗I+1

)
+

∑I
i=1 ci

(
f ∗I+1

)
Ai

) (
1 + rf∗I+1

+ flow(ρf∗I+1
)
)]

−Costs
(
f ∗I+1

)}− E−1

[∑I
i=1 δ [Ai (1 + ri + flow(ρi))]

]
> 0.

(I.18)

This is equivalent to

δ
∑I

i=1 ci

(
f ∗I+1

)
Ai

(
E−1

[
Rf∗I+1

−Ri

])

+δC
(
f ∗I+1

) (
1 + E−1

[
Rf∗I+1

])

−Costs
(
f ∗I+1

)
> 0.

(I.19)

Defining the left hand side of equation I.19 above as ∆f∗I+1
, where

∆f∗I+1
= δ

∑I
i=1 ci

(
f ∗I+1

)
Ai

(
E−1

[
Rf∗I+1

−Ri

])

+δC
(
f ∗I+1

) (
1 + E−1

[
Rf∗I+1

])
− Costs

(
f ∗I+1

)
,

(I.20)

we can restate equation I.19 as ∆f∗I+1
> 0. Thus,the greater is the value of ∆f∗I+1

,

the higher is the probability that a family opens a new fund f ∗I+1.

d∆f∗
I+1

dρi
= δ

∑I
i=1

∂ci(f∗I+1)
dρi

Ai

(
E−1

[
Rf∗I+1

−Ri

])

+δ
∑I

i=1 ci

(
f ∗I+1

)
Ai

(
1 + ∂E−1[flow(ρi)]

dρi

)

+δ
∂C(f∗I+1)

dρi

(
1 + E−1

[
Rf∗I+1

])
.

(I.21)

We summarize our findings in the following propositions.
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Proposition 2 Assuming a non-decreasing relation between α estimates based on

past performance (α̂i) and the subsequent optimal level of idiosyncratic risk from

Section I.C
(
σ2

fundopt (α̂i)
)

for all existing funds, and assuming the degree of can-

nibalization is strongest for funds most similar to a new fund (i.e. (ci (fI+1))

decreasing in
(
σ2

i − σ2
fI+1,0

)2

), then;

1. For a family consisting of only existing underperformers, the cannibalization

effect is maximized by setting the risk level of a new fund higher than that of

an investment-flow maximizing manager acting in isolation;

σ2
f∗I+1

> σ2
fundopt (0) .

2. For a family consisting of only existing outperformers, the cannibalization

effect is minimized by setting the risk level of a new fund lower than that of

an investment-flow maximizing manager acting in isolation;

σ2
f∗I+1

> σ2
fundopt (0) .

3. For a family consisting of some underperformers and some outperformers,

the net cannibalization effect is indeterminate.

Proof: See Appendix I.C.

Proposition 3 For fund families with a large number of underperforming funds,

assuming the degree of cannibalization is decreasing in the difference between the

risk level of an existing fund and that of a new fund, we have the following;

1. The higher is the sensitivity of cannibalization to the initial risk level of a

new fund, σ2
f∗I+1

, the higher is the likelihood that the optimal level of risk of

the new fund is greater than that which would be set by a fund manager with

α = 0 acting in isolation, σ2
fundopt (0).

2. The lower is the sensitivity of external investment flows to σ2
f∗I+1

, the higher

is the likelihood that the optimal level of risk of the new fund is greater than

σ2
fundopt (0).
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Conversely;

3. The higher is the sensitivity of cannibalization to σ2
f∗I+1

, the higher is the

likelihood that optimal level of risk of the new fund is less than σ2
fundopt (0).

4. The lower is the sensitivity of external investment flows to σ2
f∗I+1

, the higher is

the likelihood that optimal level of risk of the new fund is less than σ2
fundopt (0).

Proof: See Appendix I.C.

Proposition 4 There exists a level of underperformance on the part of existing

funds, ρ
′
, above which relative performance and fund openings are positively corre-

lated and below which relative performance and fund openings are negatively cor-

related.

Proof: See Appendix I.C.

I.E Discussion

I.E.1 Fund Level Results

We have assumed a simple piecewise linear functional form for the rela-

tion between relative performance and investment fund flows, and have derived the

revenue-maximizing fund manager’s optimal level of idiosyncratic risk as a func-

tion of past performance as a proxy for managerial ability. Our approach differs

from that of Chevalier and Ellison (1997) in several key aspects. Chevalier and

Ellison estimate a semi-parametric functional form for the flow-performance rela-

tion, and subsequently characterize the fund manager’s incentive to manipulate

risk by estimating the expected change in flows for a change in risk. Although

it may provide a weaker fit than the semi-parametric approach of Chevalier and

Ellison, specifying a piecewise linear flow-performance specification allows us to

extend Chevalier and Ellison’s work by analytically deriving the optimal level of

risk borne by the manager as a function of past performance. In addition, while
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Chevalier and Ellison use deviations from the market return as their measure for

performance, and limit the range of performance studied to (−0.15, +0.15), we

employ a more flexible risk-adjustment approach and impose no such limitations

on the range of performance addressed. In fact, when Chevalier and Ellison turn

to the data, estimating two-kinked piecewise models of funds’ actual risk changes

in response to performance, their estimates of the kinks are largely statistically

significant, while their slope estimates are largely not significantly different from

zero, and at times are significant and positive. This calls into question their as-

sertion that funds with fairly small negative returns have an incentive to increase

portfolio risk.

We find that, if revenue-maximization is the fund’s goal, and given ap-

propriate parametrization of the flow-performance relation, the optimal level of

idiosyncratic risk taken on by a fund is increasing in the fund’s performance his-

tory, subject to upper and lower bounds imposed on the fund. The most con-

testable assumption we make is on the relative slopes of the left and right sections

of flow(ρi), specifically that b1/b3 > 1. If we allow b1/b3 < 1, our model suggests

that past performance and optimal risk are negatively related. In the absence

of strong empirical support that b1/b3 < 1, we will maintain that the left kink

is intended to represent the point where performance becomes disastrous,20 and

assume b1/b3 > 1.

I.E.2 Family Level Results

We have defined a framework wherein the mutual fund family sets the

initial risk level of a new fund, with the risk level in subsequent periods set by the

fund manager according to an expected revenue maximizing rule, as in our fund

level model discussed above. The fund family is assumed to allow the manager of an

existing fund to manage the fund autonomously, subject to guidelines set forth in

20Note that this point is likely far below -0.15, the limit of Chevalier and Ellison’s empirical work.
They suggest that this limitation was imposed to avoid the problems of survivorship bias inherent in
their data. We will avoid this problem by using the CRSP Survivor Bias Free US Mutual Fund Database.
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the fund’s prospectus and following an agreed-upon expected revenue maximizing

rule. We assume the family maximizes family-level expected revenue by deciding

whether or not to open a new fund and where to set the initial risk level of the

new fund, and derive the associated optimization problem.

Our results are summarized as follows;

1. Families composed largely of underperforming funds will set the initial risk

level of a new fund higher than that set by a fund manager with unknown

‘ability’ acting in isolation. This will result in maximizing the cannibalization

effect of the new fund on the set of existing funds, thereby moving investment

within the family toward a fund with a higher ex ante probability of being a

‘star’. The opposite is true for a family of outperforming funds.

2. For fund families with a large number of underperforming funds; the higher

is the sensitivity of cannibalization and/or the lower is the sensitivity of

external investment flows to changes in new fund initial risk level, the higher

is the likelihood that the optimal level of risk of the new fund is greater than

that which would be set by a manager acting in isolation. The opposite is

true for a family composed largely of outperforming funds.

3. There exists a level of underperformance on the part of existing funds, ρ
′
,

above which relative performance and fund openings are positively correlated

and below which relative performance and fund openings are negatively cor-

related. Furthermore, the family will set the initial risk level of the new fund

higher than would the associated fund manager acting in isolation.

Our paper is unique among existing studies of mutual fund proliferation

in several ways. Khorana and Servaes (1999) and Khorana and Servaes (2006)

are largely empirical in nature21, while our derivation of the family’s fund opening

decision differs from the approaches of Massa (1998) and Massa (2003), which

21The empirically testable implications stemming from Propositions 1-5 will be addressed in a separate
paper, at which time direct comparison with Khorana and Servaes results will be more relevant.
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model the overall degree of fund and category proliferation, rather than explicitly

defining the family’s decision process, as we do. Our results regarding the optimal

level of risk of a new fund are similarly unique.

A central result of the previous literature is a positive relation between

family-level performance and fund and category proliferation. We suggest that in

addition to this positive relation for average and above average performance levels

there is an incentive, through the cannibalization effect, for families with a high

percentage of poorly performing funds to open a new fund.

I.F Conclusion and Extensions

Our paper supports the assertion that there exist incentives, stemming

from investors’ asymmetric response to mutual fund performance, for mutual fund

managers to alter fund risk. Our main contribution to the literature on mutual

funds results from combining this asymmetry with a mechanism by which a new

fund draws investment dollars from a fund family’s basket of existing funds, leading

to an incentive for families with a large number of poorly performing funds to open

a new fund.

There are a number of empirically testable implications arising from

Propositions 1-5;

1. Asymmetries in the relation between performance and subsequent fund flows.

2. A nondecreasing relation between fund performance and subsequent fund

risk.

3. A family composed largely of underperforming funds will set the risk level of

a new fund higher than would a fund manager acting in isolation, and vice

versa.

4. For a family composed largely of underperforming funds, there is a posi-

tive correlation between the risk level of a new fund and the sensitivity of
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cannibalization to new fund risk, and vice versa.

5. For a family composed largely of underperforming funds, there is a positive

correlation between the risk level of a new fund and the sensitivity of initial

new fund capitalization to new fund risk, and vice versa.

6. Both families composed largely of outperforming funds and those composed

largely of underperforming funds are more likely to open new funds, relative

to families dominated by ‘average’ performers.

These empirical questions will be addressed in chapter 2.

There are a number of natural extensions to the current paper. These

include modeling fund openings and closings jointly, allowing a more flexible spec-

ification for the expected performance of a new fund, and extending the model to

address the issue of incubator funds.
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I.G Appendix I.A: Optimal σ2 Under a Cubic Flow - Per-

formance Relation

We first approximate the relative performance-investment flow relation

as a cubic polynomial, as follows;

flow(ρi) = (aρi + b)3 + c,

where we assume a > 0, so that fund flows are increasing in relative performance.

Rewriting this function as

flow(ρi) = a3ρ3
i + a2bρ2

i + ab2ρi + b3 + c,

the fund manager’s maximization problem becomes;

MAXσ

∫ ∞

−∞

[
a3ρ3

i + a2bρ2
i + ab2ρ2

i + b3 + c
] 1√

2πσi

exp

(
− (ρi − αi)

2

2σ2
i

)
dε.

(I.22)

Noting that
∫∞
−∞ xn 1√

2πσ
exp

(
−(x−µ)2

2σ2

)
dε = E [xn], it is clear that the

objective function is the sum of the first three noncentral moments of a Normal

distribution plus a constant;

MAXσ

[
a3

(
α3

i + αiσ
2
i

)
+ a2b

(
α2

i + σ2
i

)
+ ab2 (αi) +

(
b3 + c

)]
, (I.23)

with first order condition 6a2bσ2
i +6a3αiσi = 0, which has no well-defined solution.

That is, due to the symmetry of the cubic, for any parametrization there

exists a level of (under)performance above which the optimal level of sigma is zero,

and above which it is infinite.
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Figure I.1: Expected Fund Flows Under a Cubic Flow-Performance Relation: a=1,

b=-1, c=-1

I.H Appendix I.B: Optimal σ2 Under a Piecewise Linear

Flow-Performance relation

Alternatively, the relative performance-investment flow relation be pa-

rameterized as a piecewise linear function with two kinks, as follows;

flow(ρi) =





b1(ρi − L1) + b2L1

b2ρi

b3(ρi − L2) + b2L2

if

if

if

ρi < L1

L1 ≤ ρi < L2

L2 ≤ ρi

, (I.24)

where flow(ρi) is defined as net asset flows as a proportion of assets currently

managed by the ith fund, b1 > b3 > b2 ≥ 0, L1 < L2.
22

We assume that the fund manager maximizes expected income, which

given fees proportional to assets under management is equivalent to maximizing

22We specify a piecewise linear function in order to ease derivation of a closed form expression for σi

as a function of αi.Two kinks are needed to represent both the empirically documented convexity and
the idea that some level of underperformance becomes disastrous for the manager.
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expected investment flows. The fund manager’s ‘skill’, αi, is taken as given,23 and

so the fund manager’s choice variable is σi, the level of risk borne by the fund.

Thus, the fund manager’s maximization problem can be stated as follows (we drop

the subscript i and proportionality constant 1/
√

2π for clarity);

MAXσ

{∫ L1−α
σ

−∞ [b1 (α + σε) + L1 (b2 − b1)] exp
(
−ε2

2

)
dε

+
∫ L2−α

σ
L1−α

σ

[b2 (α + σε)] exp
(
−ε2

2

)
dε

+
∫∞

L2−α
σ

[b3 (α + σε) + L2 (b2 − b3)] exp
(
−ε2

2

)
dε

}
.

(I.25)

The resulting first order condition becomes, after applying Liebniz’s for-

mula;

{
−

(b1L1+L1(b2−b1))(L1−α) exp

„
−(L1−α)2

2σ2

«

σ2 − b1 exp
(
−(L1−α)2

2σ2

)

+
(b2L1)(L1−α) exp

„
−(L1−α)2

2σ2

«

σ2 −
(b2L2)(L2−α) exp

„
−(L2−α)2

2σ2

«

σ2

−b2 exp
(
−(L2−α)2

2σ2

)
+ b2 exp

(
−(L1−α)2

2σ2

)
+

(b3L2+L2(b2−b3))(L2−α) exp

„
−(L2−α)2

2σ2

«

σ2

+b3 exp
(
−(L2−α)2

2σ2

)
= 0

}

.

(I.26)

This simplifies to;

(b2 − b1) exp

(
−(L1 − α)2

2σ2

)
+ (b3 − b2) exp

(
−(L2 − α)2

2σ2

)
= 0. (I.27)

Note that the second order condition,

1

σ3

[
(b2 − b1) (L1 − α)2 exp

(
−(L1 − α)2

2σ2

)
+ b3 exp

(
− (L2 − α)2

2σ2

)]
< 0 (I.28)

is satisfied as b1 > b3 > b2 by assumption.

Solving equation I.27 for the optimal σ2 yields;

23Although it may be argued that the fund manager can manipulate αi through, for instance, invest-
ment in information or education, we wish to focus on the manipulation of risk.
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σ2
opt (α) =

L2
2 − L2

1 + 2 (L1 − L2) α

ln
(

b3−b2
b1−b2

) . (I.29)
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I.I Appendix I.C: Proofs

Proof of Corollary 1:

Recall we assumed L1 < L2 and |L1| > |L2|, so that (L2
2 − L2

1) /2 (L2 − L1)

is negative. The proof stems directly from the following partial derivatives;

∂σ2
fundopt (α)

∂α
=

2 (L1 − L2)

ln
(

b3−b2
b1−b2

) ,

∂σ2
fundopt (α)

∂L1

=
2L1 + 2α

ln
(

b3−b2
b1−b2

) ,

∂σ2
fundopt (α)

∂L2

=
2L2 − 2α

ln
(

b3−b2
b1−b2

) ,

∂σ2
fundopt (α)

∂b1

=
L2

2 − L2
1 + 2 (L1 − L2) α

ln
(

b3−b2
b1−b2

)2

(b1 − b2)
,

∂σ2
fundopt (α)

∂b3

=
L2

2 − L2
1 + 2 (L1 − L2) α

ln
(

b3−b2
b1−b2

)2

(b2 − b3)
.

Proof: of Proposition 2:

1. Assume α̂i ¿ 0 for all i. Thus, by Proposition 1 above, σ2
fundopt (α̂i) < σ2

f∗I+1,0

for σ2
f∗I+1,0

‘near’ σ2
fundopt (0) for all i. It follows that ∂ci(fI+1)

∂σ2
fI+1,0

< 0. ∴ by setting

σ2
f∗I+1,0

< σ2
fundopt (α̂i), the fund family can maximize the cannibalization

effect, thereby moving investment funds from underperforming funds to a

new fund with higher probability of being an outperformer, relative to the

new fund.

2. Assume α̂i À 0 for all i. Thus, by Proposition 1 above, σ2
fundopt (α̂i) > σ2

f∗I+1,0

for σ2
f∗I+1,0

‘near’ σ2
fundopt (0) for all i. It follows that ∂ci(fI+1)

∂σ2
fI+1,0

> 0. ∴ by

setting σ2
f∗I+1,0

> σ2
fundopt (α̂i), the fund family can minimize the cannibal-

ization effect, thereby keeping investment funds in existing outperforming

funds. outperformer.
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3. Assume a family is composed of two funds and considers opening a third.

Further, assume α̂1 ¿ 0 and α̂2 À 0.

By Proposition 1 above, σ2
fundopt (α̂1) < σ2

f∗3,0
for σ2

f∗3,0
and σ2

fundopt (α̂2) > σ2
f∗3,0

for σ2
f∗3,0

‘near’ σ2
fundopt (0). It follows that ∂c1(fI+1)

∂σ2
f3,0

< 0. and ∂c2(fI+1)

∂σ2
f3,0

> 0.

∴ setting σ2
f∗3,0

< σ2
fundopt

(
0̂i

)
will result in maximizing the cannibaliza-

tion effect with respect to fund 1, thereby moving investment funds from

an underperforming fund to a new fund with higher probability of being an

outperformer, relative to the new fund. outperformer. However, this will

also result in cannibalizing the existing outperforming fund 2. Thus, the net

cannibalization effect is indeterminate.

Proof of Proposition 3:

Take the simplest example of a family with I = 1 and recall the family’s

first order condition;


∂E−1

»
flow

„
ρ

f∗
I+1

«–

∂σ2
f∗
I+1


 =

δ ∂c1(fI+1)

∂σ2
f∗
I+1

A1

(
E−1

»
Rf∗

I+1
−R1

–

C(fI+1)+c1(fI+1)

)

−δ ∂C(fI+1)

∂σ2
f∗
I+1

(
1+E−1

»
Rf∗

I+1

–

C(fI+1)+c1(fI+1)

)
.

Recall from our fund-level analysis above that σ2 = σ2
fundopt (0) solves;

(
∂E−1 [flow (0)]

∂σ2

)
= 0,

so that


∂E−1

[
flow

(
ρ

f∗
I+1

)]

∂σ2
f∗I+1


 = 0 ⇒ σ2

f∗I+1
= σ2

fundopt (0) ,


∂E−1

[
flow

(
ρ

f∗
I+1

)]

∂σ2
f∗I+1


 < 0 ⇒ σ2

f∗I+1
> σ2

fundopt (0) ,



35

and


∂E−1

[
flow

(
ρ

f∗
I+1

)]

∂σ2
f∗I+1


 > 0 ⇒ σ2

f∗I+1
< σ2

fundopt (0) .

Thus, the Proposition results from specifying conditions under which it

is possible to sign

RHS =δ
∂c1 (fI+1)

∂σ2
f∗I+1

A1


 E−1

[
Rf∗I+1

−R1

]

C (fI+1) + c1 (fI+1)




− δ
∂C (fI+1)

∂σ2
f∗I+1


 1 + E−1

[
Rf∗I+1

]

C (fI+1) + c1 (fI+1)


 .

Specifically;

1. Assume α̂1 ¿ 0, which implies Rf∗I+1
− R1 > 0, σ2

fundopt (α̂1) < σ2
f∗I+1,0

,

∂c1 (fI+1) /∂σ2
f∗I+1

> 0, and ∂C (fI+1) /∂σ2
f∗I+1

< 0. It follows that the higher

is the sensitivity of cannibalization to σ2
f∗I+1

, the greater is RHS.

2. Similarly, it follows that the lower is the sensitivity of initial investment flows

to σ2
f∗I+1

, the greater is RHS.

3. Assume α̂1 À 0, which implies Rf∗I+1
− R1 > 0, σ2

fundopt (α̂1) > σ2
f∗I+1,0

,

∂c1 (fI+1) /∂σ2
f∗I+1

< 0, and ∂C (fI+1) /∂σ2
f∗I+1

> 0. It follows that the higher

is the sensitivity of cannibalization to σ2
f∗I+1

, the lower is RHS.

4. Similarly, it follows that the lower is the sensitivity of initial investment flows

to σ2
f∗I+1

, the lower is RHS.

Proof of proposition 4:

Take the simplest example of a family with I = 1, and rewrite equation

I.19 from above;
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∆f∗2 = δc1 (f ∗2 ) A1

(
E−1

[
Rf∗2 −R1

])

+δC (f ∗2 )
(
1 + E−1

[
Rf∗2

])− Costs (f ∗2 ) .

We suggest that ∆f∗2 is convex with respect to α̂1 so that ∆f∗2 > 0 (and

the family will open f ∗2 ) either when α̂1 is high enough or low enough. Rewrite

equation I.21 for I = 1;

d∆f∗2
dρ1

= δ
∂c1(f∗2 )

dρ1
A1

(
E−1

[(
β′f∗2 X− β′1X

)
+

(
flow

(
ρf∗2

)− flow (ρ1)
)]− α̂1

)

+δc1 (f ∗2 ) A1

(
1 + ∂E−1[flow(ρ1)]

dρ1

)

+δ
∂C(f∗2 )

dρ1

(
1 + E−1

[
β′f∗2 X + flow

(
ρf∗2

)])
.

(I.30)

Given our assumptions on the shapes of ci () and C ();

For ρ1 high, each term in equation I.30 is positive, ∆f∗2 is clearly increas-

ing, and the likelihood of the family opening a new fund f ∗2 is increasing in ρ1.

For ρ1 low, the second and third terms of equation I.30 are nonnegative

and increasing in ρ1, while the first term is negative and decreasing in ρ1. Thus, for

ρ1 sufficiently low the first term will dominate and below this level, the likelihood

of the family opening new fund f ∗2 is increases as ρ1 grows worse.

For completeness, we sign the second derivative, d2∆f∗2 / (dρ1)
2;

d2∆f∗2
(dρ1)2

= δ
∂2c1(f∗2 )

(dρ1)2
A1

(
E−1

[
β′f∗2 X + flow

(
ρf∗2

)− E−1 [ρ1 + β′1X + flow (ρ1)]
])

+δc1 (f ∗2 ) A1

(
∂2E−1[flow(ρ1)]

(dρ1)2

)

+δ
∂2C(f∗2 )
(dρ1)2

(
1 + E−1

[
β′f∗2 X + flow

(
ρf∗2

)])
.

(I.31)

Given

∂2c1 (f ∗2 ) / (dρ1)
2 < 0

and

∂2C (f ∗2 ) / (dρ1)
2 < 0,
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if

∂2E−1 [flow (ρ1)] / (dρ1)
2 < 0

then d2∆f∗2 / (dρ1)
2 < 0 for ρ1 ¿ 0. The first two conditions are met by our

assumptions on the shapes of c1 (f ∗2 ) and C (f ∗2 ), while the third comes from our

fund level results.



Chapter II

Fund Flows, Family Performance,

and New Fund Openings: An

Empirical Examination

II.A Introduction

This paper empirically examines the relation between new fund openings

by a fund family and the historical distribution of relative returns of the fami-

lies’ existing funds, given the expected behavior of investors with respect to the

reallocation of investment dollars.

The underlying phenomena motivating our work are the asymmetric re-

sponse of investors to mutual fund performance and the degree to which a new

fund is expected to draw investment dollars from a family’s existing funds, which

we term ‘cannibalization’. There exists a rich empirical literature including Starks

(1987), Sirri and Tufano (1998), Brown, Harlow, and Starks (1996), Chevalier and

Ellison (1997), Nanda, Wang, and Zheng (2004), and Goriaev, Nijman, and Werker

(2004), which has concluded that investment flows into a mutual fund subsequent

to strong performance relative to a peer group are much stronger than are invest-

ment flows out of a relatively poorly performing fund. These papers have generally

38
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studied the effects of this convex fund flow-relative performance relation on fund

manager behavior.

In Chapter 1 we derived the fund manager’s optimal risk taking decision

as a function of past fund performance, given an asymmetric relation between fund

performance and net investment flows. We leveraged this result to develop a simple

theoretical model of the fund family’s new fund opening decision, with a number

of interesting results stemming primarily from the asymmetric flow-performance

relation and a cannibalization function defining the effect on a family’s existing

funds of the introduction of a new fund(s). The following empirically testable

implications arose from these results;

1. Asymmetries in the relation between performance and subsequent fund flows.

2. A nondecreasing relation between fund performance and subsequent fund

risk.

3. A family composed largely of underperforming funds will set the risk level of

a new fund higher than would a fund manager acting in isolation, and vice

versa.

4. For a family composed largely of underperforming funds, there is a posi-

tive correlation between the risk level of a new fund and the sensitivity of

cannibalization to new fund risk, and vice versa.

5. For a family composed largely of underperforming funds, there is a positive

correlation between the risk level of a new fund and the sensitivity of initial

new fund capitalization to new fund risk, and vice versa.

6. Both families composed largely of outperforming funds and those composed

largely of underperforming funds are more likely to open new funds, relative

to families dominated by ‘average’ performers.

Implications 1, 2, 3, and 6 are fairly straightforward to test empirically,

given fund-level data including returns, assets managed, and family membership.
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However, empirically testing implications 4 and 5 requires knowledge of investment

transfers between funds of the same family, which we lack. Thus, we set out in the

following sections to empirically test implications 1, 2, 3, and 6, with particular

focus on the relation between family performance new fund openings.

Our paper proceeds as follows. Section II.B reviews the relevant literature

and summarizes the results of our prior theoretical work. Section II.C describes

the data used in our study and the derivations of variables used in the following

empirical work. Section II.D presents our empirical results. Section II.E concludes.

II.B Literature Review

Our paper is directly related to two existing areas of research. The fund-

level analysis of implications 1 and 2 above draw upon a rich literature concerning

the relation between fund performance, investment flows, and the behavior of

mutual fund managers, while the family-level analysis of implications 5 and 6

contribute to a less developed literature on fund and fund category proliferation.

II.B.1 Models of Fund Opening

While the dramatic growth in both the number of mutual funds available

to investors and the level of assets managed by these funds has been well docu-

mented, there is a relative dearth of research directly focusing on the fund family

as the fund-opening agent.

Several theoretical studies exist which seek to model the proliferation of

funds. Notably, Massa (1998) proposes a model from micro-foundations which

suggests that fund and category proliferation are a marketing strategy on the part

of the fund family, and are driven by investors’ limited information and hetero-

geneity. He concludes that these forces result in sub-optimality, specifically the

over-segmentation of the mutual fund industry and the under-provision of funds

within each category.
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Massa (2003) suggests that funds are differentiated at both the fund level

(performance, fees, etc.) and the family level (what he refers to as the ‘free-

switching’ option, wherein fees for transfers between funds within a family are

effectively waived). He develops a framework to explain the segmentation of the

mutual fund industry into ever more categories and the proliferation of funds within

categories, and empirically tests a number of hypotheses relating fund and cate-

gory proliferation to investor preferences, family structure, and performance, using

monthly and annual data at the fund and fund family level from the CRSP Mu-

tual Fund database.1 Massa finds that the degree of product differentiation within

a category is negatively correlated with returns and positively correlated with

turnover within that category. Additionally, he finds that product differentiation

is positively related to fund proliferation, measured as either the number of funds

offered by a family within a category or as the number of categories in which a

family offers funds. His results lend support for the assertion that performance is

only one of numerous dimensions across which funds are differentiated by showing

that performance is negatively correlated with the degree of product differentiation

in these dimensions.

In related empirical work, Khorana and Servaes (1999) model the factors

determining mutual fund starts by a fund family, using a dataset pieced together

from Lipper, Morningstar, Standard & Poor’s and Weisenberger databases includ-

ing a large subset of the funds deceased at the end of 1992.2,3 They estimate

clustered logistic regressions on the probability of a family opening a fund in a

given category during a given year, and Poisson regressions on the number of

funds opened in a given category during the year on a set of fund- and family-level

characteristics. Their results suggest that fund openings are positively correlated

with category size, capital gains overhang, overall family-level performance, the

1Specifically, Massa includes 1992-2000 data on all US mutual funds except those categorized as Index
or Option Income funds.

2Data covers 1979 through 1992 and includes 366 fund families operating in 13 bond and equity fund
categories as defined by Lipper. Of the 13 total categories covered, there are 11 equity categories and 2
bond categories.

3To correct for survivorship bias.
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percentage of family assets in category (for bonds funds), ‘leader’ family behavior,

and the scale and scope of a family’s portfolio of funds, and negatively correlated

with fees and the percentage of family assets in category (for stock funds). Cat-

egory performance (both aggregate and within-family), fund flows and category

returns are not found to have significant explanatory power. The authors conclude

that a fund family is more likely to open a new fund in a large fund category within

which competing funds have large capital gains overhang, and that new funds are

more likely to be opened by families with a large number of low-fee and/or star

funds. Notably, they find no evidence that families with poor performers within a

category are more likely to open a new fund.

Khorana and Servaes (2006) model the factors influencing the market

share of mutual fund families, and explain the evolution of market share during

the 1980s and 1990s’ explosive growth in assets under management. They use the

CRSP database, augmented with data from Morningstar and Lexis-Nexis. The

authors perform a collection of clustered OLS regressions using both annualized

overall and within-category market share as dependent variables.4 They find that

market share is positively correlated with performance, innovation, media atten-

tion, the number and size of distribution channels, and the breadth and depth of

funds offered by the family. They find a negative correlation with expenses and the

degree of ‘crowdedness’ of the given category. The degree of active management

(proxied for by turnover), 12b-1 fees, and customer composition (i.e. percentage

of 401k assets and high minimum initial investment) are all found to be non-

significant. It is notable that both past performance and a ‘star’ fund dummy

are found to be positively related to market share.5 When the authors perform

separate regressions on small and large families6, past returns are non-significant

in the case of large funds while the ‘star’ fund dummy is significant and greater in

magnitude for large families than for small. Khorana and Servaes conclude that

4Market share is defined as the percentage of total net assets managed by the family.
5This is endogenous, as high performance relative to a peer group by definition increases assets under

management relative to the peer group.
6Small and large are defined as managing less or more than $1 billion 1979 (in 1979 dollars).
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high market share is positively related to lower fees, better performance, the degree

of product differentiation both within and across categories, and the presence of

one of more ‘star’ funds within a family.

More recently, Zhou and Chiang (2005) study the cross-family acquisition

of mutual funds. They document that families acquire funds both to achieve

synergies stemming from the cost structure of fund operation and to acquire talent

in the form of star funds or reputable managers. While our model specifically

addresses the opening of new funds, rather than the acquisition of existing funds,

the cause and effect may be the same across the two forms of family growth.

Although only tangentially related to our model, Guedj and Papastaikoudi (2004)

find that fund families promote funds that are most profitable to the family more

than less profitable funds. Evans (2004) finds evidence of the use of incubator

funds as a strategy for enhancing the return histories of ‘new’ funds, an approach

which is consistent with maximizing the cannibalization effect we discuss below.

These studies provides some support for our approach.

II.B.2 Fund Flows and Fund Performance

The last decade has seen a dramatic rise in the amount of research devoted

to studying the relation between the behavior of mutual fund investors and that

of mutual fund managers. Numerous studies have focused on the relation between

fund flows and past performance, particularly the observed asymmetry in investor

response to performance.

Sirri and Tufano (1998) document an asymmetric relation between fund

flows and past performance, and find a similar asymmetric response to fees. Cheva-

lier and Ellison (1997) estimate a semi-parametric model of this relation and show

that flows respond asymmetrically to past performance, with inflows in response to

outperformance greater in magnitude than outflows following poor performance.

More recently, Goriaev, Nijman, and Werker (2004) study the impact of

past performance on mutual fund flows, allowing for differences across age and
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size of funds by utilizing a polynomial lag structure, and allowing for asymmetric

effects by modeling on performance quintiles. Using monthly data, they find that

performance during the most recent quarter has the least impact on flows, while

performance lagged three quarters has the strongest impact. They find support

for the convexity of the flow-performance relation.

Lynch and Musto (2003) take as given the asymmetry of the flow - perfor-

mance relation and seeks to study why it is observed to be convex. They suggest

that underperformance results in changes in fund manager and/or strategy, while

outperformance results in no change. Thus, they argue, the signal received by

investors from an outperforming fund is significantly stronger than that received

from a poor performer, and the response is correspondingly asymmetric. However,

the authors’ model is unable to explain the insensitivity of fund flows to poor per-

formance in cases where there is evidence of a strategy shift but no direct change in

manager. This is a particularly relevant case, given empirical evidence suggesting

the persistence of poor performance.

A number of papers, including several of the aforementioned, examine the

conflict between investors’ and fund managers’ interests resulting from a convex

fund flow-relative performance relation.

An early paper by Starks (1987) introduced agency-theoretic methods to

study the relation between the shape of the incentive schedule facing a portfolio

manager and the manager’s resulting investment decisions. Specifically, she com-

pares a symmetric performance incentive fee schedule and an asymmetric bonus

performance incentive fee schedule. Her result suggests that the symmetric sched-

ule strictly dominates the asymmetric schedule in that the former results in the

manager taking on the optimal amount of risk while expending a sub-optimal level

of resources, relative to the interests of the investor. The asymmetric schedule

results in a sub-optimal level of both risk and resource expenditure.

Following Starks (1987), Brown, Harlow, and Starks (1996) study the

behavior of the portfolio manager in a tournament framework, wherein the asym-
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metric incentive is driven by the convex fund flow-relative performance relation.

They find that when this is viewed as a multi-period, multi-game tournament,

funds which perform poorly during the early period(s) have an incentive to in-

crease the risk of the portfolio in later periods, while high performing funds have

an incentive to decrease the riskiness of their portfolio to lock-in gains, and con-

clude that there is a potential moral hazard inherent in the structure of the mutual

fund industry. Chevalier and Ellison (1997) similarly suggest that this relation may

result in an incentive for the manager to increase or decrease portfolio risk during

the last quarter of the year depending on performance over the first three quarters,

a potential conflict between the interest of the manager and the investor.

Later work by Chen and Penacchi (2005) employs this tournament frame-

work to test for the relation between mutual fund performance and risk-taking.

They find that it is the volatility of the fund’s tracking error that is inversely

related to past performance not, as has been suggested, the fund’s total return

volatility.

Expanding upon the literature citing a convex flow-performance relation

Nanda, Wang, and Zheng (2004) model the spillover effects of ‘star’ and ‘dog’

funds on investment flows into a fund family, and find a strong positive relation.

They suggest that under-performing fund families are likely to embark upon a

star-making strategy in an attempt to take advantage of the potential spillover

effect.

Berk and Xu (2004) draws upon Berk and Green (2004), which develops

a rational model of mutual fund investment in a world where there exist managers

with skill to outperform passive benchmarks, with this skill decreasing in assets

managed. In their model, assets flow into (out of) outperforming (underperform-

ing) funds to the point where the funds’ performance net of expenses matches the

benchmark. Berk and Xu (2004) find that the observed persistence in performance

of poorly pereforming funds is a result of the asymmetric flow-performance rela-

tion, in that funds with shareholders who are insensitive to poor performance will
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continue to perform poorly, given the breakdown in the mechanism to bring down

assets.7

Recently, Johnson (2006) uses a unique trade-level dataset from one no-

load fund family to examine the behavior of fund shareholders. Consistent with

an asymmetric low-performance relation, he finds that new and old shareholders

respond positively to periods of outperformance, but are unresponsive to periods

of underperformance. He suggests that intra-family transfers are motivated by the

performance of the destination fund, rather than by the origination fund.

II.C Data

II.C.1 Data Source

We use data from the Center for Research in Security Prices’ ‘CRSP

Survivor Bias Free US Mutual Fund Data Base’ (CRSP).8 The CRSP database

provides monthly fund-level returns, net asset value, total net assets, and distribu-

tion data for all open end mutual funds in existence from December 1961 through

December 2004 for all investment objectives; equity funds, taxable and municipal

bond funds, international funds and money market funds. Annual fund family data

is available from 1992 through 2004, and includes management company name, in-

dividual manager name, and date manager took over. Mark Carhart, the database

for whose dissertation (Carhart 1997) served as the kernel of the CRSP database,

noted that the failure of current periodicals to report on, and the typical purging

from current databases of, deceased funds results in a sizable sample selection bias.

He reports that using only surviving funds to estimate performance of an equal-

weighted portfolio of mutual funds biases the resulting measure upward by about

one percent per year. The CRSP database avoids this bias by including data on

all US mutual funds, live or dead. As our intention is to study fund openings, a

7Although, over time persistently poor performance may achieve the same effect.
8Source: CRSP R©, Center for Research in Security Prices. Graduate School of Business, The Univer-

sity of Chicago 2005. Used with permission. All rights reserved. www.crsp.uchicago.edu
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natural extension to which is the study of fund closings, this characteristic of the

CRSP database is valuable to us.

The nature of our study is such that we require fund family data, so

that our database is limited to monthly fund-level data for all US equity funds9

from 1992.1 through 2004.12, with the associated family-level data appended. In

addition, we limit our sample to those fund families comprised of no fewer than

three funds.

Monthly data obtained directly from the CRSP database include fund

ICDI number, fund name, raw returns, total net assets, and net asset value. Annual

data include fund ICDI number, fund name, fund management company ICDI

number, fund management company name, turnover ratio, maximum expense ratio

during the year, maximum 12b-1 fee during the year, and maximum front-end load

during the year.10

II.C.2 Derivations

Performance Measures

We are interested in studying the behavior of mutual fund investors in re-

sponse to fund performance, and assume that investors judge mutual funds based

on performance relative to some benchmark. Several candidate benchmarking

strategies suggest themselves, including measuring performance in excess of a risk-

free rate of return, performance in excess of the market return (or an appropri-

ately chosen proxy), and performance risk-adjusted relative to a set of carefully

chosen factors. We suggest that the former approaches are appropriate when the

researcher’s interest lie in studying a mutual fund’s tracking error. For our pur-

poses, we are interested in studying mutual fund manager ability, and so we adopt

the latter approach. We estimate the following 4-factor model for each month

using a rolling 36-month window;

9Specifically, we use funds defined by the Investment Company Data Institute as aggressive growth,
growth and income, income, long-term growth, or total return.

10See CRSP documentation for variable definitions.
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(ri,t − rf,t) = αi + β0 (rm,t − rf,t) + β1HMLt + β2SMBt + β3UMDt + εi,t, (II.1)

where ri,t is the month t return for the ith fund, rf,t is the month t risk-free return,

rm,t, HMLt and SMBt are the Fama-French benchmark factors, and MOMt is a

momentum factor.11

An argument can be made that funds with different stated or inferred

strategies should be benchmarked differently, and so in addition to estimating mod-

els using both raw and risk-adjusted performance measures, we use these measures

net of category averages. Categories are defined as broad agglomerations of the

detailed Strategic Insight objective codes included in the CRSP database. These

broad categories include Growth, Growth & Income, Bond Income, Sector, Inter-

national, and Money Market.

Furthermore, we convert both raw returns and 4-factor α measures to

normalized ranking for each month in our sample as follows;

Ranki,t = 10 ∗ PerformanceRanki,t/Nt, (II.2)

where PerformanceRanki,t is the performance ranking of the ith fund at time t

and Nt is the total number of funds in our sample at time t. Thus, Ranki,t is

defined on (0,10].12

Fund Flow Measures

We are interested in studying the flow of new assets into or out of a fund.

This is calculated as either the dollar or percentage change in total net assets of

the fund during a given period, net of returns, estimated as follows;

11Specifically, rm,t is the value-weighted return on all NYSE, AMEX, and NASDAQ stocks, HMLt

(High Minus Low) is the average return on two value portfolios minus the average return on two growth
portfolios, SMBt (Small Minus Big) is the average return on three small portfolios minus the average
return on three big portfolios, and UMDt (Up Minus Down) is the average return on the two high prior
return portfolios minus the average return on the two low prior return portfolios. See Fama and French
(1993) and http://mba.tuck.dartmouth.edu/pages/faculty/ken.french for details

12Note that we calculate PerformanceRank only for raw returns and 4-factor α, not for the net-of-
category average measures, and that Nt refers to the size of the entire cross-section.
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NewMoneyi,t = TNAi,t − (1 + ri,t) TNAi,t−1

and

NewMoneyGrowthi,t = NewMoneyi,t/TNAi,t−1.

where TNAi,t is the level of total net assets managed by the ith fund during period

t and ri,t is the return to the ith fund over period t.

‘Star’ and ‘Dog’ Fund Identification

The ex-post definition of winning and losing mutual funds is somewhat

open to interpretation. While Morningstar ranks funds from one to five stars

based on three-, five-, and ten-year measures of risk-adjusted performance net of

fees. Our approach mirrors the methodology of Nanda, Wang, and Zheng (2004).

We define a ‘star’ fund as one whose trailing 12-month risk-adjusted performance

falls in the top 5% of in-sample funds during the given month. Analogously, we

define a ‘dog’ fund as one whose trailing 12-month risk-adjusted performance falls

in the bottom 5% of in-sample funds during the given month.13

Aggregation to Family Level

In aggregating the data to the fund family level, all non-performance-

related characteristics are treated as either simple or asset-weighted averages across

the funds within the family for each time period, with notable exceptions. Family-

level NewMoney is defined as the sum of fund-level NewMoney, while family-level

NewMoneyGrowth is defined as the sum of fund-level NewMoney divided by the

sum of fund-level total net assets. The derivation of family-level performance

measures will be discussed below.
13These definitions are equivalent to Ranki,t ≤ 0.05 and Ranki,t ≥ 0.95, respectively.
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Fund Openings

We choose to examine fund openings on a quarterly basis, and define

both a dummy variable, OpenDummy, set to one in the event that a family opens

a new fund during the given quarter, and a variable containing the count of funds

opened by a family during the quarter, OpenCount. We define a fund as ‘opened’

based on the date CRSP reports data first available.14

Family-Level Performance Measures

We use fund-level returns and associated rankings to calculate a variety

of family-level performance measures. To proxy for the distribution of quarterly

performance across funds within families, we calculate the asset-weighted mean,

standard deviation, skewness, and kurtosis across all funds in family j for each

period.15 We calculate weighted moments using fund-level total net assets as the

weighting variable, for each performance measure; raw returns, raw return net of

category average, 4-factor α, and 4-factor α net of category average.

In addition to the moment estimates, we calculate the percentage of funds

within a family whose returns fall in the bottom 20%, top 20%, or bottom 50% of

all in-sample returns during the period, using each of the performance measures.

II.C.3 Overview of the Data

Table II.1 presents summary statistics on quarterly fund-level data taken

from the CRSP database, and associated derived variables. Our data includes

quarterly observations on all funds from the CRSP database for a total of 584,638

fund-quarters. The average quarterly raw return earned by a fund in our sample

was 1.40%, while the average α was -1.87%, and the average annual expense ratio

was 1.28%. Assets under management (total net assets) was broadly distributed,

14Thus, acquisitions of existing funds through e.g. fund family mergers are not treated as new fund
openings.

15Calculating these moments over all funds within each family, over each month in the quarter, ensures
that we have a sufficient number of observation even for ‘small’ families, as opposed to estimating
moments separately for each category.
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with the average fund managing roughly $380 million and a number of funds man-

aging tens of billions of dollars. Quarterly fund-level NewMoneyGrowth averaged

0.11%, with a cross-sectional standard deviation of 3.56%, consistent with the

empirical wisdom that assets flow strongly into a select group of winning funds.

Table II.2 presents summary statistics on quarterly family-level non per-

formance related characteristics resulting from aggregation of the fund-level vari-

ables. Though not included in the tables, a breakdown by year shows that the

explosion in the number of funds offered over the sample period is reflected in the

growth of the average number of funds within a family from 9.1 in 1992 to 32.6 in

2004 and the coincident growth in the number of families from 410 to 553. This

suggests that the growth in fund offerings was driven largely by the introduction

of new funds by existing families, rather than by growth in the number of fund

families. Quarterly family-level NewMoneyGrowth averaged 0.10% over the period,

while the average level of total net assets managed by a family grew from roughly

$3.2 billion in 1992 to $13.3 billion in 2004.

Figure II.1: Quarterly US Equity Fund Openings, 1992-2004

Table II.3 presents summary statistics on equity fund openings across

our universe of 26,165 family-quarters for each of the full sample, the set of small
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families, and the set of large families. The data suggest that new funds are dispro-

portionately opened by large families. Table II.4 presents summary statistics on

fund openings from 1992 through 2004, with quarterly openings graphed in Figure

II.1. We note that more than half of the fund families in our sample opened at

most two funds during the sample period, and that 223 families opened none;

We suspect that a number of our family-level performance measures may

be highly cross-correlated. Though omitted to conserve space, we estimate a series

of correlation matrices, one for each of the eight categories of performance measures

we calculate. We note that there are consistently high correlations between each

of the % of Funds Below 20th %ile, % of Funds Above 20th %ile, and % of Funds

Below Median variables and the Number of Star Funds and Number of Dog Funds

variables, as well as between several of the Mean() variables, and the associated

StDev() and Skew() variables. While this is not surprising, it is worth noting and

we estimate models using either the % of Funds Below 20th %ile and % of Funds

Above 20th %ile or the Number of Star Funds and Number of Dog Funds variables,

and estimate models with and without the StDev() and Skew() variables. We sim-

ilarly estimate correlations between our binomial and count variables describing

quarterly fund openings, and each of the non-performance and performance-related

variables in out dataset, lagged one quarter. Of the non-performance character-

istics, fund openings are most highly correlated with lagged own values and with

the number of funds in the family. Among the performance-related characteristics,

the strongest correlations are between measures of kurtosis and skewness and the

number of star and dog funds in the family.

II.D Empirical Work

II.D.1 Fund Flows and Fund-Level Past Performance

While there exists a rich empirical literature documenting the asymmet-

ric investment flow-relative performance relation, past studies have largely focused
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on the convexity around zero in this relation. Our theoretical model assumes, in

addition to this convexity around ‘average’ performance, concavity in the relation

for some level of underperformance. That is, there exists some level of under-

performance below which funds experience strong outflows. Our theoretical work

therefore uses a two-kink piecewise linear functional form for this relation, with

the left and right slopes assumed positive and greater than the middle slope.

To test for the validity of this relation, we estimate piecewise linear func-

tions of NewMoneyGrowth on both lagged raw and net returns and 4-factor α. We

estimate models for all pairs of kinks (L, H) such that L ∈ [−50,−10], H ∈ [−5, 40].

Additionally, using performance rank (scaled from 0 to 100), we estimate models

for all pairs of kinks (L, H) such that L ∈ [0, 40], H ∈ [45, 85].16

Specifically, we estimate

NewMoneyGrowthi,t = β0 + β1Ri,t−1 + β2 (Ri,t−1) DL
i,t−1 + β3 (Ri,t−1) DH

i,t−1 + εi,t,

(II.3)

where DL
i,t−1 and DH

i,t−1 represent dummy variables set to one if the observed excess

return is greater that L and H, respectively. Thus, βLeft = β1, βMid = β1 +β2, and

βRight = β1 + β2 + β3 report the slopes of the left, middle, and right sections. For

each of six performance measures, the squared error-minimizing model is presented

in Figure II.2. We note that the reported significance level is that of a test of the

null hypothesis that the incremental slope is different from zero.

Judging from the adjusted R2 value, the models fit the data poorly. There

are clearly a number of factors influencing investment flows which we have ignored.

However, there are a number of interesting conclusions to be drawn from these

results.

The hypothesized concavity at lower returns and convexity at higher re-

turns are represented by (βLeft > βMid) and (βMid < βRight), respectively. Fur-

16Using integer increments.
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Model L H β0 βLeft βMid βRight RMSE Adj. R2

Alpha -45 48 0.402 0.021 ** -0.010 0.012 0.502 0.012
Net Alpha -29 50 0.365 0.026 ** -0.005 * -0.021 0.502 0.004
Rank (Alpha) 29 54 0.527 0.014 * -0.034 -0.048 ** 0.518 0.006
Raw Return -24 31 4.372 -0.051 ** 0.100 ** 0.228 ** 1.031 0.017
Net Return -43 27 3.869 0.051 ** -0.228 ** -0.156 ** 1.031 0.011
Rank (Return) 7 52 9.210 -0.121 ** 1.334 ** 1.357 ** 1.030 0.032
* indicates significance at the 1% level, ** at the 5% level.

Figure II.2: Root Mean Squared Error-Minimizing Piecewise Linear Flow-

Performance Results, 1992-2004

thermore we assumed in chapter 1 that the floe-performance relation is always

positive and that while flows are less responsive to moderate underperformance

than to outperformance, flows are more responsive to extremely poor performance

than to outperformance. These assumptions imply that our prior on the signs and

magnitudes of the coefficients can be summarized as βLeft > βRight > βMid > 0.

This prior is most closely born out only in the α model, although βRight is

non-significant and βMid is non-significant and negative. However, there is evidence

both of concavity at lower returns and convexity at higher returns, with each of

βLeft > βMid and βRight > βMid in four of the six models (although not the same

four).

In light of out theoretical model, the relative magnitudes of the left and

right slopes warrant discussion. Our model in Chapter 1 suggested that, given

a piecewise linear fund flow-relative performance relation, the expected-revenue-

maximizing fund manager’s optimal level of portfolio risk as a function of manager

ability (α) is given by

σ2
opt (α) =

H2 − L2 + 2 (L−H) α

ln
(

βRight−βMid

βLeft−βMid

) . (II.4)

It follows that if flows are more responsive to outperformance than to

severe underperformance (i.e. βLeft > βRight), then optimal risk is increasing in

ability, and vice versa. In four of the six models presented, βLeft > βRight, however,

the omitted variables problem and poor fit of the models presented in Figure II.2
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suggests using caution in interpreting the results.

II.D.2 Realized Fund Risk and Fund-Level Past Performance

Our specification for the fund manager’s optimal risk level, given by equa-

tion II.4 and derived from the fund-level analysis from Chapter 1, suggests sev-

eral empirical exercises. Notably, we may seek to refine the functional form and

parametrization of the flow-performance relation, and attempt to validate the re-

sulting risk-setting rule. We will save the bulk of this effort for future work and

present here, as we did above, a brief empirical analysis of this relation. We calcu-

late the compounded net-of-category-average raw return and 4-factor α over the

trailing 4 quarters for each fund-quarter in our sample, and place the resulting

observations into performance bins each of width 1%. For each bin we calculate

the average observed standard deviation of raw and 4-factor α for the following

quarter. Figures II.3 and II.4 present plots of average standard deviation on lagged

performance bins using returns net of category averages and 4-factor α net of cat-

egory averages, respectively.

Figure II.3: Risk as a Function of Lagged Performance: Trailing 4-Quarter Net

Returns, 1992-2004

These results do not appear to be consistent with equation II.4, which

predicts that the fund manager’s optimal risk is an increasing linear function of
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Figure II.4: Risk as a Function of Lagged Performance: Trailing 4-Quarter Net

4-Factor α, 1992-2004

past α. However, the ‘V’ shape evident in both the raw return and α cases may

reflect persistence in portfolio risk through time. It is the asymmetry of the ‘V’,

most noticeable in Figure II.4, which lends support to our hypothesis that winning

fund manager’s take on more risk than do underperformers.

II.D.3 Performance and Risk Level of New Versus Old Funds

To examine the performance and risk level of new versus old funds, we

calculate cross-sectional averages for the quarterly average and standard deviation

of raw returns net of category averages for each quarter in our sample, separately

for new funds and old funds. We define new funds as those in their first year

of existence, and old funds as those having been in existence at least two years.

Figure II.5 presents the difference in mean performance between new and old funds

for each year, while Figure II.6 presents the ratio of new fund standard deviation

of performance to that of old funds. Figures II.5 and II.6 suggest that returns are

not systematically different between new funds and old funds. However, new funds

seem, ex post, to have borne more idiosyncratic risk during the early and late parts

of the sample period (1992-93 and 2003-04), but less risk during the middle of the

period (1994-2002). We hypothesize that this may have been driven in part by the

types of new funds introduced during the relevant periods. These results suggest
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that deeper study is warranted.

Figure II.5: Average Performance: New Minus Old Funds, 1992-1998

Figure II.6: Risk: Ratio of New to Old Funds, 1992-1998

II.D.4 Fund Openings and Family-Level Past Performance

Our primary empirical effort is focused on using the data described in

Section II.C to model the factors influencing the opening of a new fund by a

fund family, with particular emphasis on variables describing the distribution of
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returns across funds within the family. In this section, we test the proposition

that families with a high number of underperforming funds have an incentive to

open a new fund, leveraging the hypothesized cannibalization effect of a new fund

on existing funds, in an attempt to manage a ‘star’ fund and reap the rewards

stemming from investors’ asymmetric response to fund performance.

Our theoretical model ignores the role played by non-performance related

fund and family characteristics in both families’ fund opening and investors’ fund

selection decisions, as we are mainly interested in modeling performance effects

holding other fund and family characteristics constant. To correct for such affects

in our empirical work, we include non-performance related characteristics in the

models presented below. Specifically, we model the event of a fund family opening

a new fund in a given quarter as a function of lagged family characteristics and

variables describing the cross-sectional distribution of performance across funds

within the family. We estimate similar models of the count of funds opened during

a given quarter.

Econometric Issues

There are a number of econometric issues to be addressed before we

present and discuss our results. These include the temporal aggregation of the

data, the particular choice of event and count models, the specification of func-

tional forms to address the cross sectional and time series characteristics of our

data, and interpretation of the regression output.

Temporal Aggregation

We use as dependent variables binomial and count variables for the open-

ing of a new fund and the number of new funds opened by a family during each

quarter of our sample period. We suggest that historical performance and lagged

family and fund characteristics may help explain fund openings. While the mutual

fund industry typically presents one-, three-, and five-year returns as performance

measures, the study of fund openings precludes this approach, and we use as pre-
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dictors lagged quarterly data. We include year dummies to accommodate time

effects.

Panel Data Issues

Our dataset is composed of time series observations on a large number

of mutual fund families. Intuitively, we expect there to be a substantial family-

specific component to the fund opening decision, and so we treat each family as a

panel. There are three basic approaches to dealing with differences across panels

in binomial and count models; the fixed-effects model which takes panel-specific

effects to be parametric shifts of the regression function, the random effects model

which assumes panel-specific effects are randomly distributed across panels, and

the population averaged model. We rule out the population averaged model, as

the results of such models are interpreted as differences across average members

of groups with different regressor values, while the results from fixed effects and

random effects models are interpreted as the expected change for an individual

given a change in the regressor. With respect to performance measures, we are

interested in the latter interpretation.

For several baseline models, we perform Hausman tests for fixed effects

versus random effects. In all cases, the null hypothesis of uncorf between the

random effects and the regressors is rejected at better than the 1% level. We

therefore estimate fixed effects models.

Modeling Approach: Fund Openings

We assume that the observed binomial variable OpenDummyjt is repre-

sentative of some unobserved latent variable y∗jt where

y∗jt = x′jtβ + εjt,

and that OpenDummyjt = 1 if y∗jt > 0 and 0 otherwise. The appropriate approach

to modeling this problem is to estimate the binomial regression model of choice,

depending on the modeler’s beliefs about the distribution of the error term. The

logistic model, given by



60

P (Yjt = 1|xjt) =
exp(x′jtβ

LOGIT )

1 + exp(x′jtβLOGIT )
,

where Yjt represents an observed outcome and xjt represents a vector of covari-

ates, is a plausible choice for our data.17 The simplest approach to accommodating

fixed-effects in such a model is to include a set of panel-specific dummy variables.

However, estimation issues arise quickly as the number of panels grows large rela-

tive to the number of time periods per panel, as is the case in our sample. Similarly,

the nonlinearity of the model prohibits the standard fixed-effects approach of deal-

ing with this so-called ‘incidental parameters’ problem, the taking of differences or

de-meaning of the data.

Chamberlain (1980) suggests a conditional maximum likelihood approach

to this problem, where the set of observations for each panel are considered as a

group, and the resulting likelihood function is conditional upon the sum of observa-

tions for each panel. The resulting conditional fixed effects logit can be represented

as

Pr


Yjt = 1|

Tj∑
t=1

yjt


 =




exp

(
Tj∑
t=1

yjtx
′
jtβ

LOGIT

)

∑
dj∈Sj

(
Tj∑
t=1

djtx′jtβLOGIT

)




,

where yjt equals one in the event a fund is opened by the jth family during period

t, xjt is our vector of independent variables, and dj is a possible set of outcomes

over time 1 to T for the jth family, the space of which is defined as Sj. It is worth

noting that under this approach, panels with no variation in outcome across the

sample fall out of the likelihood function, and so provide no explanatory power.

Specifically, we use conditional maximum likelihood to estimate a condi-

tional logit regression with both family and time effects;

17While there are other candidate binomial models, most notably the probit, in practice it is difficult
to justify one choice over another.
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OpenDummyjt = αj + δy + x′jtβ
LOGIT + εjt, (II.5)

where OpenDummyjt is a binomial fund opening variable set to 1 if a family opened

a fund during time t, xjt−1 is a vector of explanatory variables consisting of both the

performance measures defined above and a set of non-performance-related family

characteristics, αj accommodates family effects, and δy accommodates year effects.

Since we have only thirteen years in our sample, we use a set of dummy variables

to allow year effects. By comparison, Khorana & Servaes (1999) estimate logistic

regressions of fund openings with year effects only.

Modeling Approach: Count of Fund Openings

A number of econometric issues arise in the estimation of count data

models. The nature of our data as representative of an ordered, discrete process

suggests using a simple Poisson model. However, the Poisson model assumes the

data is equidispersed.18 This is unlikely to be the case in our data, as the uncon-

ditional variance is much greater than the unconditional mean in our sample (the

ratio being roughly 6.2), and it is unlikely that our model could explain sufficient

variation to induce equidispersion. We therefore perform a series of likelihood ratio

tests per Cameron and Trivedi (1997), on a number of baseline models.19 In all

cases the null hypothesis of equidispersion is overwhelmingly rejected, in support

of the negative binomial.

As there are many family-quarters in our dataset during which there were

no funds opened (more than half), we perform Vuong (1989) tests of zero-inflated

negative binomial versus negative binomial on a number of baseline models. Large

negative values (≤ 2) of the Vuong statistic favor the negative binomial while

large positive values (> 2) favor the zero-inflated model. In each test we perform,

the resulting test statistic lies well within (-2,2), and the test is inconclusive. We

18That is, the conditional mean and variance are equal
19Specifically, the Negative Binomial model permits overdispersion by allowing the specifying the

variance as a function of the mean: $i = µi + kµi or $i = µi + kµ2
i . As the Poisson is therefore nested

in the Negative Binomial, a LR test with Ho : k = 0 is appropriate.
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therefore default to the simplest approach allowing for overdispersion, and estimate

a series of fixed effects negative binomial models.

The estimation problems resulting from the number of panels in our data

relative to the number of time periods reappear in the negative binomial. A con-

ditional fixed effects negative binomial model, analogous to the conditional logit

and using conditional maximum likelihood, was proposed by Hausman, Hall, and

Griliches (1984), which can be stated as

Pr(Yjt = yjt|δi) =
Γ (λjt + yjt)

Γ (λjt) Γ (yjt + 1)

(
1

1 + δi

)λjt
(

δi

1 + δi

)yjt

,

where yjtis the number of fund openings by the jth fund family during period t

and

λjt = exp(x′jtβ
NBREG + c),

where yjt is conditionally Poisson, dispersion is equal to 1 + δi, and xjt is a vector

of covariates.

Specifically, we use the method outlined above to estimate conditional

negative binomial regressions with both family and time effects;

OpenCountjt = αj + δy + x′jtβ
NBREG + εjt, (II.6)

where OpenCountjt is a count of the number of funds opened during pe-

riod t, xjt is a vector of explanatory variables consisting of both the performance

measures defined in Section II.C.2 above and a set of non-performance-related

family characteristics, αj accommodates family effects, and δy accommodates year

effects. Since we have only thirteen years in our sample, we use a set of dummy

variables to allow year effects. By comparison, Khorana and Servaes (1999) esti-

mate Poisson regressions with year effects only.

Interpretation of the Results
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It is important to note that interpretation of the coefficients from logit

and negative binomial models differs from the standard linear model. We choose

to report exponentiated coefficients, which are interpreted as either an odds ratio

(in the logit case) or as an incidence rate ratio (in the negative binomial case).

The odds ratio reports the multiplicative change in P (Yjt = 1) /P (Yjt = 0) for a

one unit change in the regressor, while the incidence rate ratio reports the multi-

plicative change in the incidence rate, or predicted count, for a one unit change in

the regressor. Accordingly, a coefficient less than one indicates a negative relation,

while a coefficient greater than one indicates a positive relation.

Results

Univariate Panel Models

Tables II.5 and II.6 present results from a series of univariate conditional

fixed effects logit and conditional fixed effects negative binomial models, respec-

tively. While we estimate both one-way fixed effects models (family effects only)

and two-way fixed effects models (both family and year effects), only two-way

models are presented.

Among the non-performance characteristics, we find that fund openings

are positively correlated with lagged openings, logs of the number of funds in

family and total assets managed by the family, and NewMoneyGrowth (in the

count models). Consistent with the results in Khorana and Servaes (1999) and

Khorana and Servaes (2006), families with higher average expense ratios open

fewer funds less often. However, families with higher average maximum load fees

appear to open fewer new funds more often.

Among the performance-related characteristics, we find that fund open-

ings are positively related to variables which capture the existence of extreme out-

performers and underperformers within a family, both in the binomial and count

models. These include the number of ‘star’ and ‘dog’ funds and percentage of funds

in top and bottom quintiles (using both returns and α), and all kurtosis measures.
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There is also some evidence that openings are positively correlated with measures

of variance and skewness of performance across existing funds.

However, the coefficient on mean raw returns across a family’s funds is

statistically significant and less than 1 in both the binomial and count models.

This runs counter our prior that there exists a reputation effect, although these

univariate models should be interpreted with caution as there is clearly substantial

omitted variable bias.

Multivariate Panel Models

Drawing on the results discussed above, we estimate a series of multivari-

ate conditional fixed effects logit and conditional fixed effects negative binomial

models, for each of four specifications.

In each model we include lagged fund openings (Fund Opening Dummy

or Count of Fund Openings), the log of the number of funds in the family (Log

# Funds), the log of average total net assets across funds managed by the family

(Log Avg. Total Net Assets), net new investment flows (NewMoneyGrowth), aver-

age expense ratio (Expenses), average maximum load (Maximum Load), average

turnover ratio (Turnover), and a subset of our family-level performance measures.

For each model, we include mean and kurtosis measures as well as either

‘star’ and ‘dog’ counts (models i and iii in each panel) or the percentage of funds in

the top and bottom performance quintiles (models ii and iv). We estimate models

both with and without standard deviation and skewness measures.

We estimate each set of four models both with year effects (two-way mod-

els) and without (one-way models), separately using performance measures based

on raw returns, returns net of category averages, 4-factor α, and 4-factor α net of

category averages. We do not report results from models using the ranking-based

measures from equation II.2, as these measures displayed inferior predictive ability.

Furthermore, we include the square of lagged openings in each of the count models.

Full sample results from the logit models are presented in Tables II.7 through II.10,

with results from the negative binomial models in Tables II.11 through II.14. In
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both cases, the results are for the most part qualitatively consistent across speci-

fications.

Tables II.7 and II.8 present results from conditional logit regressions us-

ing raw returns and net returns, respectively. Among the non-performance char-

acteristics, the results indicate that fund openings are positively related to lagged

openings, the log of the number of funds within family, and weighted average load

fees. Fund openings are negatively related to the log of average fund size and

weighted average expense ratios. Neither NewMoneyGrowth nor Turnover enter

the models with significance. Notably, coefficients on Log Avg. Total Net Assets,

Expenses, and Maximum Load, while statistically significant in the 1-way models,

are non-significant once year effects are included. Among the performance mea-

sures, mean returns are negatively related to fund openings in both the raw and

net return models, while kurtosis measures are positively related. The mean return

results are counterintuitive, as we expect a positive relation, even conditional on

star and dog fund measures. However, this result is somewhat contradicted by

the α results discussed below. Also inconsistent with our hypotheses are the few

statistically significant negative coefficients on Number of Star Funds and % Funds

in Top Fifth.

Results from the corresponding α models presented in Tables II.9 and

II.10 differ from the returns-based models in significant ways. Average fund size

(negatively related in the return models) is positively related to fund openings in

the α models, while the coefficients on Turnover are greater than 1 and statis-

tically significant, suggesting that growth in funds conditional on α is correlated

with the degree of active management for which Turnover is considered to be a

proxy. Mean performance measures are positively related and statistically signif-

icant in several of the α models, while they were negatively related in the return

models. Similarly, kurtosis measures (positively related in the return models) are

negatively related in the α models (although statistically significant in only 2 of

16 specifications). Most strikingly, our measures of the presence of extreme under-
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and outperforming funds are statistically significant in all of the α specifications.

Results from the star/dog fund specifications appear to contradict those from the

top/bottom quintile specifications. Consistent with past studies which find a posi-

tive relation between performance and new fund openings, coefficients on % Funds

in Bottom Fifth are all statistically significant and substantially less than 1 in the

α models (ranging from 0.32 to 0.49, suggesting that a family with all of its funds

in the bottom performance quintile will open one third to one half as many new

funds as a similar family with no funds in the bottom performance quintile), while

the coefficients on % Funds in Top Fifth ranged from 4.9 to 11.3. However, coeffi-

cients on Number of Star Funds are all statistically significant and less than one,

while those on Number of Dog Funds are significant and positive.20 These results

lend some support for our hypothesis that a family of underperforming funds has

a stronger incentive to open new funds than an ‘average’ family, and suggests that

there are differences in the sensitivity of the reputation and cannibalization effects

to performance.

The results from the conditional negative binomial models presented in

Tables II.11 through II.14 differ substantively from conditional logit results only in

several points. Notably, Maximum Load is negatively related to fund openings in

the count models (whereas the relation was positive in the binomial models). This

is consistent with a pattern of growth in the industry wherein families offering load

funds open fewer funds more often, relative to no-load families. This is sensible

since our analysis treats the introduction of a new share class as a new fund.

Similar to the logit results, the negative binomial results using returns and

net returns are fairly weak with respect to our measures of extreme underperform-

ers and outperformers, while the α models are substantially stronger. Analogous

to the logit case, the coefficients on % Funds in Top Fifth are all statistically sig-

nificant and range from 0.47 to 0.51, while the coefficients on % Funds in Top

Fifth ranged from 4.1 to 6.2. Similarly, coefficients on Number of Star Funds are

20Note that the difference in units of measurement for the Star/Dog variables and the performance
quintile variable makes direct comparison of the economic magnitude of these results difficult.
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all statistically significant and less than one, while those on Number of Dog Funds

are significant and positive.

We note that there is evidence of a positive and significant relation be-

tween current fund openings and lagged count of fund openings, and a negative

relation with squared fund openings (although at 0.999, the coefficients are perhaps

not economically significant).

Discussion

The most economically significant of our results suggest that new fund

openings are best explained by variations in the following:

1. Number of existing funds, with families managing more funds opening more

new funds more often.

2. Average assets managed by existing funds, with families managing on average

larger funds opening more new funds more often.

3. Costs, with low expense families opening more new funds more often and

load families opening fewer new funds more often. The latter result is likely

driven by the multi-class structure of load funds and may suggest that new

share classes of the same portfolio are rolled out over different quarters as

demand builds.21

4. Percentage of a family’s funds in the top and bottom contemporaneous α

quintiles, with families whose funds are concentrated in the bottom quintile

opening far fewer funds less often and families whose funds are concentrated

in the top quintile opening many more funds more often.

5. The number of star and dog funds managed by a family, with families manag-

ing more star funds opening fewer new funds less often and families managing

more funds opening more new funds more often.

21This may be driven by the growth in types of share classes offered through the sample period, rather
than by strategic decisions on the part of load families.
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While the last two points appear contradictory, we suggest that this is

indicative of an asymmetry in the relationship between the performance of existing

funds and new fund openings, with the cannibalization effect stronger for families

with extremely poor performing funds (i.e. dogs) and the reputation effect stronger

for families with more moderately outperforming performing funds (i.e. those in

the top 20%).

In fact, these results are consistent with the the parametrization of the

flow-performance relation described in chapter 1 and represented in equation II.3.

Recall we assumed, consistent with existing empirical evidence, that net new flows

are convex around average performance, with strong inflows in response to outper-

formance and relatively weak outflows in response to underperformance. In addi-

tion, we assumed that there exists some level of underperformance below which

outflows will respond strongly. Since the cannibalization effect is dependent on

investors fleeing an underperforming fund, we see this effect only in families where

the level of underperformance is sufficient to spur such behavior.

These results lend support for our hypothesis that, in addition to the

reputation (or spillover) effect identified by Nanda, Wang, and Zheng (2004) and

others, there exists a cannibalization effect which families composed largely of

underperforming funds may attempt to capitalize on by opening new funds.

The results suggest that while new fund openings may be positively re-

lated to both measures of extreme outperformance and underperformance of a

family’s existing funds, (using α measures, in particular) the relation is certainly

asymmetric, with the reputation effect appearing to be substantially stronger than

the cannibalization effect.

II.E Conclusions and Extension

Chapter 1 proposed a theoretical framework for modeling fund openings

which yielded the following implications:
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1. Families composed largely of underperforming funds will set the initial risk

level of a new fund higher than that set by a fund manager with unknown

‘ability’ acting in isolation. This will result in maximizing the cannibalization

effect of the new fund on the set of existing funds, thereby moving investment

within the family toward a fund with a higher ex ante probability of being a

‘star’. The opposite is true for a family of outperforming funds.

2. For fund families with a large number of underperforming funds, the higher

is the sensitivity of cannibalization and the lower is the sensitivity of external

investment flows to changes in new fund initial risk level, the higher is the

likelihood that the optimal level of risk of the new fund is greater than that

which would be set by a manager acting in isolation. The opposite is true

for a family composed largely of outperforming funds.

3. There exists a level of underperformance on the part of existing funds, ρ
′
,

above which relative performance and fund openings are positively correlated

and below which relative performance and fund openings are negatively cor-

related. Furthermore, the family will set the initial risk level of the new fund

higher than would the associated fund manager acting in isolation.

While we have not yet developed a framework to empirically test all of

these implications, the results of our empirical analysis thus far are consistent with

the predictions made by our theoretical model. While we observe a positive relation

between fund openings and strong family performance (measured using 4-factor α)

across funds within a family, fund openings appear also to be positively correlated

with both measures of extreme underperformance and extreme outperformance,

albeit asymmetrically. Both of these results are consistent with the implications

of our theoretical model.

Our results are largely consistent with those of previous studies. Direct

comparison of our empirical results with those of Massa (1998) and Massa (2003)

is made difficult by differences in approach, since Massa models the growth of
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aggregate fund offerings while we model the underlying fund family decision driving

that growth. Khorana and Servaes (1999) and Khorana and Servaes (2006) are

closer in approach to our paper. Khorana and Servaes (1999) is the most similar

to our own, estimating logistic and Poisson models on annual data from 1979 to

1992 by fund category. Our results support their findings that fund openings are

positively related to family performance (measured using α and ‘scale and scope’

of family offerings, and negatively related to fee levels.

Our paper improves upon prior studies in more thoroughly modeling the

effect of the distribution of performance across funds within a family on the family’s

fund opening decision. We have hypothesized that, in addition to the positive effect

of strong average family performance on the likelihood of opening a new fund, other

characteristics of family level performance create similar incentives. We suggest

that asymmetries in investor response to fund performance may create a win-

win situation for fund families considering the opening of a new fund or funds,

conditional on the distribution of returns of existing funds. Specifically, a family

with extremely poorly performing funds expects a new fund to cannibalize existing

funds. Assuming that expected excess returns to a new fund are zero, while the

expected excess return to an existing ‘dog’ funds is expected to be negative, we

view the opening of a new fund as similar to the purchase of a call option by the

family–if the new fund should outperform, the family will see strong inflows and

increased fee income, whereas if the new fund underperforms the family has lost

little since the cannibalized funds are expected to underperform and outflows are

expected to be unresponsive to poor performance in either case.

Our results offer some support for this theory. Although our estimates

of the first four moments of the distribution of performance across families’ ex-

isting funds have little predictive strength, the statistically significant results on

our α-based measures of extreme underperformance and outperformance (% funds

in top/bottom performance quintile and counts of star/dog funds) suggest that

families with a high fraction of funds on the extreme ends of the relative perfor-



71

mance spectrum are more likely to open new funds. These results lend support

for the reputation and cannibalization effect, and suggest that these effects are

asymmetric with respect to α.

A number of potential improvements and extensions to the current paper

present themselves. These include modeling fund openings and closings jointly,

accounting for the effects of incubator funds on reported fund openings, and de-

signing a more econometrically sophisticated test for the existence and extent of

the cannibalization effect.
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II.F Appendix II.A: Tables
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Table II.2: Summary Statistics: Quarterly Family Data, 1992-2004
This table presents summary statistics on quarterly family-level variables used
in our analysis. Statistics are presented both for the cross-section of 553 fam-
ilies in our sample as of the end of 2004, as well as for the universe of 26,165
family-quarters from 1992.1 through 2004.4 for all US fund families composed
of a minimum of three funds. Star Flag and Dog Flag are defined as 1 if the
fund is in the top or bottom 5% of contemporaneous returns (or α), respectively,
otherwise 0. New Money Growth, Max. Load, Expenses, and Turnover are defined
as asset-weighted averages of class-level values.

Table 2A: Univariate Family-Level Statistics, Quarterly Data

2004.4 1992.1 - 2004.4
Variable Mean Std Dev Mean Std Dev

# Stars (Return) 1.34 3.92 0.81 2.40
# Dogs (Return) 1.34 4.55 0.81 2.36
# Stars (Alpha) 1.64 4.64 1.09 3.08
# Dogs (Alpha) 1.64 4.92 1.08 3.03
# Funds 32.63 74.44 21.71 49.76
Total Net Assets (Sum) 13,345 62,332 8,214 39,095
Total Net Assets (Avg) 397 1,644 249 865
New Money Growth -0.04 0.26 0.10 6.36
Max. Load (%) 0.73 1.45 0.96 1.70
Expenses (%) 1.35 1.14 1.32 1.17
Turnover Ratio 0.84 1.21 0.92 3.82

# Observations 553 26,165
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Table II.4: Summary Statistics: Fund Openings by Quarter, 1992-2004
This table presents summary statistics across quarters on fund openings from
1992.1 through 2004.4. The data include 26,165 family-quarters covering 749
unique families over the sample period, with 553 families in existence as of the
fourth quarter 2004. # Families Opening New Funds is defined as the sum of
OpenDummy across all families for each quarter, while # Funds Opened is defined
as the sum of OpenCount across all families for each quarter, with OpenDummy
defined as 1 if a family opened a new fund during the quarter and OpenCount
defined as the number of new funds opened by a family during the quarter.

Univariate Statistics on Fund Openings by Quarter, 1992-2004

# Families Opening New Funds # Funds Opened

Count 52 52
Sum 4,242 21,369
Minimum 10 121
Maximum 130 700
Mean 81.58 410.94
Std Dev 24.26 124.51
Skewness -0.71 -0.32
Kurtosis 0.69 0.004
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Table II.5: Univariate Conditional Logit Models of Quarterly Fund
Openings, 1992-2004
This table presents results of univariate conditional logit models from quarterly
fund openings on family-level performance- and non-performance-related char-
acteristics, lagged one quarter. The dependent variable is OpenDummy, defined
as 1 if a family opened a new fund during the quarter. Predictor variables are
defined as asset-weighted averages of class-level values where appropriate. Both
family and time effects are included, and performance measures using returns and
4-factor α, both raw and net of category averages, are included. Families with
fewer than 3 funds were excluded from the analysis, leaving 13,403 observations on
families with variation in OpenDummy. Exponentiated coefficients are presented,
which in the logit model are interpreted as odds ratios (P(y=1)/P(y=0)). That
is, the reported coefficient indicates the expected change in the probability of a
fund opening for a one unit change in the regressor.

2-Way Logit Regressions with Family and Year Fixed Effects

Non-Performance Characteristics Odds Ratio P>z Pseudo-R2

Fund Opening Dummy (t-1) 1.367 0.00 0.04
Count of Fund Opening (t-1) 1.022 0.00 0.03
Log # Funds (t-1) 2.281 0.00 0.07
New Money Growth (%) (t-1) 1.003 0.23 0.04
Log Avg. Total net Assets (t-1) 0.960 0.11 0.03
Log Sum Total net Assets (t-1) 1.276 0.00 0.04
Expenses (%) (t-1) 0.794 0.00 0.04
Maximum Load (%) (t-1) 1.015 0.60 0.03
Turnover (%) (t-1) 0.993 0.76 0.07

Performance Characteristics Odds Ratio P>z Pseudo-R2

Number of Star Funds (Ret) (t-1) 1.010 0.00 0.05
Number of Dog Funds (Ret) (t-1) 1.078 0.00 0.03
Number of Star Funds (Alpha) (t-1) 1.010 0.00 0.05
Number of Dog Funds (Alpha) (t-1) 1.024 0.00 0.06
Mean(Raw Returns) (t-1) 0.991 0.00 0.03
Var(Raw Returns) (t-1) 1.000 0.08 0.11
Skew(Raw Returns) (t-1) 1.012 0.36 0.17
Kurt(Raw Returns) (t-1) 1.033 0.00 0.21
Mean(Returns Net of Cat. Avg.) (t-1) 0.994 0.17 0.03
Var(Returns Net of Cat. Avg.) (t-1) 1.000 0.17 0.11
Skew(Returns Net of Cat. Avg.) (t-1) 1.002 0.89 0.17
Kurt(Returns Net of Cat. Avg.) (t-1) 1.030 0.00 0.21
% Funds in Bottom Fifth (Ret) (t-1) 0.955 0.75 0.03
% Funds in Top Fifth (Ret) (t-1) 0.957 0.76 0.03
% Funds in Top Half (Ret) (t-1) 1.089 0.31 0.03
Mean(Alpha) (t-1) 0.995 0.22 0.17
Var(Alpha) (t-1) 1.000 0.15 0.25
Skew(Alpha) (t-1) 1.034 0.05 0.30
Kurt(Alpha) (t-1) 1.009 0.08 0.35
Mean(Alpha Net of Cat. Avg.) (t-1) 0.997 0.49 0.17
Var(Alpha Net of Cat. Avg.) (t-1) 1.000 0.32 0.25
Skew(Alpha Net of Cat. Avg.) (t-1) 1.016 0.30 0.30
Kurt(Alpha Net of Cat. Avg.) (t-1) 1.006 0.19 0.35
% Funds in Bottom Fifth (Alpha) (t-1) 2.822 0.00 0.04
% Funds in Top Fifth (Alpha) (t-1) 3.683 0.00 0.05
% Funds in Top Half (Alpha) (t-1) 3.416 0.00 0.04
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Table II.6: Univariate Conditional Negative Binomial Models of Quar-
terly Fund Openings, 1992-2004
This table presents results from univariate conditional negative binomial models of
quarterly fund openings on family-level performance- and non-performance-related
characteristics, lagged one quarter. The dependent variable is OpenCount, defined
as the number of new funds opened by a family during the quarter. Predictor
variables are defined as asset-weighted averages of class-level values where ap-
propriate. Both family and time effects are included, and performance measures
using returns and 4-factor α, both raw and net of category averages, are included.
Families with fewer than 3 funds were excluded from the analysis, leaving 13,403
observations on families with variation in OpenCount. Exponentiated coefficients
are presented, which in the negative binomial model are interpreted as incidence
rate ratios, that is, the proportional change in the incidence rate for a one unit
change in the regressor.

2-Way Negative Binomial Regressions with Family and Year Fixed Effects

Non-Performance Characteristics (t-1) IRR P>z Pseudo-R2

Fund Opening Dummy (t-1) 1.517 0.00 0.03
Count of Fund Opening (t-1) 1.016 0.00 0.01
Log # Funds (t-1) 1.744 0.00 0.05
New Money Growth (%) (t-1) 1.002 0.08 0.02
Log Avg. Total Net Assets (t-1) 1.135 0.00 0.02
Log Sum Total net Assets (t-1) 1.278 0.00 0.03
Expenses (%) (t-1) 0.690 0.00 0.02
Maximum Load (%) (t-1) 0.945 0.00 0.01
Turnover (%) (t-1) 0.985 0.39 0.04

Performance Characteristics IRR P>z Pseudo-R2

Number of Star Funds (Ret) (t-1) 1.006 0.00 0.03
Number of Dog Funds (Ret) (t-1) 1.012 0.00 0.03
Number of Star Funds (Alpha) (t-1) 1.006 0.00 0.03
Number of Dog Funds (Alpha) (t-1) 1.012 0.00 0.03
Mean(Raw Returns) (t-1) 0.992 0.00 0.01
Var(Raw Returns) (t-1) 1.000 0.00 0.06
Skew(Raw Returns) (t-1) 1.013 0.17 0.09
Kurt(Raw Returns) (t-1) 1.022 0.00 0.12
Mean(Returns Net of Cat. Avg.) (t-1) 0.996 0.25 0.01
Var(Returns Net of Cat. Avg.) (t-1) 1.000 0.00 0.06
Skew(Returns Net of Cat. Avg.) (t-1) 0.995 0.55 0.09
Kurt(Returns Net of Cat. Avg.) (t-1) 1.020 0.00 0.12
% Funds in Bottom Fifth (Ret) (t-1) 0.986 0.91 0.01
% Funds in Top Fifth (Ret) (t-1) 0.853 0.17 0.01
% Funds in Top Half (Ret) (t-1) 1.043 0.52 0.01
Mean(Alpha) (t-1) 0.998 0.61 0.11
Var(Alpha) (t-1) 1.000 0.12 0.17
Skew(Alpha) (t-1) 1.007 0.56 0.20
Kurt(Alpha) (t-1) 1.021 0.00 0.23
Mean(Alpha Net of Cat. Avg.) (t-1) 0.999 0.70 0.11
Var(Alpha Net of Cat. Avg.) (t-1) 1.000 0.14 0.17
Skew(Alpha Net of Cat. Avg.) (t-1) 0.999 0.96 0.20
Kurt(Alpha Net of Cat. Avg.) (t-1) 1.021 0.00 0.23
% Funds in Bottom Fifth (Alpha) (t-1) 2.426 0.00 0.01
% Funds in Top Fifth (Alpha) (t-1) 2.316 0.00 0.02
% Funds in Top Half (Alpha) (t-1) 2.310 0.00 0.02
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Table II.7: Multivariate Conditional Logit Models of Quarterly Fund
Openings Using Raw Returns, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenDummy, defined
as 1 if a family opened a new fund during the quarter. Predictor variables are
defined as asset-weighted averages of class-level values where appropriate. Perfor-
mance measures are based on raw returns, with Panel A presenting result from
models with family effects only, while Panel B includes both family and year ef-
fects. Families with fewer than 3 funds were excluded from the analysis, leaving
13,245 observations on families with variation in OpenDummy. Exponentiated co-
efficients are presented, which in the logit model are interpreted as odds ratios
(P(y=1)/P(y=0)). That is, the reported coefficient indicates the expected change
in the probability of a fund opening for a one unit change in the regressor.
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Panel A: 1-Way Models Using Raw Returns
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.416 0.00 1.435 0.00 1.417 0.00 1.435 0.00
Log # Funds 1.570 0.00 1.317 0.00 1.576 0.00 1.321 0.00
Log Avg. Total Net Assets 0.849 0.00 0.855 0.00 0.858 0.00 0.866 0.00
New Money Growth (%) 1.002 0.36 1.002 0.37 1.002 0.36 1.002 0.37
Expenses (%) 0.614 0.00 0.623 0.00 0.619 0.00 0.628 0.00
Maximum Load 1.173 0.00 1.178 0.00 1.173 0.00 1.178 0.00
Turnover (%) 1.024 0.41 1.024 0.41 1.024 0.40 1.024 0.40
Mean(Raw Returns) 0.992 0.02 0.992 0.02 0.992 0.01 0.991 0.01
Var(Raw Returns) 1.000 0.09 1.000 0.06
Skew(Raw Returns) 0.997 0.84 0.997 0.81
Kurt(Raw Returns) 1.017 0.00 1.015 0.00 1.017 0.00 1.015 0.00
% Funds in Bottom Fifth 1.121 0.63 1.071 0.77
% Funds in Top Fifth 0.809 0.37 0.840 0.46
Number of Star Funds 0.996 0.00 0.996 0.00
Number of Dog Funds 1.007 0.71 1.009 0.62
Year Effects No No No No

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.21 0.21 0.21 0.21

Panel B: 2-Way Models Using Raw Returns
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.180 0.00 1.183 0.00 1.180 0.00 1.183 0.00
Log # Funds 2.728 0.00 2.634 0.00 2.722 0.00 2.630 0.00
Log Avg. Total net Assets 0.963 0.41 0.962 0.39 0.975 0.57 0.974 0.56
New Money Growth (%) 1.002 0.36 1.002 0.36 1.002 0.37 1.002 0.37
Expenses (%) 0.875 0.35 0.884 0.38 0.878 0.36 0.887 0.40
Maximum Load (%) 1.027 0.51 1.028 0.49 1.029 0.48 1.030 0.46
Turnover (%) 1.025 0.39 1.025 0.39 1.025 0.39 1.025 0.39
Mean(Raw Returns) 0.987 0.00 0.986 0.00 0.987 0.00 0.985 0.00
Var(Raw Returns) 1.000 0.04 1.000 0.04
Skew(Raw Returns) 1.000 0.98 0.999 0.92
Kurt(Raw Returns) 1.007 0.10 1.007 0.12 1.007 0.09 1.007 0.11
% Funds in Bottom Fifth 0.956 0.85 0.913 0.71
% Funds in Top Fifth 0.658 0.09 0.680 0.12
Number of Star Funds 0.999 0.36 0.999 0.36
Number of Dog Funds 1.000 0.99 1.002 0.90
Year Effects Yes Yes Yes Yes

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.25 0.25 0.25 0.25
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Table II.8: Multivariate Conditional Logit Models of Quarterly Fund
Openings Using Returns Net of Category Averages, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenDummy, defined as 1
if a family opened a new fund during the quarter. Predictor variables are defined as
asset-weighted averages of class-level values where appropriate. Performance mea-
sures are based on returns net of broad category averages derived from detailed
Strategic Insight categories. Panel A presents result from models with family ef-
fects only, while Panel B includes both family and year effects. Families with
fewer than 3 funds were excluded from the analysis, leaving 13,245 observations on
families with variation in OpenDummy. Exponentiated coefficients are presented,
which in the logit model are interpreted as odds ratios (P(y=1)/P(y=0)). That is,
the reported coefficient indicates the expected change in the probability of a fund
opening for a one unit change in the regressor.
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Panel A: 1-Way Models Using Returns Net of Category Averages
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.414 0.00 1.432 0.00 1.415 0.00 1.433 0.00
Log # Funds 1.575 0.00 1.319 0.00 1.578 0.00 1.317 0.00
Log Avg. Total net Assets 0.843 0.00 0.846 0.00 0.855 0.00 0.862 0.00
New Money Growth (%) 1.002 0.34 1.002 0.35 1.002 0.34 1.002 0.35
Expenses (%) 0.612 0.00 0.618 0.00 0.620 0.00 0.626 0.00
Maximum Load (%) 1.168 0.00 1.173 0.00 1.167 0.00 1.172 0.00
Turnover (%) 1.024 0.40 1.024 0.40 1.024 0.40 1.024 0.39
Mean(Net Returns) 0.986 0.05 0.982 0.03 0.985 0.03 0.980 0.02
Var(Net Returns) 1.000 0.04 1.000 0.02
Skew(Net Returns) 0.997 0.80 0.994 0.66
Kurt(Net Returns) 1.015 0.00 1.013 0.00 1.015 0.00 1.013 0.00
% Funds in Bottom Fifth 0.996 0.99 0.927 0.76
% Funds in Top Fifth 0.707 0.18 0.757 0.27
Number of Star Funds 0.996 0.00 0.996 0.00
Number of Dog Funds 1.006 0.73 1.010 0.59
Year Effects No No No No

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.21 0.21 0.21 0.21

Panel B: 2-Way Models Using Raw Returns Net of Category Averages
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.178 0.00 1.181 0.00 1.179 0.00 1.182 0.00
Log # Funds 2.727 0.00 2.628 0.00 2.718 0.00 2.616 0.00
Log Avg. Total net Assets 0.958 0.35 0.956 0.32 0.970 0.50 0.969 0.48
New Money Growth (%) 1.002 0.35 1.002 0.35 1.002 0.36 1.002 0.36
Expenses (%) 0.865 0.31 0.871 0.33 0.872 0.34 0.878 0.36
Maximum Load (%) 1.026 0.53 1.027 0.51 1.027 0.52 1.028 0.50
Turnover (%) 1.025 0.38 1.025 0.39 1.025 0.39 1.025 0.39
Mean(Net Returns) 0.987 0.06 0.979 0.01 0.986 0.04 0.977 0.01
Var(Net Returns) 1.000 0.07 1.000 0.05
Skew(Net Returns) 1.000 1.00 0.996 0.75
Kurt(Net Returns) 1.007 0.07 1.006 0.10 1.008 0.05 1.007 0.07
% Funds in Bottom Fifth 0.862 0.57 0.812 0.42
% Funds in Top Fifth 0.616 0.07 0.647 0.10
Number of Star Funds 0.999 0.31 0.999 0.30
Number of Dog Funds 1.003 0.85 1.006 0.74
Year Effects Yes Yes Yes Yes

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.25 0.25 0.25 0.25
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Table II.9: Multivariate Conditional Logit Models of Quarterly Fund
Openings Using 4-Factor α, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenDummy, defined
as 1 if a family opened a new fund during the quarter. Predictor variables are
defined as asset-weighted averages of class-level values where appropriate. Per-
formance measures are based on 4-factor α, with Panel A presenting result from
models with family effects only, while Panel B includes both family and year ef-
fects. Families with fewer than 3 funds were excluded from the analysis, leaving
10,544 observations on families with variation in OpenDummy. Exponentiated co-
efficients are presented, which in the logit model are interpreted as odds ratios
(P(y=1)/P(y=0)). That is, the reported coefficient indicates the expected change
in the probability of a fund opening for a one unit change in the regressor.
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Panel A: 1-Way Models Using 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.298 0.00 1.300 0.00 1.310 0.00 1.313 0.00
Log # Funds 1.807 0.00 1.438 0.00 1.834 0.00 1.415 0.00
Log Avg. Total net Assets 1.096 0.12 1.220 0.00 1.142 0.02 1.269 0.00
New Money Growth (%) 1.000 0.99 1.000 0.94 1.000 0.99 1.000 0.95
Expenses (%) 0.589 0.00 0.638 0.01 0.619 0.01 0.669 0.02
Maximum Load (%) 1.320 0.00 1.244 0.00 1.323 0.00 1.247 0.00
Turnover (%) 0.986 0.74 0.989 0.79 0.987 0.76 0.989 0.80
Mean(Alpha) 1.001 0.93 1.006 0.39 1.000 0.95 1.006 0.36
Var(Alpha) 1.000 0.00 1.000 0.00
Skew(Alpha) 1.053 0.00 1.057 0.00
Kurt(Alpha) 0.995 0.33 0.994 0.26 0.996 0.47 0.996 0.40
% Funds in Bottom Fifth 0.357 0.00 0.322 0.00
% Funds in Top Fifth 11.289 0.00 12.210 0.00
Number of Star Funds 0.988 0.00 0.988 0.00
Number of Dog Funds 1.022 0.00 1.023 0.00
Year Effects No No No No

Number of Observations 10,544 10,544 10,544 10,544
Pseudo-R2 0.37 0.37 0.37 0.37

Panel B: 2-Way Models Using 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.129 0.00 1.136 0.00 1.131 0.00 1.138 0.00
Log # Funds 3.073 0.00 2.631 0.00 3.101 0.00 2.644 0.00
Log Avg. Total net Assets 1.225 0.00 1.304 0.00 1.243 0.00 1.318 0.00
New Money Growth (%) 1.000 0.98 1.000 0.98 1.000 0.99 1.000 0.97
Expenses (%) 0.735 0.09 0.756 0.13 0.751 0.12 0.772 0.16
Maximum Load (%) 1.184 0.00 1.155 0.01 1.183 0.00 1.152 0.01
Turnover (%) 0.986 0.74 0.988 0.76 0.986 0.73 0.987 0.75
Mean(Alpha) 1.007 0.29 1.012 0.08 1.007 0.29 1.012 0.08
Var(Alpha) 1.000 0.21 1.000 0.39
Skew(Alpha) 1.028 0.15 1.040 0.04
Kurt(Alpha) 0.995 0.41 0.996 0.47 0.996 0.45 0.996 0.49
% Funds in Bottom Fifth 0.487 0.02 0.457 0.01
% Funds in Top Fifth 4.978 0.00 5.025 0.00
Number of Star Funds 0.993 0.00 0.993 0.00
Number of Dog Funds 1.014 0.00 1.014 0.00
Year Effects Yes Yes Yes Yes

Number of Observations 10,544 10,544 10,544 10,544
Pseudo-R2 0.39 0.39 0.39 0.39
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Table II.10: Multivariate Conditional Logit Models of Quarterly Fund
Openings Using 4-Factor α Net of Category Averages, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenDummy, defined as 1
if a family opened a new fund during the quarter. Predictor variables are defined as
asset-weighted averages of class-level values where appropriate. Performance mea-
sures are based on 4-factor α net of broad category averages derived from detailed
Strategic Insight categories. Panel A presents result from models with family ef-
fects only, while Panel B includes both family and year effects. Families with
fewer than 3 funds were excluded from the analysis, leaving 10,544 observations on
families with variation in OpenDummy. Exponentiated coefficients are presented,
which in the logit model are interpreted as odds ratios (P(y=1)/P(y=0)). That is,
the reported coefficient indicates the expected change in the probability of a fund
opening for a one unit change in the regressor.
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Panel A: 1-Way Models Using 4-Factor α Net of Category Averages
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.302 0.00 1.306 0.00 1.310 0.00 1.313 0.00
Log # Funds 1.788 0.00 1.408 0.00 1.839 0.00 1.417 0.00
Log Avg. Total net Assets 1.098 0.12 1.222 0.00 1.146 0.02 1.272 0.00
New Money Growth (%) 1.000 0.98 1.000 0.95 1.000 0.99 1.000 0.94
Expenses (%) 0.593 0.00 0.648 0.01 0.621 0.01 0.673 0.02
Maximum Load (%) 1.321 0.00 1.243 0.00 1.324 0.00 1.247 0.00
Turnover (%) 0.984 0.70 0.987 0.75 0.987 0.75 0.989 0.79
Mean(Net Alpha) 1.001 0.87 1.006 0.33 1.000 0.95 1.006 0.36
Var(Net Alpha) 1.000 0.00 1.000 0.01
Skew(Net Alpha) 1.030 0.08 1.038 0.03
Kurt(Net Alpha) 0.992 0.14 0.995 0.35 0.993 0.20 0.996 0.41
% Funds in Bottom Fifth 0.363 0.00 0.325 0.00
% Funds in Top Fifth 11.907 0.00 12.151 0.00
Number of Star Funds 0.988 0.00 0.988 0.00
Number of Dog Funds 1.023 0.00 1.023 0.00
Year Effects No No No No

Number of Observations 10,544 10,544 10,544 10,544
Pseudo-R2 0.37 0.37 0.37 0.37

Panel B: 2-Way Models Using 4-Factor α Net of Category Averages
i ii iii iv

Lagged (t-1) Predictors: OR P>z OR P>z OR P>z OR P>z

Fund Opening Dummy 1.129 0.00 1.137 0.00 1.130 0.00 1.137 0.00
Log # Funds 3.083 0.00 2.665 0.00 3.116 0.00 2.677 0.00
Log Avg. Total net Assets 1.230 0.00 1.304 0.00 1.249 0.00 1.320 0.00
New Money Growth (%) 1.000 0.98 1.000 0.98 1.000 0.99 1.000 0.97
Expenses (%) 0.736 0.09 0.761 0.14 0.751 0.12 0.772 0.16
Maximum Load (%) 1.182 0.00 1.151 0.01 1.184 0.00 1.153 0.01
Turnover (%) 0.985 0.71 0.986 0.73 0.986 0.73 0.986 0.75
Mean(Net Alpha) 1.006 0.34 1.011 0.10 1.007 0.27 1.012 0.08
Var(Net Alpha) 1.000 0.23 1.000 0.46
Skew(Net Alpha) 1.022 0.21 1.025 0.15
Kurt(Net Alpha) 0.990 0.06 0.993 0.18 0.990 0.07 0.993 0.17
% Funds in Bottom Fifth 0.492 0.02 0.467 0.02
% Funds in Top Fifth 4.880 0.00 4.891 0.00
Number of Star Funds 0.993 0.00 0.993 0.00
Number of Dog Funds 1.014 0.00 1.014 0.00
Year Effects Yes Yes Yes Yes

Number of Observations 10,544 10,544 10,544 10,544
Pseudo-R2 0.39 0.39 0.39 0.39
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Table II.11: Multivariate Conditional Negative Binomial Models of Quar-
terly Fund Openings Using Raw Returns, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenCount, defined as
the number of new funds opened by a family during the quarter. Predictor vari-
ables are defined as asset-weighted averages of class-level values where appropriate.
Performance measures are based on raw returns, with Panel A presenting result
from models with family effects only, while Panel B includes both family and year
effects. Families with fewer than 3 funds were excluded from the analysis, leaving
10,544 observations on families with variation in OpenCount. Exponentiated co-
efficients are presented, which in the logit model are interpreted as incidence rate
ratios, that is, the proportional change in the incidence rate for a one unit change
in the regressor.
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Panel A: Models 1-Way Using Raw Returns
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.027 0.00 1.027 0.00 1.027 0.00 1.027 0.00
Count of Fund Openings2 0.999 0.00 0.999 0.00 0.999 0.00 0.999 0.00
Log # Funds 1.533 0.00 1.384 0.00 1.535 0.00 1.385 0.00
Log Avg. Total Net Assets 1.016 0.45 1.015 0.49 1.020 0.33 1.019 0.37
New Money Growth (%) 1.001 0.33 1.001 0.31 1.001 0.33 1.001 0.32
Expenses (%) 0.807 0.00 0.812 0.00 0.808 0.00 0.812 0.00
Maximum Load (%) 0.942 0.00 0.946 0.00 0.943 0.00 0.946 0.00
Turnover (%) 1.043 0.02 1.044 0.01 1.044 0.01 1.044 0.01
Mean(Raw Return) 0.994 0.02 0.993 0.01 0.994 0.02 0.993 0.01
Var(Raw Return) 1.000 0.40 1.000 0.40
Skew(Raw Return) 1.004 0.63 1.005 0.58
Kurt(Raw Return) 1.009 0.00 1.008 0.00 1.009 0.00 1.008 0.00
% Funds in Bottom Fifth 0.831 0.32 0.819 0.28
% Funds in Top Fifth 1.038 0.85 1.048 0.81
Number of Star Funds 0.998 0.00 0.998 0.00
Number of Dog Funds 1.008 0.42 1.008 0.40
Year Effects No No No No

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.13 0.13 0.13 0.13

Panel B: Models 2-Way Using Raw Returns
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.010 0.00 1.010 0.01 1.010 0.00 1.010 0.00
Count of Fund Openings2 0.999 0.03 0.999 0.03 0.999 0.03 0.999 0.03
Log # Funds 1.844 0.00 1.831 0.00 1.841 0.00 1.829 0.00
Log Avg. Total net Assets 0.947 0.01 0.947 0.01 0.956 0.03 0.955 0.03
New Money Growth (%) 1.001 0.27 1.001 0.27 1.001 0.28 1.001 0.27
Expenses (%) 0.910 0.16 0.903 0.13 0.912 0.17 0.903 0.13
Maximum Load (%) 0.883 0.00 0.884 0.00 0.884 0.00 0.885 0.00
Turnover (%) 1.050 0.00 1.050 0.00 1.051 0.00 1.051 0.00
Mean(Raw Return) 0.989 0.00 0.988 0.00 0.989 0.00 0.988 0.00
Var(Raw Return) 1.000 0.02 1.000 0.04
Skew(Raw Return) 1.001 0.87 1.002 0.85
Kurt(Raw Return) 1.003 0.11 1.003 0.11 1.003 0.11 1.003 0.11
% Funds in Bottom Fifth 0.693 0.06 0.670 0.04
% Funds in Top Fifth 0.950 0.80 0.971 0.88
Number of Star Funds 1.000 0.71 1.000 0.70
Number of Dog Funds 1.001 0.88 1.003 0.79
Year Effects Yes Yes Yes Yes

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.15 0.15 0.15 0.15
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Table II.12: Multivariate Conditional Negative Binomial Models of Quar-
terly Fund Openings Using Returns Net of Category Averages, 1992-
2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenCount, defined as the
number of new funds opened by a family during the quarter. Predictor variables
are defined as asset-weighted averages of class-level values where appropriate. Per-
formance measures are based on returns net of broad category averages derived
from detailed Strategic Insight categories. Panel A presents result from mod-
els with family effects only, while Panel B includes both family and year effects.
Families with fewer than 3 funds were excluded from the analysis, leaving 10,544
observations on families with variation in OpenCount. Exponentiated coefficients
are presented, which in the logit model are interpreted as incidence rate ratios,
that is, the proportional change in the incidence rate for a one unit change in the
regressor.
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Panel A: Models 1-Way Using Net Returns
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.027 0.00 1.027 0.00 1.027 0.00 1.027 0.00
Count of Fund Openings2 0.999 0.00 0.999 0.00 0.999 0.00 0.999 0.00
Log # Funds 1.541 0.00 1.388 0.00 1.541 0.00 1.386 0.00
Log Avg. Total net Assets 1.016 0.45 1.014 0.52 1.020 0.35 1.017 0.41
New Money Growth (%) 1.001 0.33 1.001 0.31 1.001 0.33 1.001 0.31
Expenses (%) 0.806 0.00 0.809 0.00 0.809 0.00 0.810 0.00
Maximum Load (%) 0.942 0.00 0.946 0.00 0.942 0.00 0.946 0.00
Turnover (%) 1.043 0.02 1.043 0.02 1.043 0.02 1.043 0.02
Mean(Net Returns) 0.989 0.06 0.985 0.03 0.988 0.04 0.983 0.01
Var(Net Returns) 1.000 0.07 1.000 0.09
Skew(Net Returns) 1.000 0.96 0.998 0.86
Kurt(Net Returns) 1.007 0.00 1.006 0.00 1.007 0.00 1.006 0.00
% Funds in Bottom Fifth 0.746 0.15 0.721 0.10
% Funds in Top Fifth 0.960 0.84 0.960 0.84
Number of Star Funds 0.998 0.00 0.998 0.00
Number of Dog Funds 1.009 0.34 1.010 0.32
Year Effects No No No No

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.13 0.13 0.13 0.13

Panel B: Models 2-Way Using Net Returns
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.010 0.00 1.010 0.00 1.010 0.00 1.010 0.00
Count of Fund Openings2 0.999 0.03 0.999 0.03 0.999 0.03 0.999 0.03
Log # Funds 1.851 0.00 1.842 0.00 1.850 0.00 1.840 0.00
Log Avg. Total net Assets 0.949 0.02 0.948 0.01 0.953 0.03 0.951 0.02
New Money Growth (%) 1.001 0.27 1.001 0.27 1.001 0.28 1.001 0.27
Expenses (%) 0.904 0.13 0.893 0.10 0.906 0.14 0.894 0.10
Maximum Load (%) 0.883 0.00 0.884 0.00 0.884 0.00 0.884 0.00
Turnover (%) 1.050 0.00 1.049 0.00 1.050 0.00 1.050 0.00
Mean(Net Returns) 0.986 0.02 0.979 0.00 0.985 0.01 0.977 0.00
Var(Net Returns) 1.000 0.02 1.000 0.07
Skew(Net Returns) 1.002 0.81 0.999 0.93
Kurt(Net Returns) 1.002 0.39 1.002 0.39 1.002 0.37 1.002 0.35
% Funds in Bottom Fifth 0.612 0.02 0.590 0.01
% Funds in Top Fifth 0.887 0.58 0.880 0.55
Number of Star Funds 1.000 0.73 1.000 0.71
Number of Dog Funds 1.005 0.64 1.005 0.62
Year Effects Yes Yes Yes Yes

Number of Observations 13,245 13,245 13,245 13,245
Pseudo-R2 0.15 0.15 0.15 0.15
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Table II.13: Multivariate Conditional Negative Binomial Models of
Quarterly Fund Openings Using 4-Factor α, 1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenCount, defined as the
number of new funds opened by a family during the quarter. Predictor variables
are defined as asset-weighted averages of class-level values where appropriate.
Performance measures are based on 4-factor α, with Panel A presenting result
from models with family effects only, while Panel B includes both family and year
effects. Families with fewer than 3 funds were excluded from the analysis, leaving
10,544 observations on families with variation in OpenCount. Exponentiated
coefficients are presented, which in the logit model are interpreted as incidence
rate ratios, that is, the proportional change in the incidence rate for a one unit
change in the regressor.
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Panel A: Models 1-Way Using 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.020 0.00 1.016 0.00 1.021 0.00 1.017 0.00
Count of Fund Openings2 0.999 0.00 0.999 0.01 0.999 0.00 0.999 0.01
Log # Funds 1.701 0.00 1.449 0.00 1.698 0.00 1.431 0.00
Log Avg. Total net Assets 1.076 0.00 1.150 0.00 1.098 0.00 1.170 0.00
New Money Growth (%) 1.000 0.89 1.000 0.85 1.000 0.88 1.000 0.84
Expenses (%) 0.818 0.01 0.815 0.01 0.835 0.02 0.825 0.01
Maximum Load (%) 0.921 0.00 0.920 0.00 0.924 0.00 0.922 0.00
Turnover (%) 1.036 0.16 1.010 0.72 1.038 0.15 1.011 0.68
Mean(Alpha) 1.005 0.27 1.009 0.05 1.007 0.18 1.010 0.03
Var(Alpha) 1.000 0.01 1.000 0.02
Skew(Alpha) 1.033 0.00 1.034 0.00
Kurt(Alpha) 0.997 0.26 0.999 0.71 0.998 0.54 1.000 0.98
% Funds in Bottom Fifth 0.513 0.00 0.485 0.00
% Funds in Top Fifth 5.883 0.00 6.195 0.00
Number of Star Funds 0.995 0.00 0.995 0.00
Number of Dog Funds 1.008 0.00 1.008 0.00
Year Effects No No No No

Number of Observations 10,551 10,551 10,551 10,551
Pseudo-R2 0.25 0.25 0.25 0.25

Panel B: Models 2-Way Using 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.007 0.04 1.006 0.08 1.007 0.04 1.006 0.08
Count of Fund Openings2 0.999 0.06 0.999 0.11 0.999 0.06 0.999 0.11
Log # Funds 1.967 0.00 1.822 0.00 1.964 0.00 1.823 0.00
Log Avg. Total net Assets 0.987 0.62 1.051 0.08 0.994 0.80 1.049 0.07
New Money Growth (%) 1.000 0.89 1.000 0.90 1.000 0.90 1.000 0.89
Expenses (%) 0.861 0.05 0.825 0.02 0.863 0.06 0.826 0.02
Maximum Load (%) 0.883 0.00 0.887 0.00 0.884 0.00 0.887 0.00
Turnover (%) 1.054 0.03 1.034 0.18 1.056 0.03 1.034 0.19
Mean(Alpha) 1.015 0.01 1.018 0.00 1.014 0.01 1.018 0.00
Var(Alpha) 1.000 0.44 1.000 0.97
Skew(Alpha) 0.997 0.80 1.009 0.44
Kurt(Alpha) 0.998 0.39 1.000 0.85 0.998 0.41 1.001 0.83
% Funds in Bottom Fifth 0.479 0.00 0.472 0.00
% Funds in Top Fifth 4.083 0.00 4.084 0.00
Number of Star Funds 0.997 0.00 0.997 0.00
Number of Dog Funds 1.006 0.00 1.006 0.00
Year Effects Yes Yes Yes Yes

Number of Observations 10,551 10,551 10,551 10,551
Pseudo-R2 0.264 0.266 0.264 0.266
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Table II.14: Multivariate Conditional Negative Binomial Models of
Quarterly Fund Openings Using 4-Factor α Net of Category Averages,
1992-2004
This table presents results from multivariate conditional logit models of quarterly
fund openings on family-level performance- and non-performance-related charac-
teristics, lagged one quarter. The dependent variable is OpenCount, defined as the
number of new funds opened by a family during the quarter. Predictor variables
are defined as asset-weighted averages of class-level values where appropriate.
Performance measures are based on 4-factor α net of broad category averages
derived from detailed Strategic Insight categories. Panel A presents result from
models with family effects only, while Panel B includes both family and year
effects. Families with fewer than 3 funds were excluded from the analysis, leaving
10,544 observations on families with variation in OpenCount. Exponentiated
coefficients are presented, which in the logit model are interpreted as incidence
rate ratios, that is, the proportional change in the incidence rate for a one unit
change in the regressor.
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Panel A: Models 1-Way Using Net 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.020 0.00 1.016 0.00 1.021 0.00 1.017 0.00
Count of Fund Openings2 0.999 0.00 0.999 0.01 0.999 0.00 0.999 0.01
Log # Funds 1.690 0.00 1.422 0.00 1.692 0.00 1.418 0.00
Log Avg. Total net Assets 1.080 0.00 1.160 0.00 1.095 0.00 1.170 0.00
New Money Growth (%) 1.000 0.89 1.000 0.85 1.000 0.88 1.000 0.82
Expenses (%) 0.816 0.01 0.819 0.01 0.825 0.01 0.822 0.01
Maximum Load (%) 0.923 0.00 0.922 0.00 0.924 0.00 0.923 0.00
Turnover (%) 1.037 0.16 1.015 0.57 1.040 0.13 1.018 0.51
Mean(Net Alpha) 1.014 0.03 1.028 0.00 1.016 0.01 1.031 0.00
Var(Net α) 1.000 0.07 1.000 0.23
Skew(Net α) 1.012 0.26 1.019 0.07
Kurt(Net α) 0.998 0.34 1.001 0.70 0.998 0.42 1.001 0.64
% Funds in Bottom Fifth 0.637 0.05 0.620 0.04
% Funds in Top Fifth 6.279 0.00 6.307 0.00
Number of Star Funds 0.995 0.00 0.995 0.00
Number of Dog Funds 1.008 0.00 1.008 0.00
Year Effects No No No No

Number of Observations 10,551 10,551 10,551 10,551
Pseudo-R2 0.25 0.25 0.25 0.25

Panel B: Models 2-Way Using Net 4-Factor α
i ii iii iv

Lagged (t-1) Predictors: IRR P>z IRR P>z IRR P>z IRR P>z

Count of Fund Openings 1.007 0.05 1.006 0.09 1.007 0.05 1.006 0.09
Count of Fund Openings2 0.999 0.07 0.999 0.12 0.999 0.06 0.999 0.12
Log # Funds 1.960 0.00 1.827 0.00 1.959 0.00 1.827 0.00
Log Avg. Total net Assets 0.991 0.73 1.055 0.05 0.997 0.92 1.053 0.05
New Money Growth (%) 1.000 0.92 1.000 0.93 1.000 0.90 1.000 0.90
Expenses (%) 0.858 0.05 0.822 0.01 0.862 0.05 0.822 0.01
Maximum Load (%) 0.881 0.00 0.885 0.00 0.881 0.00 0.885 0.00
Turnover (%) 1.051 0.04 1.032 0.21 1.052 0.04 1.032 0.22
Mean(Net Alpha) 1.012 0.06 1.018 0.01 1.013 0.03 1.019 0.00
Var(Net Alpha) 1.000 0.46 1.000 0.79
Skew(Net Alpha) 1.013 0.21 1.018 0.08
Kurt(Net Alpha) 0.994 0.03 0.999 0.74 0.995 0.04 0.999 0.70
% Funds in Bottom Fifth 0.504 0.00 0.496 0.00
% Funds in Top Fifth 4.066 0.00 4.018 0.00
Number of Star Funds 0.998 0.00 0.998 0.00
Number of Dog Funds 1.006 0.00 1.006 0.00
Year Effects Yes Yes Yes Yes

Number of Observations 10,551 10,551 10,551 10,551
Pseudo-R2 0.26 0.27 0.26 0.27



Chapter III

Mutual Fund Performance and

Advisory Firm Organization

III.A Introduction

As the mutual fund industry has grown in size and importance in U.S. fi-

nancial markets, practitioners, regulators, and academics have become increasingly

aware of potential agency conflicts in these entities. Academic studies have tended

to focus on agency conflicts arising from the interactions between investors and

fund managers. Notably, the shape of the compensation contract and the respon-

siveness of investors to fund performance have received a great deal of attention,

primarily with respect to their ramifications for fund manager behavior.1

Recently, several mutual fund industry leaders have suggested that the

mutual fund industry is not necessarily organized to align fund managers’ interests

with those of shareholders. Swensen (2005) suggests the ownership structure of the

investment advisor has a substantial impact on the returns investors can expect

to receive. Indeed, he suggests the investment advisor’s profit motive is important

enough to ensure the advisor’s investment decisions will tend to favor the profits

of the firm at the expense of the investor.

. . . When the fiduciary responsibility to produce high risk-adjusted re-
1See, for example, Chevalier and Ellison (1997) and Sirri and Tufano (1998).
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turns for investors inevitably comes into conflict with the profit moti-
vation to provide substantial revenue for fund management companies,
investor returns lose and company profits win.

Mutual-fund investors consistently fail to achieve investment objec-
tives, because the balance of power in the investment management
world skews dramatically in favor of the profit-seeking investment man-
ager . . .

. . . Investors increase the odds for success by avoiding purely profit-
motivated firms and engaging organizations that reduce or eliminate
the conflict between seekers of profit and seekers of return. Not-for-
profit organizational structures allow investment management compa-
nies to focus solely on fulfilling fiduciary responsibilities. Moreover in
the not-for-profit world, the absence of profit-margins leads to lower
cost for mutual-fund shareholders.2

In his most recent book, mutual fund industry icon John Bogle (Bogle

2005) rails against the transition of the US economy from one of owners’ capitalism

to one of managers’ capitalism. On the mutual fund industry, he laments the trends

which have changed mutual fund management “...from a profession to a business”,

and suggests this has been detrimental to investors.

. . . As 1958 ended, the regulatory wall that had prevented public own-
ership of management companies since the industry began thirty-four
years earlier came tumbling down. A rush of initial public offerings
followed, with the shares of a dozen management companies quickly
brought to market.

. . . Indeed, it is possible to envision circumstances in which the pressure
for earnings and earnings growth engendered by public ownership is
antithetical to the responsible operation of a professional organization.

. . . The third major force in the industry’s transformation, and a rather
unrecognized one at that, was the growing control of mutual fund man-
agement companies by large financial conglomerates.

. . . The change in the mutual fund industry from profession to business
was clearly accelerated by the shift in control of a major portion of
the industry, first from private to public hands, then from independent
firms to subsidiaries of financial conglomerates. The staggering aggre-
gations of managed assets that resulted from these combinations - often
billions of dollars under a single roof - surely serve the interests of the
fund manager. With size came burgeoning fees that helped support

2Swensen (2005) page 341.
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the costly battle to build market share, and the ability to market the
”brand name” of the fund complex across the nation.

. . . Nor has the change improved investor returns. In fact, the reverse is
true. The record shows that funds operated under the aegis of financial
conglomerates have provided distinctly inferior returns compared to the
returns achieved by funds managed by privately held firms.3

Swenson and Bogle are suggesting that the governance characteristics of

the investment advisor have real effects on investors’ interests. This implies a

different focus than that of the current state of academic literature, which has

focused on governance characteristics of the investment company (i.e. the mutual

fund).4 While there exists anecdotal evidence in support of Swenson’s and Bogle’s

arguments that the ownership structure of investment advisors affects performance

and expenses, a broad empirical analysis of these effects has not previously been

carried out. The primary contribution of our paper is to carry out just such an

analysis.

In this paper we analyze the mutual fund industry with respect to the

ownership structure of the investment advisor (i.e. fund family). We address this

issue from two perspectives. First, we examine the effects on fund investors (in

terms of performance and fees) of different investment advisor ownership struc-

tures. In particular we compare privately held, publicly owned, and mutualized

firms. Second, we examine whether mutual fund investors are better served by a

fund family that is independent or a subsidiary of a larger concern, and whether

fund families that are subsidiaries (of, for example, banks, insurance companies, or

financial services conglomerates) outperform their non-subsidiary peers. The rise

of the fund family as subsidiary resulted, in no small part, from conglomeration in

the mutual fund industry following the Gramm-Leach-Bliley Act of 1999 (GLBA).5

3Bogle (2005) page 177-9.
4Relevant studies of mutual fund governance include Ferris and Yan (2005), Tufano and Sevick (1997),

Khorana, Tufano, and Wedge (2006)and Meschke (2005).
5The GLBA formally removed many of the legal constraints on affiliations between banks, securities

firms, and insurance companies put in place by the Glass-Steagall Act of 1933. In particular GLBA
repealed the restrictions on banks affiliating with securities firms. In addition, GLBA created a new “fi-
nancial holding company” engaging in a broad range of financial activities including insurance company
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Notable in the subsequent industry changes was the entrance of large banking and

insurance conglomerates into the mutual fund business. In 2004, 196 of 547 fund

families were subsidiaries of larger concerns: 59 fund families had insurance par-

ents, 82 fund families had banking parents, 44 fund families were subsidiaries of

financial services conglomerates, and 10 families were subsidiaries of non-financial

firms.6

We hypothesize that the performance of funds belonging to subsidiary

families differs from non-subsidiary family funds for several reasons. First, own-

ership by a conglomerate may provide access to skills and services unavailable to

independent fund families and translate into increased fund performance and de-

creased fund fees. For example, a financial services conglomerate may be able to

provide its subsidiary funds with better research and cheaper execution services.

Access to these services could translate into benefits to investors in terms of higher

returns or lower expenses.7

Alternatively, investors in fund families affiliated with diversified con-

glomerates realize benefits not measured in performance or expenses. These may

include lower search costs, faster and more efficient transfers and coordinated re-

porting among other financial service entities within the conglomerate, and bet-

ter/coordinated advice across multiple dimensions of investors’ financial needs.

For example, investors in bank or insurance company affiliated mutual funds may

realize some benefit from investing in mutual funds where they consume other fi-

nancial services. If investors value these services in aggregate, this could explain

an equilibrium that results in some degree of investor capture reflected in lower

portfolio investment. Passage of GLBA permitted substantial conglomeration in the financial services
sector. For full text of the act and it’s provisions see http://banking.senate.gov/conf/. GLBA also con-
tained provisions that made the regulation of bank holding companies that are mutually held consistent
with the regulation of other bank holding companies. Potential conflicts of interest in the mutual fund
business were addressed in amendments to the Investment Advisors Act of 1940 to require banks that
advise mutual funds to register as investment advisors.

6Of course, there is substantial overlap across banks, insurance companies, and financial services
conglomerates. We have characterized parent firms according to their core business. For example, Banc
of America is characterized as a bank, although its operations include broader financial services.

7Of course, such savings may or may not be passed along to investors in the form of lower expenses.
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performance and/or higher fees.8

A related issue involves the question of who is actually managing the

mutual fund portfolio. That is, are the day-to-day operations of the fund being

carried out by an employee of the investment advisor, or has the investment advisor

contracted with an outside entity to act as subadvisor for the fund? If we make

the argument that characteristics of the investment advisor may play a role in

fund management decisions because the portfolio manager is an employee of the

advisor, then we may be interested in knowing whether or not the manager is

directly employed by the advisor. Thus, we examine performance and expense

differences between directly advised and subadvised funds.9

The remainder of our paper is organized as follows. In section III.B we

briefly discuss the relevant literature. Section III.C discusses the structure of the

mutual fund industry and the interaction of industry participants. Section III.D.1

discusses investment advisor ownership structure and the implications of different

ownership structures for investors. Section III.D.2 addresses the relevance of the

mutual fund subsidiary relation to shareholders. Section III.D.3 describes the inter-

action between investment advisors and sub-advisors. Section III.E describes our

data, defines variables used, and address a number of econometric issues. Section

III.F presents our empirical models, Section III.G discusses our empirical results

in light of our hypotheses, and section III.H concludes.

III.B Literature

The focus of this paper is on the ownership structure of the investment

advisor and the incentive effects this structure has with respect to the advisor’s

responsibility to fund shareholders. Several papers have examined the role of the

fund complex in the mutual fund industry, notably Khorana, Tufano, and Wedge

(2006) and Gervais, Lynch, and Musto (2005). Abstracting from the mutual fund

8See, for instance, Sirri and Tufano (1993).
9For a survey of the literature relevant to delegated monitoring issues, see Stracca (2005).
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industry, problems associated with the distribution of resources in internal capital

markets have been examined in the corporate governance literature in the context

of other types of firms. For example, Rajan, Servaes, and Zingales (2000) and

Scharfstein and Stein (2000) both develop models of internal power struggles and

rent-seeking behavior within diversified firms.10

The fund family literature has focused on other aspects of the relation of

individual funds to the fund complex. Guedj and Papastaikoudi (2004) examine

whether fund families promote funds that are most profitable to the family more

than less profitable funds. They find evidence that funds belonging to larger fami-

lies exhibit more performance persistence than funds belonging to smaller families.

They explain the persistence by suggesting that larger fund families have more lat-

itude to promote their most successful funds over other funds in the family. They

also find evidence of within-family performance persistence.

A problem similar to ours was studied by Siggelkow (2005), who identifies

the issue of competing incentives faced by mutual fund providers. He focuses on

the ability of fund managers to shift expenses they would normally pay themselves

onto investors. In particular, he examines the impact of 12b-1 fees and soft dollars

on fund shareholders. He finds evidence that funds pass through 12b-1 fees to

shareholders. He also documents evidence that competition among fund providers

does not moderate the two agency relations managers find themselves in.11 In our

paper we suggest the ownership of the investment advisor is a mechanism through

which investment advisor incentives may be closely aligned with fund shareholders.

Kempf and Ruenzi (2004) study competition for resources by funds within

the same fund family using a tournament framework.12 They argue that funds in

10The problem of allocating authority within a firm’s hierarchy and the associated organizational
design issues has been studied by Harris and Raviv (2005) and Aghion and Tirole (1997) in the context
of other types of diversified firms.

11Other studies of agency issues in mutual funds include Tufano and Sevick (1997), who study fund
board incentives and Chevalier and Ellison (1997) who examine the incentives of the fund manager.
Zitzewitz (2003) also studies agency issues at the level of the fund provider, but focuses on mechanisms
for protecting investors from dilution.

12Kempf and Ruenzi (2004) build on a broader mutual fund tournament literature including Chevalier
and Ellison (1997), Brown, Harlow, and Starks (1996) and more recently Goriaev, Nijman, and Werker
(2005)
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small families, in response to stricter competition, show risk-taking behavior that is

distinct from larger fund families. The authors find evidence that fund rank within

investment category and within family determine the risk-taking behavior of the

fund. How a fund reacts to midyear rank depends on the number of competitors

within the family and the segment. Our results suggest an alternative explanation

for the relation between fund risk taking behavior and the size of the fund family.

Models of optimal fund family structure are developed in Gervais, Lynch,

and Musto (2005). They examine the impact of ownership structure on the infor-

mation transmitted by fund families about the degree of talent of their manager

pool.13,14

To our knowledge, the present paper is the first to conduct a broad em-

pirical examination of the impact of the ownership structure of the advisor on the

performance and expenses of the fund.

III.C Industry Structure

We are careful to distinguish between fund shareholders, who are owners

of the mutual portfolio, and the shareholders in the investment advisor. Invest-

ment advisor shareholders have a claim on the profits of the advisor. We would

expect the management incentives of the advisory firm to conform to the well es-

tablished corporate governance literature. In particular, management incentives

of the investment advisory firms themselves should not differ substantially from

management incentives of firms in other industries. Shareholders in the advisory

firm expect management to undertake profitable projects and generate positive

returns to their investment of capital.15

13Other models of fund family interaction include Dybvig, Farnsworth, and Carpenter (2004), Garcia
(2001), Garcia (2004), Garcia and Vanden (2005)

14Deli (2002) examines marginal compensation rates for mutual fund advisory contracts. He finds
marginal compensation is greater for equity advisors than for debt advisors. He also finds that marginal
compensation rates for advisors of foreign firms are greater than for domestic firms. The focus of his study
differs from ours. We empirically examine the impact of organizational structure on advisor incentives.

15Related to this topic, there exists a broad and deep literature on the question of optimal industry
structure applied to other industries. See, for example, Fama and Jensen (1985).
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An investment advisor is charged with generating positive returns to the

investment portfolio for the fund’s shareholders. The fund’s board of directors

is responsible for oversight of the investment advisor and represents the interests

of fund shareholders. Shareholders in the fund do not purchase shares of the

investment advisor, they purchase advisory services with the expectation that the

advisor makes investment decisions that generate positive returns to their portfolio,

and the board of directors monitors the advisor throughout the process. The

investment advisor’s responsibility to fund shareholders is, among other things,

to generate positive returns to the fund’s portfolio. However, the advisor is also

responsible to the advisory shareholders for generating positive returns to their

investment of capital in the advisory firm.

For example, the shareholders of Bank X have expectations about the

future profits of Bank X. If Bank X owns the investment advisor to Fund Y, the

investment advisor to Fund Y must satisfy both her responsibilities to the fund

shareholders and generate sufficient return to capital for Bank X to satisfy Bank X

shareholders. In addition, the investment advisor has a fiduciary responsibility to

Fund Y shareholders. While we assume the advisor does not necessarily violate her

fiduciary duties, it is clear that she faces the added responsibility of maximizing

the profitability of the advisory division of Bank X. If these responsibilities are

at odds, the additional incentive to ensure the profitability of advisory services

provided to the fund (and the return to capital for Bank X shareholders) may result

in lower performance and higher expenses for Fund Y shareholders, relative to a

comparable fund managed by an investment advisor with no such dual allegiance.

Alternatively, if we believe that manager skill is decreasing in assets managed and

that assets will flow in response to performance net of fees, into outperforming

funds and out of underperforming funds to the point that managers capture any

rents earned through their skill (as in Berk and Green (2004)), this may simply

suggest that Fund Y will be smaller than a hypothetical comparable fund.16 The

16Other possible explanations include the existence of sophisticated and unsophisticated cohorts among
investors, high and low search cost investors, and benefits which accrue to investors in Bank Y funds
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board of directors of the fund are charged with the responsibility of monitoring the

investment advisor and ensuring that the decisions of the advisor are in the best

interest of shareholders.

As discussed above, we do not assume that the tradeoffs faced by in-

vestment advisors imply direct violations of their fiduciary duties. However, the

investment advisor may, for example, employ trading services affiliated with the

holding company and in so doing not receive best execution, thereby increasing

associated trading fees. Alternatively, the tradeoffs may simply be reflected in

the packaging of advisory services as part of a larger package of financial ser-

vices available to fund investors. For example, the profitability of advisory service

provision may increase if investors also purchase other financial services from the

firm. Direct competition between subsidiary funds and non-subsidiary funds may

be diminished by the fact that subsidiary funds are part of a package of financial

services not limited to mutual funds alone.

The competing incentives faced by the investment advisor in this simple

example illustrate the complexity of interactions among market participants in

the mutual fund industry. As we add market participants, the interaction of their

incentives becomes more complicated and the associated incentive impacts become

progressively more difficult to measure. In the next section we provide a detailed

description of the typical fund complex to identify the incentive interactions among

market participants.

III.D Fund Complex Structure

The terms investment company and investment advisor have distinct le-

gal definitions. An investment company is “· · · a company (corporation, business

trust, partnership, or limited liability company) that issues securities and is primar-

ily engaged in the business of investing in securities.”17 An investment company

that are not measured in performance and fees.
17For further details see http://www.sec.gov/info/advisers.shtml.
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invests the money it receives from investors on a collective basis, and each investor

shares in the profits and losses in proportion to each investor’s interest in the in-

vestment company. The performance of the investment company will be based on

(but will not be identical to) the performance of the securities and other assets

that the investment company owns”.18 This includes mutual funds (technically,

open-end companies), closed-end funds, and unit investment trusts. Investment

companies are regulated by the Investment Company Act of 1940, as well as the

Securities Act of 1933 and the Securities Exchange Act of 1934. As the manage-

ment, governance, and marketing structures differ across these three entities, the

focus of the present paper is on open-end mutual funds.

A mutual fund is a legal entity with no employees. The fund is overseen

by a board of directors (or trustees), that contracts with outside parties to act

as investment advisor, underwriter, transfer agent, independent accountant, etc.19

The fund’s independent directors are the only agents whose sole duty is to the

fund’s investors, hence the recent focus among regulators and academic researchers

on the responsibilities and independence of such directors.20

The assets of a mutual fund are typically managed by an investment advi-

sor. An investment advisor is a person or organization employed by an individual,

institution, or mutual fund to manage assets or provide investment advice. Such a

person or organization registered with the SEC is referred to as a registered invest-

ment advisor and is regulated by the Investment Advisers Act of 1940 and related

rules.21

A key characteristic of this structure is that the fund’s directors have a

fiduciary duty to ensure that the terms of the advisory contract are in the best

interests of the fund’s investors. This responsibility includes both selection of the

investment advisor and approval of the form of the advisory contract (notably, the

18http://www.law.uc.edu/CCL/InvCoAct/index.html.
19For a detailed discussion of mutual fund board responsibilities, see Tufano and Sevick (1997)
20For recent regulatory activities and rules see http://www.sec.gov.
21More detailed definitions and links to the text of the 1940 Act and related rules can be found at

www.sec.gov/info/advisers.shtml.
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advisory fee contract). The reality is somewhat more complicated.

Figure III.1 shows the typical fund complex structure, with particular

emphasis on the agents involved and the relations among them. A mutual fund is

organized as a legally independent entity, overseen by a board of directors.22 The

board of directors chooses the investment advisor, who employs, either directly or

by subcontracting with a third party, the fund manager(s). The fund’s board of di-

rectors is comprised of independent directors, who are unrelated to the investment

advisor or any of its entities, and interested directors, who are often employees of

the investment advisor.23 Recent SEC rule-making has endeavored to strengthen

the independent oversight of fund managers by, among other things, requiring that

at least 75% of directors be independent and requiring that the chairman (or lead

director) be independent.

Several facets of this structure call into question the extent to which a

mutual fund’s legally independent status is reflected in its day-to-day operations.

First, a fund is brought into existence by a sponsor, which in most cases is also the

investment advisor.24,25 The typical process of fund creation involves an investment

advisor acting as sponsor for a new fund and appointing the board of directors -

typically composed of directors from the sponsor/advisor’s other funds. The board

of directors then contracts with the sponsor to act as investment advisor for the

new fund. The group of funds sponsored and managed by a given investment

advisor become known as a fund family. Thus, a broad strain of the academic

literature examines fund proliferation as a multi-product branding strategy, an

approach which is consistent with the de facto structure of the industry, but is at

odds with funds’ independent legal status.26

22By legally independent, we mean that the fund is neither owned nor controlled by, in particular, the
investment advisor.

23See Tufano and Sevick (1997) for a study of the role and responsibilities of the fund board.
24A ramification of this is that changes of investment advisor typically occur through advisor-initiated

merger or acquisition of the advisor, rather than through board-initiated actions.
25For more detail about the establishment of funds see the discussions in Tufano and Sevick (1997)

and Sirri and Tufano (1993).
26For example, Hortacsu and Syverson (2004) examine product differentiation in the mutual fund

industry.
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A related issue involves the extent to which directors play an active mon-

itoring role on the fund board. A fund board typically oversees many funds within

the same family. In fact, most fund families have a single board overseeing all funds,

with the average number of boards per family less than two.27 One might question

how any board which oversees multiple funds can put the interests of each fund

overseen first and foremost. In addition, this structure leads to questions about

the degree of capture of the board by the investment advisor, particularly when

interested board members hold sway over the board.

A result of this is that the independent legal structure of a mutual fund

industry is not immediately transparent to the investing public, who identify funds

as part of a larger fund family, such as Fidelity or Vanguard. Fund families can

be viewed as marketing entities and are composed of one or more registered in-

vestment advisors. For example, Fidelity Investments (FMR Corporation), is one

of the strongest brand names in the mutual fund industry. Fidelity is in fact

composed of multiple registered investment advisors, among them Fidelity Man-

agement and Research Inc., Fidelity Management and Research (Far East) Inc.,

Fidelity Management and Research (UK) Inc., and Fidelity Investments Money

Management Inc, each of which acts as advisor or subadvisor to one or more in-

vestment companies.28

While a registered investment advisor is a clearly defined entity (owing

to SEC regulatory requirements), the definition of a fund family is less clear. Em-

pirical work at the family-level requires specifying this definition and a mapping

data from funds to fund family. Commercial mutual fund data vendors such as

Lipper, Morningstar and CRSP have each created this mapping. We rely on the

CRSP definitions in this paper, a result of which is that combining data from, for

example, the CRSP database with data culled from publicly available SEC filings

27See, for example, Meschke (2005). As of 2004 fund families managed on average 12 portfolios (32
classes) per family.

28Information related to registered investment advisors is electronically ob-
tainable from the SEC’s Investment Adviser Public Disclosure website at
www.adviserinfo.sec.gov/IAPD/Content/IapdMain/iapd SiteMap.aspx.
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is nontrivial.

As Figure III.1 suggests, there are a number of other actors in the mutual

fund industry, including the underwriter and transfer agent. These entities may or

may not be affiliated with the investment advisor, which may introduce additional

conflicts of interest. The focus of this paper is limited to the relation between

the investment advisor and associated parent firm, that between the investment

advisor and the subadvisor, and the effects these relations have on fund expenses

and performance.29

III.D.1 Investment Advisor Ownership

In this paper, we examine the ownership characteristics of the fund family.

For example, Fidelity (FMR Corp.) is a privately held firm, while Nations Funds is

a subsidiary of publicly-owned Banc of America, and Vanguard is mutualized. We

suggest that the ownership structure of the investment advisor plays a crucial role

in determining how fund managers balance the (at times contradictory) interests

of the investment advisor and fund shareholders. We argue that fund managers’

actions in balancing these dual interests may directly affect performance and/or ex-

penses. Several recent speeches, interviews, and books (in particular Bogle (2005)

and Swensen (2005)) have echoed this idea.

We note that privately owned investment advisors are typically employee-

owned. This may result in a greater percentage of advisor profits going to the

investment manager, which should serve to attract the most skilled managers to

these types of families. In this case, we would expect to see directly privately

held families outperform mutualized and publicly-owned families. However, the

empirical evidence on performance persistence calls into question this hypothesis.

We suggest that the primary difference across ownership types is in the

degree of concentration of ownership. We define three categories of ownership of

investment advisors: mutualized entities, publicly held entities and privately held

29Figure III.1 also provides a framework for discussing potential conflicts arising from such issues as
pay-for-play, soft dollars, and 12b-1 fees.
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entities. At one end of the spectrum, directly mutualized entities avoid many

conflicts of interest since the owners of the investment advisor and the fund share-

holders overlap perfectly. Publicly held investment advisors, where ownership is

diffuse and the owners may be primarily interested in the short-term profitability

of the investment advisory firm, lie at the other end of the spectrum. Between

these two organizational structures are privately held investment advisors, where

ownership is more highly concentrated than in the publicly held case, but does

not necessarily reside with the shareholders of the fund. We suggest that more

concentrated ownership of the investment advisor may lead to a longer investment

horizon on the part of the firm’s owners, which may be reflected in quality of

governance. This, in turn, may be reflected in fund managers’ attitudes towards

shareholder interests and thus result in lower expenses and/or higher performance.

This leads to the following testable hypotheses.

H1 Mutualized fund families outperform privately held families, gross of fees,

which in turn outperform publicly held families.

H2 Mutualized fund families charge lower fees than privately held families, which

in turn charge lower fees than publicly held families.

III.D.2 Subsidiary Type

Roughly half of investment advisors in the mutual fund industry are sub-

sidiaries of larger concerns. We suggest that the other businesses within which

a parent entity operates may affect the levels of performance achieved and fees

incurred by a subsidiary family. To illustrate this effect, we present the mutual

fund value chain (Sirri and Tufano 1993) in Figure III.2. Sirri and Tufano (1993)

posit two views of the mutual fund industry: the activity based (or institutional

based) view and the functional view. The activity based view of mutual funds

defines funds according to the activities the fund performs.30 Figure III.2 depicts

30Sirri and Tufano (1993) describe the functional view of mutual funds in which the fund is defined
according to its most basic economic functions. For example, a fund can function as a payments system
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the activities performed by a fund within the typical fund complex. These ac-

tivities equate to ways in which the complex can affect performance, lower costs,

and/or differentiate products. Both economies of scale and economies of scope (i.e.

synergies) can be derived from each of the activities performed by the fund.

Figure III.2 motivates our hypotheses that subsidiary type may impact

fund expenses and performance. The benefits of economies of scale may come in the

form of greater expertise in investment selection (alternatively, more investment in

research efforts), lower trading and execution costs, or more efficient record keeping

and reporting.31 Our hypothesis is that economies of scale may result in higher

returns or lower expenses to larger conglomerates.32

Similarly, economies of scope may be realized across multiple steps in the

value chain. Subsidiaries of diversified financial services conglomerates (typically

brokerages) may have access to better investment selection and lower trading and

execution costs through the parent firm.

Alternatively, benefits from economies of scope may arise from ‘one-stop

shopping‘. That is, investors seek to minimize the total costs of managing their

portfolio of financial services, including asset management, banking, mortgage and

insurance. Investors may value coordinated record keeping and reporting resulting

from having their mutual fund investments through their bank, broker, or insur-

ance provider. Similarly, investors may face high search costs and thus realize

substantial saving by ‘one-stop shopping‘. To the extent that investors value the

consolidation of their investments in this fashion, they may be willing to sacrifice

some of their returns, pay higher expenses, or both. Finally, firms may provide dis-

counts across funds or other financial products in order to retain customers within

the firm.33

for exchange, a mechanism for pooling funds in order to undertake large indivisible projects, a way of
managing risk through selling, hedging and diversifying, and a way of dealing with the agency problems
created by asymmetric information. The mutual fund industry accomplishes many of these economic
functions.

31Baumol, Goldfeld, Gordon, and Koehn (1990) and Collins and Mack (1997) have documented evi-
dence of economies of scale in the mutual fund industry.

32This is not to say that there is not a point at which diseconomies of scale may occur.
33For a detailed discussion of investor capture by mutual fund complexes and financial conglomerates
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Notably, these benefits are not expected to be realized in the form of

higher performance or lower fees. This implies that performance and fees are only

two of numerous dimensions across which mutual funds compete, and conglomer-

ate affiliation may provide subsidiary funds with opportunities to trade off between

performance, fees, and these other dimensions. This suggests that there may exist

an equilibrium in which performance and fees vary systematically across subsidiary

types. Thus, while we posit that economies of scale are related to higher perfor-

mance and lower expenses (at least within some range), economies of scope may

be related to higher or lower performance and expenses.

We categorize parent conglomerates according to their core business as

follows:

1. Bank (eg: TD Waterhouse is a subsidiary of Toronto Dominion Bank),

2. Insurance Company (eg: Russell Investment Group is a subsidiary of North-

western Mutual),

3. Diversified Financial Services Company (eg: Smith Barney Asset Manage-

ment is a subsidiary of Citigroup),

4. Dedicated Mutual Fund Company (eg: Tweedy Browne is a subsidiary of

Affiliated Managers Group),

5. Other (eg: AMR Investment Services and General Electric Investment Corp

are subsidiaries of American Airlines and GE, respectively).34

Each of these conglomerate types varies in potential scale and scope effi-

ciencies. This suggests the following hypotheses with respect to performance and

fee differences across subsidiary types.

H3 Families affiliated with diversified financial services conglomerates outperform

dedicated mutual funds, gross of fees, which in turn outperform bank and

insurance affiliates.

see Sirri and Tufano (1993).
34There are 11 families defined subsidiaries as ‘other’ in our sample
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H4 Families affiliated with diversified financial services conglomerates charge lower

fees than dedicated mutual funds, which in turn charge lower fees than bank

and insurance affiliates.

III.D.3 Sub-Advisory Services

Most mutual fund portfolios are managed by employees of the investment

advisor. However, a non-trivial proportion of funds, roughly 13% at year-end 2004,

are subadvised in part or in whole. That is, the investment advisor has contracted

externally for some or all fund management services. An investment advisor may

even act both as advisor to to it’s own family of funds as well subadvisor to one

or more funds offered by another family. Haslem (2003) describes three forms of

subadvisory relations. In the first form, the subadvisor has complete management

responsibility for a specific fund. For example, a fund family may hire a subadvisor

to manage an international fund, where the subadvisor has responsibility for all

aspects of managing the entire portfolio. The fund is marketed under the banner

of the fund family, but is actually managed by the subadvisor, which may or may

not manage and market its own funds. In the second form of the advisory relation,

the fund family employs (directly) a lead advisor (who may manage part of the

portfolio) and contracts with one or more subadvisors to manage specified part(s)

of the portfolio. In the third form, the investment advisor may provide active

portfolio guidance, while contracting with (one or more) subadvisors for direct

portfolio management.

It bears noting that in many cases the advisor and subadvisor share a

common owner. Empirical investigators using a data source which only flags the

existence of a subadvisor without providing the subadvisor’s identity, such as ours,

must be aware of this. In this case it may be difficult to identify systematic

differences between directly-advised and subadvised funds, even if such differences

exist.35

35At present, we are building a database which will include subadvisor name for each subadvisor
managing part of all of a fund, allowing us to correct for affiliated subadvisors.
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One popular example of the second form discussed above is the use of

multimanagers, where the portfolio diversifies management by investment style

using separate managers for each style. The fund may periodically re-allocate

capital among multimanagers to preserve the aggregate investment style of the

portfolio If re-allocation occurs frequently, the overall portfolio strategy indirectly

becomes one of timing subadvisor performance.

Given these subadvisory relations, we identify the following possible mo-

tivations to subadvise.

1. To take advantage of economies of scale in investment management.

2. To purchase general investment skill not held by the nominal advisor.

3. To purchase category-specific investment skill not held by the nominal advi-

sor.

4. To capture reputation effects of a well-known subadvisor.

5. To avoid the return-damping effects of large funds by farming out manage-

ment of some portion of the portfolio.

Thus, we form the following empirically testable hypotheses related to

subadvising.

H5 Small fund families are more likely to hire subadvisors for funds not in their

core specialization.

H6 Large funds are more likely to hire a subadvisor for part of the fund.

H7 ’Star’ families are less likely to hire subadvisors.

Furthermore, each of the motives to subadvise above suggest that the

goal is either to increase performance or to decrease expenses. In the former case,

it may be naturally expected that investors will realize higher returns. In the

latter case, it is unclear whether lower expenses will be passed along to investors,
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or whether the nominal advisor will absorb any such benefits.36 We therefore posit

the following hypotheses.

H8 Subadvised funds outperform directly advised funds, gross of fees.

H9 Subadvised funds charge lower fees than directly advised funds

III.D.4 Equilibrium Models of the Mutual Fund Industry

Our hypotheses appear to contradict recent theoretical work. In particu-

lar, Berk and Green (2004) develop an equilibrium model which explains a number

of stylized facts in the mutual fund industry by assuming managerial skills are de-

creasing in the level of assets managed.37 Investment dollars flow from unskilled to

skilled managers to the point that returns net of fees are constant across all funds

and, in equilibrium, investors earn zero (economic) profits as managers capture all

rents generated by their skill.

There are several reasons we expect to find deviations from Berk and

Green’s theoretical predictions in the data. Most importantly, Berk and Green

(2004) do not model the benefits accruing to, and costs faced by, investors not

captured in returns and expenses. We argue that such costs and benefits may

derive from characteristics of the fund family, as discussed in sections III.D.1 and

III.D.2 above. If these hidden, potentially non-pecuniary, costs and benefits vary

systematically across fund family ownership and subsidiary types, then an equi-

librium may exist in which returns and expenses (and especially returns net of

expenses) vary systematically across these family types. This suggests that a find-

ing that one family type provides investors with higher performance net of fees

than another type does not unequivocally imply that such families are better than

36This effect may make it difficult to empirically identify motives to subadvise. We are currently
working on building a database which will include both the nominal investment advisor and the name of
the subadvisor. This will allows us to compare directly advised funds with those which are subadvised.

37These stylized facts include returns-chasing behavior on the part of investors, lack of persistence in
performance, and the dearth of evidence that active managers outperform passive benchmarks in the
face of overwhelming evidence that market participants believe such skill exists
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others. Rather, it may be the case that other family types provide investors with

greater non-pecuniary benefits.

Second, it is unclear how quickly the industry will return to a steady

state subsequent to a ‘shock’. In the mutual fund industry, such a shock may arise

from a structural shift in the securities markets resulting in a redistribution of

investment skill across managers (for example, the internet boom). Alternatively,

the entry and exit of firms may temporarily move the system away from a steady

state equilibrium. Empirical evidence suggests that investment flows respond to

performance over subsequent quarters. Thus, broad historical studies may find

evidence of persistent deviations in net performance as the industry returns to the

steady state.

Finally, Berk and Green (2004) assume no asymmetric information, and

endow both investors and managers with identical mechanisms for updating ex-

pectations on managerial skill. The assumption of symmetric initial information

is not unreasonable, however assuming investors and managers update their priors

identically is a much stronger assumption. Specifically, we suggest that there are

similarities between the process of choosing investments and the process of choos-

ing managers. Thus, if we assume that agents (managers) with investment skill

exist, it is not unreasonable to assume agents with skills to identify good managers

should also exist. In fact, we would argue that these skill sets are related and that

skilled managers will more efficiently update their priors on manager skill than will

unskilled managers (or investors). A number of papers have specifically addressed

this issue in the context of fund families as delegated monitors of investment man-

agers.38

38For an example, see Gervais, Lynch, and Musto (2005).
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III.E Data Description and Variable Derivations

III.E.1 Data Sources

Our dataset is derived from three distinct sources. The primary source

is the Center for Research in Securities Prices’ Survivor-Bias Free US Mutual

Fund Database (CRSP), which contains monthly price and asset data, and an-

nual characteristics, for the entire US open-end mutual fund universe from 1962

to the present.39 We augment CRSP with data from the Strategic Insight Sim-

fund database (SI).40 The SI data include a wide range of portfolio- and class-level

variables, notably primary distribution channel, a flag indicating whether the port-

folio is subadvised, and a wealth of fund flow and investment strategy information.

While the Simfund database includes some historical data, the bulk of the infor-

mation covers 2004. Of particular note is the SI mapping from class to portfolio.41

We augment these commercially available data sources with fund fam-

ily ownership data manually collected from fund family web sites, fund prospec-

tuses and SAIs, form ADV, and Hoovers.com. For each fund family in the CRSP

database from 1995 through 2004, we characterize the ownership structure of the

family in terms of whether the family is a subsidiary of a larger entity, what the

primary business of that entity is, and whether it (or the fund family, if not a

subsidiary) is privately held, publicly held, or mutualized.42 We categorize the pri-

mary business of a parent entity as either banking, insurance, diversified financial

39Source: CRSP R©, Center for Research in Security Prices. Graduate School of Business, The Univer-
sity of Chicago 2005. Used with permission. All rights reserved. www.crsp.uchicago.edu

40Source: Simfund, Strategic Insight, Inc. 2005 www.sionline.com. All analysis and commentary based
on the Simfund data are the products of the authors only.

41Difficulties arise in creating a mapping between the CRSP and Simfund databases. Although both
databases include CUSIP and ticker symbol at the class level, the degree of completeness in these identi-
fying variables varies across the two sources. Ticker is especially difficult to match on, as tickers symbols
are routinely reused. The format of fund names also varies between the two data sources, making match-
ing difficult. Where possible we match on CUSIP. Otherwise, we match on ticker symbols. All ticker
and CUSIP matches were verified by fund name, with remaining unmatched funds matched manually by
fund name. The CRSP database includes data at the class and family levels, the Simfund data at class
and portfolio levels, and our hand-collected ownership data is at the CRSP family level. Having matched
the CRSP and Simfund data at the class level allows us to include the full complement of variables in
class, portfolio or family level analysis, aggregated appropriately.

42We group non-profit entities with mutualized
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services, mutual fund, or other.43 In addition, we identify whether the family is

foreign-owned, and whether a subsidiary is ‘buried’, defined as the parent entity

not being obvious to the casual investor.44 For families that changed ownership

during the period through, e.g., merger, acquisition, public offering, mutualization,

or de-mutualization, we identify the date of such change as well as the ‘new’ and

‘old’ ownership structure. These changes were identified through SEC filings, form

ADV, and historical news sources.45 Our final sample consists of 1,002 family-

ownership pairs covering 1995-2004. At the end of 2004 our sample includes 547

families managing roughly $7.8 trillion, including 176 publicly held fund families,

336 privately held families and 35 mutualized or non-profit fund families.

Choice of unit of measurement

It is beneficial to discuss the question of the appropriate unit(s) of mea-

surement, in terms of the analysis we undertake in the present paper and the

relation to our data. A mutual fund family is composed of a number of portfolios,

each offering one or more share classes which vary primarily in expenses and dis-

tribution channel. Accordingly, mutual fund data is collected at a variety of levels.

For example, family ownership characteristics are observed at the family level, in-

vestment policy characteristics are observed at the portfolio level, and expenses

and reported returns are observed at the class level.46

The appropriate unit of measurement depends on the question being

asked. Expense models may be best structured at the class level, although the

researcher may wish to use an asset-weighted average of class-level expenses in a

portfolio-level or family-level model. Similarly, an analysis of family ownership is

most appropriate at the family-level, using asset-weighted averages of class- and

43‘Other’ nests a variety of non-financial entities, including General Electric, American Airlines, and
several religious orders

44We define ‘obvious’ as having a similar name. This is, admittedly, somewhat ad hoc.
45As our data is in annual series, we assign the ownership structure under which a family operated for

the greater part of the year for any family-year in which the structure changed.
46Not to mention fund governance characteristics, which are observed at the board level. While smaller

fund families typically have a single board overseeing all funds in that family, many of the larger fund
families are composed of multiple boards, each overseeing a subset of funds.
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portfolio-level covariates. However, family-level studies of limited cross-sectional

and time series dimensions may face substantial power issues. We attempt to avoid

these issues by estimating models at both the class-level and family-level, using

asset-weighted averages of variables which vary across classes.

SI-derived fund styles and distribution channel measures

The CRSP database provides several fund categorization schemes. For

consistency, we use the Strategic Insight Fund Objective codes. We map the SI

objectives into 6 broad fund classes: Growth, Growth & Income, Bond Income,

Sector, International, and Money Market. In addition, a novel aspect of the Sim-

fund data is the inclusion of the primary distribution channel.

III.E.2 Variable Definitions

Performance and Expense Measures

Several issues arise in estimating annual α. Direct estimation using an-

nual return data is hampered by data availability, primarily as a result of the vast

number of new funds with an insufficient history to permit estimation. Estimation

using annual returns is also made difficult by the extent to which funds change

investment strategy, and thus factor loadings, either directly through changes in

stated investment strategy or indirectly through manager changes. Although esti-

mation of monthly α is relatively straightforward, temporal aggregation to annual

α raises other issues. Unlike raw returns, α is not by definition constrained to

be greater than -1, and compounding may, in extreme cases, lead to misleading

results. We choose to estimate monthly α and use the average of these monthly

values as an estimate of annual alpha,

Specifically, we estimate the monthly 4-factor α (Carhart 1997), αit, as

follows:
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rit − rft = αit + β1i (rmt − rft) + β2iSMBt + β3iHMLt + β4iMOMt + εit, (III.1)

where, rit denotes the return to fund i in month t, rmt denotes the market return

in month t, and SMBt, HMLt, and MOMt are the small minus big, high minus

low, and momentum factors.47

The costs of mutual fund ownership borne by investors include the fund’s

stated expense ratio, 12b-1 sales and marketing fees, sales loads, and redemption

fees. Load fees are charged either as front-end loads or contingent deferred sales

loads, commonly referred to as CDSLs or ‘back-end’ loads. Front-end loads are

payable upon entering the fund and subject to discount depending on amount

invested (referred to as breakpoints and typically decreasing step-wise to zero for

investments of $1 million or more).48 CDSLs typically decrease by one point per

year invested in the fund. While no standard rule exists for annualizing loads, a

common approach is to divide the maximum total load by 7 years, the approach

we use here.49 In addition, many funds charge a redemption fee on withdrawals

within a set period from purchase, typically ranging from a few weeks to one year.

We treat redemption fees separately from expense and load fees.

We expect that funds with different investment strategies may face dif-

ferent cost structures in terms of research and execution costs. We therefore define

all performance and expense variables as net of category averages using broad

fund categories derived from SI objective codes. For example, the (asset-weighted)

average α across all classes in category S at time t, αSt is given by

αSt =

∑
s∈S

αstTNAst

∑
s∈S

TNAst

, (III.2)

where TNAst denotes the total net assets of the sth fund in category S at time t.

47We thank Ken French for making these factors readily available on his web site.
48In the absence of investor-level purchase and redemption data, we are unable to correct for

breakpoints.
49This differs from Bergstresser, Chalmers, and Tufano (2006), who annualize over five years.



119

We define asset-weighted category averages for returns, annualized loads,

12b-1 fees, and non-12b-1 expenses analogously. For each class in our sample,

net-of-category-average measures are calculated by subtracting the corresponding

category average from the class-level value:

αNetCatAvg
it = αit − αSt (III.3)

for class i in category S. Portfolio- and family-level net-of-category-average mea-

sures are calculated as asset weighted averages of the component class-level values.

Fund families are heterogeneous in the types of costs captured in reported

expense ratios, and those costs paid directly out of fund assets. Similarly, funds

that charge neither load fees nor 12b-1 fees nevertheless bear some cost of attracting

and servicing new clients, which must either be paid out of fund assets or be

(implicitly) included in the expense ratio. This makes comparisons of expenses

across funds with different cost structures difficult. In an attempt to circumvent

these issues, we calculate both gross performance measures (before expenses are

taken into account) and performance measures net of expenses. In the latter case,

we use both performance net of expenses only, and performance net of expenses

including annualized loads.50 These measures are calculated as follows (using net-

of-category-average values).51

GrossPerformanceit = Returnit, (III.4)

NetPerformance1
it = Returnit − Expensesit, (III.5)

NetPerformance2
it = Returni,t − Expensesit − (1/7) TotalLoadit. (III.6)

Net α measures are calculated in a similar fashion.
50Here, expenses equals non-12b-1 expenses plus 12b-1 expenses.
51Note that since CRSP returns are calculated from dividend-adjusted changes in NAV, and ex-

penses are deducted from fund assets on an ongoing basis, the reported CRSP return is equivalent
to NetPerformance1.
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Fund Flows

We define the flow of new assets into or out of a fund as the percent-

age change in total net assets of the fund during a given period, net of returns.

Following the methodology in Nanda, Wang, and Zheng (2004) we call this New-

MoneyGrowth (NMG) and estimate it as follows:

NewMoneyGrowthit = (TNAit − (1 + rit) TNAit−1) /TNAit−1, (III.7)

where rit is the raw return to, and TNAit is the level of total net assets managed

by, the ith fund during period t.

A number of issues arise when estimating net flows in this manner, chief

among them the degree to which the estimate is dependent on comovements in

daily returns and flows over the period. Broad empirical mutual fund analysis

almost universally rely on monthly data, and to our knowledge no studies have

addressed the potential biases of doing so.52 It can be shown that NMG as defined

above is a biased estimate of actual net new investment in the case where actual

daily flows are correlated with returns. While this may be inconsequential for

broadly diversified funds dominated by buy-and-hold investors, the recent market

timing and late trading scandals have come about as a result of exactly the kind of

behavior which will result in biased estimates of NMG. Researchers, particularly

those studying the causes and effects of market timing and late trading, would be

advised to keep this in mind.

These issues may be exaggerated when estimating annual flows. The

naive approach of using beginning of year and end of year total net assets and

the return over the year is of course even more path dependent than the monthly

case. Alternatively, summing monthly estimates of net dollar flows and dividing

by lagged (i.e. end of prior year) total net assets will still result in potentially

problematic estimates of NMG in extreme cases. A fund that is tiny at the

52Several authors have obtained access to daily flows through, for example, TrimTabs, but for only a
subset of funds.
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beginning of the year and grows dramatically during the year will result in an

enormous estimate of annual NMG which, while accurate, will impact the analysis

unless scale issues are addressed.

Measures of Family Level Category Concentration

Following the method in Khorana and Servaes (2006) and Siggelkow

(2003), we estimate measures of category concentration and investment focus for

each category within a family and for each family as follows. For each category C

in which family j offers one or more funds at time t, we calculate the percentage

of family assets in that category, relatednessCjt:

RelatednessCjt =

∑
i∈C

TNAit

∑
i

TNAit

, (III.8)

where TNA denotes total net assets in the ith fund of family j, and i ∈ C denotes

that fund i is in category C.53

We subsequently define the following Herfindahl-like measures of fund

style concentration for each family;

Focusjt =
∑

C




∑
i∈C

TNAit

∑
i

TNAit




2

, (III.9)

where C specifies the set of categories in which family j manages funds. Thus,

focus∈ (0, 1] , with focusjt = 1 indicating a family with all funds in a single category.

Each class and portfolio will have associated relatedness and focus mea-

sures, while each family will have an associated focus measure only.

53Throughout our empirical work, we assign each fund to one of the following 6 broad categories:
growth, growth and income, bond income, international, sector, or money market. These are an aggre-
gation of the Strategic Insight objective code from the CRSP database.
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III.E.3 Univariate Statistics

Tables III.1, III.2, and III.3 summarize our fund family ownership data.

Table III.1 includes counts, average assets managed per family, and total assets

managed by ownership and subsidiary type categories as of the end of 2004. Our

sample covers virtually the entire mutual fund universe, including 547 US mutual

fund families at year end 2004, which managed some $7.8 trillion. Of these, 176

were publicly owned managing $4.3 trillion, 336 were privately held managing

$2.3 trillion, and 35 were mutualized managing $1.2 trillion. Of the mutualized

families, only two are directly mutualized (Vanguard and ICMA, which is in fact

non-profit), and accounted for $870 billion in assets. We note that 64% of assets

were managed by 351 families that were either non-subsidiaries or subsidiaries of

larger fund complexes (as opposed to subsidiaries of diversified conglomerates),

and that sizeable proportions of the total industry are managed by each of bank-,

insurance-, and diversified financial services conglomerates.54 It bears noting that

the industry is dominated, in terms of assets managed and number of fund offerings,

by a handful of large families. The top three families–Fidelity, Vanguard, and

American Funds (managed by Capital Research and Management), each manage

the lion’s share of assets within their category (directly privately held, mutualized,

and subsidiary of privately held, respectively). Conversely, the population of fund

families is dominated by directly privately held mutual fund companies which are

(with the exception of Fidelity), smaller than average in terms of assets under

management. This characteristic of the industry may result in marked differences

between class-level and family-level analyses.

Table III.2 includes two-way sorts of class-level performance measures net

of category averages across ownership and subsidiary types, using 1995-2004 data.

The data suggest a consistent pattern in unconditional category-adjusted perfor-

mance both gross and net of expenses across subsidiary type, with ‘other’, dedi-

54The current sample differs markedly from that in the prior draft of this paper, which covered only
the largest 128 fund families. The smaller families are predominantly directly privately held. This has
ramifications for the results of our empirical analyses.
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cated mutual fund, diversified financial services, bank, and insurance subsidiaries

ranked highest to lowest in three of the four measures. However, using gross re-

turns, insurance and diversified services switch rankings. Furthermore, in 10 of

12 cases, funds managed by directly owned families outperform their subsidiary

counterparts. Finally, there is evidence, again in 10 of 12 cases, that publicly

owned families underperform privately held and mutualized families. Depending

on performance measure used, the difference ranges from a few basis points to as

high as 147 basis points annually (directly mutualized relative to directly publicly

owned using returns net of all expenses).

In Table III.3 we present 3-way sorts of class-level performance measures

across ownership type, subsidiary type, and the subadvised/non-subadvised flag

using 2004 data. Panels A and B include gross α and gross returns net of category

averages, while panels C and D include these measures net of expenses including

12b-1 fees and annualized load.

In each of the four cases (gross α, net α, gross returns and net returns),

subadvised funds underperform non-subadvised funds overall by approximately 1

basis point annually in gross measures, and 11 and 28 basis points annually in

α and returns net of expenses, respectively. These differences are statistically

significant, although the economic significance of a 1 basis point difference is de-

batable. Interestingly, subadvised funds offered by dedicated mutual fund families

and ‘other’ subsidiaries outperform their non-subadvised peers in each of the four

measures, while subadvised funds offered by insurance subsidiaries underperform.

Subadvised funds offered by either diversified financial services- or bank-affiliates

earned higher gross α and returns, but lower performance net of expenses. In terms

of ownership type, subadvised funds offered by publicly owned families and those

offered by privately held subsidiary families underperform their non-subadvised

peers, while those offered by mutualized families and those offered by directly

privately held families outperform.

We include in Table III.4 a series of summary statistics at the class- and
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family-level. Panels A and B include class-level data for 1995-2004, by ownership

type and subsidiary type respectively. Panels C and D include the corresponding

family-level statistics.

Across our sample, the average class managed approximately $422 mil-

lion, had average annual net inflows of $15 million, and achieved average annual

returns of 6.53% with an average 4-factor α of -0.09.55 At the family level, the

average family managed $10.7 billion in 25 classes, had net annual inflows of $89.9

million, and achieved asset weighted average returns and α of 8.62% and -.05%,

respectively. These average performance numbers are consistent with previous

studies of the mutual fund industry, which suggest that funds on average earn

positive returns but negative α.

From panel A of Table III.4 we note that, in the mutualized and privately

owned cases, funds managed by directly owned funds tend to charge lower fees and

achieve higher performance than those managed by subsidiaries. However, this is

not apparent in the publicly owned case. This result is reflected at the family

level in Table III.5. Average performance measures by subsidiary type (in panel

D) are mixed at both the class level and panel level, although there is evidence

that non-subsidiaries and subsidiaries of ‘other’ provide investor with both higher

returns and α at lower cost than do subsidiaries of banks, insurance companies,

and financial services conglomerates.

We hesitate to draw conclusions based on these (unconditional) results,

since fund offerings may vary systematically across ownership and subsidiary type,

particularly in size, investment style, and distribution. However, our empirical

results in section III.F below will address these issues.

Other characteristics of the data warrant comment. The reader will note

that in both the class- and family-level tables, the minimum observed values of

Stocks(%), Bonds(%), and Cash(%), are negative, while the maximum values are

55Note that these summary statistics were calculated across the universe of funds, and the outliers
indicated by -96.80% and 977.04% return(%) (among others) were dropped in estimating the models due
to missing data.
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greater than 100%. While it is commonly believed that mutual funds are prohibited

from holding short positions, this is not the case. Rather, the nature of IRS

rules and the wording of the Investment Company Act have historically served to

discourage this practice.56 However, there are a handful of funds which characterize

themselves as long-short or market neutral, and which hold both long and short

positions.57

III.E.4 Econometric Issues

Heteroscedasticity

For each of the linear models presented below, we report t-statistics from

heteroscedasticity-consistent covariance matrices using the jackknife approach.58

Power

Equity returns are, by their very nature, noisy. It follows that mutual

fund returns are also by nature noisy. A result of this is that standard econometric

techniques typically suffer from low power in models of returns. This is an issue

of direct concern for this project, since our variables of interest (ownership and

subsidiary type) are observed at the family level and the number of families in

the industry is small relative to the number of funds and classes offered. We have

attempted to mitigate this issue by collecting data on nearly the entire universe

of fund families over ten years, and by estimating models at both the family- and

class-level.59

The current data covers all CRSP families from 1995-2004 and corrects

for mergers, acquisition and other ownership-changing events, Thus, our dataset

56Until its repeal in 1996, IRS Code section 851(b)(3) indirectly limited short selling by mutual funds,
limiting the fraction of gross income which could be generated by the sale of securities held for less than
three months.

57In fact, effective March 1, 2006, Morningstar has introduced a long-short category including 30 funds.
58For details, see Davidson and Mackinnon (1993).
59In a previous version of this paper, which included data on only the largest 128 fund families at 2004,

we also estimated models at the portfolio-level. These models have been dropped in the current draft as
we have access to a class-portfolio mapping only for 2004, and such results were largely uninformative.
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is free of both survivorship bias and look back bias.

Strong statistical evidence of a relation is a necessary but by no means

sufficient condition for success in empirical research. One must also weigh the

magnitude of such results and assess their economic significance. Where possible,

we have stated all flow variables in annual percentage terms in order to enable the

reader to better judge the economic significance of our results.

Endogeneity

An important issue which arises in our analysis is the choice of specifica-

tion relating to the timing of dependent and independent variables. A key question

relates to the timing of expenses relative to returns. Most of a fund’s stated ex-

pense ratio is the management fee, which is set (or at a minimum, approved) ex

ante by the fund’s board of directors or trustees on an annual basis. 12b-1 fees

and sales loads are similarly set in advance. Accordingly, models with expenses on

the left hand side should be specified with lagged covariates. We make a similar

argument for the lagged specification of our logit and generalized logit models of

subadvising and subsidiary type. Conversely, since expenses are paid contempora-

neously with returns (at least in annual series), we argue that performance should

be a function of contemporaneous expenses and specify our annual return and α

models accordingly.

However, it has been noted that not all of a funds stated expenses are pre-

determined. This may arise from a lack of consistency in the components of stated

expense ratios across the industry, as well as from the existence of performance-fee

schedules in determining management fees.60

If we specify expenses as a function of contemporaneous covariates, we

are faced with a system of two simultaneous equations in two endogenous variables

(performance and expenses). As a robustness check we estimated this system of

equations using ordinary least squares as the baseline model, and two-stage least

60Such incentive performance-fee schedules are the exception in the mutual fund industry and must
be, by regulatory requirement, symmetric.
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squares, three-stage least squares, and seemingly unrelated regression techniques

to address the simultaneity.61 In addition, we performed Hausman’s test across

these specifications. While we have omitted these results in the interests of space,

the results are qualitatively similar to the lagged specification employed below, and

Hausman’s test favored the OLS specification. Similarly, we employed a Heckman

approach to estimate logit models of subadvised and subsidiary flags with contem-

poraneous covariates, with results qualitatively similar to the lagged specification

used below.

III.F Empirical Results

III.F.1 The Relation Between Performance, Expenses and Industry

Structure

In order to empirically test for relations among performance, expenses,

and industry structure, we estimate a series of linear regressions of the following

general form:

PerfMeasureit = β0 + β
′
1OwnSubsidTypesit

+ β
′
2ExpMeasure

′
it + β

′
3Φit + εit,

where PerfMeasureit denotes one of 6 performance measures; ExpMeasureit

denotes one of three expense measures; OwnSubsidTypesit denotes a vector of

fund family ownership and subsidiary characteristics; and Φit denotes a vector of

characteristics of the ith class, portfolio, or family.62

Specifically, we use as expense measures either (1) expenses net of 12b-1

fees, (2) expenses including 12b-1 fees, or (3) expenses including 12b-1 fees and one

61We note that 2SLS and 3SLS approaches are highly sensitive to poor fit in the first stage. Notably,
models of α and returns tend to exhibit poor fit. In this case, any decrease in bias resulting from
addressing the simultaneity may come at the cost of a substantial decrease in efficiency, and these
approaches are suspect.

62We also estimates a series of similarly specified models of expenses on lagged performance, Own-
SubsidTypes, and Φ. These regressions are omitted in part in the interest of space and in part because
similar intuition is captured in modeling performance net of expenses. However, we refer to these results
below.
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seventh of the maximum total load. All are calculated as net of category averages.

Performance measures are also calculated as net of category averages and include

(1) gross returns and gross 4-factor α, (2) returns and α net of expenses including

12b-1 fees, and (3) returns and α net of expenses including 12b-1 fees and one

seventh of the maximum total load. We employ such a broad menu of expense and

performance measures in an effort to both nest a wide range of expectations with

respect to investors’ objective function, and enable fair comparisons across load

and no-load fund families.63

We group variables into three categories. Performance and expense mea-

sures are as discussed in section III.E.2 above. OwnSubsidTypesit includes the

following fund family ownership and subsidiary type flags:64

1. Ownership Type: Mutualized, Privately Held or Publicly Owned;

2. Subsidiary Type: Bank Affiliate, Insurance Affiliate, Diversified Financial

Services Affiliate, Other Affiliate, or Non-Subsidiary;

3. Buried Subsidiary Flag: Dummy variable set to 1 if the fund family sub-

sidiary relation is not obvious;

4. Foreign Owned Flag: Dummy variable set to 1 if the fund family is a sub-

sidiary of a non-US owned conglomerate.

Φit is comprised of the following fund, portfolio, and/or family characteristics

thought to impact fund performance and expenses:

1. Age: Maximum age across share classes;

2. Turnover: Annual asset purchases as a fraction of average total net assets;

3. Log of Total Net Assets;

63There is some variation as to specifically what costs are included in a fund’s reported expense ratio
and which costs are paid directly out of fund assets and thus indistinguishable from returns. Using
performance net of returns avoids this issue.

64Note that dedicated mutual fund company and mutualized flags were omitted from the models to
avoid multicollinearity among the subsidiary type and ownership type variables, respectively.
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4. Log of Family Total Net Assets: Log of the sum of total net assets across all

funds in the same family;

5. NewMoneyGrowth: Estimated % net new investment;

6. Log of Number of Shareholder Accounts;

7. Redemption Fee Flag: Dummy variable set to 1 if fund charges a redemption

fee;

8. Percent Assets Invested in Cash (from CSRP);

9. Percent Assets Invested in Stocks (from CSRP);

10. Investment Category: Growth, Growth-Income, Bond-Income, Sector, Inter-

national, Money Market (derived from Strategic Insight objective codes);

11. Distribution Channel: Primary distribution channel (from SI);

12. Year Dummies.

Each model is estimated at the class- and family-level, where class level

covariates are as described in Section III.E. In family-level models, quantitative

class-level variables are replaced with the appropriate sum (total net assets, number

of shareholder accounts), maximum (age), or asset-weighted average (turnover, all

expense and performance measures). Qualitative variables are replaced with the

corresponding proportion of classes. Flows are estimated separately for families

using the sum of class-level dollar inflows and beginning of period assets.65

Table III.5 presents results from OLS regressions of performance measures

on ownership and subsidiary type flags, and other fund characteristics. As above,

we present results using both class-level and family-level data. In each case, we

estimate models separately for gross performance, performance net of expenses

including 12b-1 fees, and performance net of expenses including 12b-1 fees and one

seventh of the maximum total load (performance models). Models are estimated

65See III.E.2 for a discussion of estimating flows.
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using both raw returns and 4-factor α, and all expense and performance measures

are net of category averages as discussed in section III.E.2.

Consistent with prior empirical evidence, we find that performance is

negatively related to age and turnover (in the class-level α models). There is

evidence at the class level of a positive relation between size and α, but a negative

relation with returns. The coefficients on lagged flows are non-significant in all

cases, suggesting that investors are unsuccessful at predicting future performance.

The class-level results suggest higher non-12b-1 fees are related to higher gross

returns. However, the coefficient is 0.55, suggesting that investors receive less in

performance than they pay in expenses. Furthermore, the corresponding coefficient

in the α model is non-significant, and there is evidence that higher 12b-1 fees and

higher loads are related to lower performance. The only statistically significant

performance-fee relation in the family-level models is between load fees and gross

α, and again suggests that investor receive less in return than they pay in fees

(coefficient of 0.07).

In both the class- and family-level models, subadvising is related to lower

returns but higher α. Both subadvised funds and families which employ subadvi-

sors for one or more funds are seen to earn roughly 24 basis points higher α. The

results are similar using net performance measures.

At the family-level, there is strong evidence that publicly owned families

underperform their privately held and mutualized peers, ranging from 22 to 37

basis points. A similar result is seen in the class-level models, with mutualized

outperforming privately held, which outperform publicly held in each of the six

regressions of panel A.

At the class level, there is evidence that insurance and bank affiliates

underperform dedicated mutual fund families in gross performance measures (21

and 79 basis points for insurance-affiliates and 9 and 33 basis points for bank-

affiliates in α and returns, respectively) although only the effect for insurance

remains significant in the net-of-expense α and return regressions. At the family-
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level, coefficients on the subsidiary type flags are largely non-significant, although

there is some evidence that bank-affiliates underperform in α measures, and that

‘other’ subsidiaries outperform in return measures.

Although not presented, results from class- and family-level expense mod-

els are consistent with a number of previously identified empirical relations. Ex-

penses are negatively related to fund and family size, and positively related to

age, turnover, and log of number of shareholder accounts, at both the class- and

family-level. Interestingly, contemporaneous flows are non-significant in each of

the models.

In the class-level models, subadvised funds are seen to charge higher ex-

penses conditional on returns, but lower expenses conditional on α. This suggests

that subadvised funds generate lower raw returns but higher α for each unit of

fees than do directly advised funds. This result is consistent with class-level per-

formance results in panel A of Table III.7 (discussed below), which indicate that

subadvised funds earn higher α on lower raw returns than do their counterparts,

suggesting that subadvisors are both more skilled and more conservative. At the

family level, families which employ subadvisors for one or more funds are seen to

charge lower fees, ranging from 15 to 22 basis points depending on expense measure

used.

There is some evidence that funds in highly specialized families charge

higher expenses, given the negative and statistically significant coefficients on focus.

However, this effect is not seen in the family-level models, as the coefficients on

focus in these models are non-significant. The class-level results suggest that funds

in categories within which their families have a higher proportion of assets under

management (high relatedness) charge lower non-12b-1 expenses but higher 12b-1

and load fees. In both the class- and family-level models, the coefficients on α are

non-significant while those on return are significant and negative, albeit small in

magnitude (a fraction of a basis point in each case).

The class-level models suggest that mutualized families charge lower fees
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than those which are privately held, which in turn charge lower fees than publicly

owned families. In the family models, mutualized and privately held families switch

places in this ordering. This may be due to the different weights given to Vanguard,

a provider of notoriously low expense funds, under the two units of measurement.66

We will address this, and other effects of the industry dominance of the largest

families below. The results suggest that share classes offered by publicly held

families range from 5 to 19 basis points more expensive than their privately held

and mutualized counterparts, depending on expense measure used. At the family

level, the difference is 2 to 14 basis points.

In terms of subsidiary type, at the class-level we see that the coefficients

on Parent=Other are lower than those on Parent=Financial Svs, which in turn are

lower than those on Parent=Bank and Parent=Insurance. All coefficients are nega-

tive and statistically significant, suggesting that dedicated mutual fund companies

and their subsidiaries charge higher fees than each of the other subsidiary types.

these differences range from 24 basis points for ‘other’ affiliates to 3 basis points for

insurance affiliates. The family-level models in panel B tell a somewhat different

story. Diversified financial services affiliates are 11 to 14 basis points more expen-

sive than dedicated mutual fund companies and their subsidiaries. The coefficients

on Parent=Bank are statistically non-significant, as are those on Parent=Other in

the non-12b-1 and expenses including 12b-1 regressions. Interestingly, insurance

affiliates appear to be 13-14 basis points less costly in these two models than ded-

icated mutual fund firms. These differences between the class-and family-level

results may again be driven by the relative weights given to a small group of large

families (in terms of assets managed and number of funds offered) in class-level

models versus those at the family level.67

It bears noting that the expense models achieved substantially higher fit

than the performance models. The former had R̄2 values ranging from 0.16 to

66Vanguard offers far more funds than any of the other 34 mutualized fund families. Thus, while
Vanguard comprises less than three percent of the mutualized family sub-sample, its funds make up the
lions’s share of the mutualized class sample.

67Each of three largest fund families–American, Fidelity, and Vanguard–fall into the MF category.
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0.39, while the latter had R̄2 values from 0.01 to 0.09.

III.F.2 Models of Subsidiary Type

Family-Level Generalized Logit Models of Subsidiary Type

As an alternative approach to the subsidiary type hypothesis, we estimate

generalized logit models of the following form:

SubsidiaryTypejt = β0 + β
′
1OwnTypesjt−1 + β2PerfMeasurejt−1

+ β
′
3ExpMeasurejt−1 + β

′
4Φjt−1 + εjt,

where again ExpMeasurejt denotes one of three expense measures; PerfMeasurejt

denotes one of 6 performance measures; OwnTypesjt denotes a vector of fund fam-

ily ownership characteristics; and Φjt denotes a vector of characteristics of the jth

family. SubsidiaryTypejt denotes the subsidiary type of the jth family–bank affili-

ate, insurance affiliate, financial services affiliate, dedicated mutual fund company,

or ‘other’.

We present estimation results from family-level generalized logit models

of subsidiary type on expense, performance and fund characteristics in Table III.6.

Panel A presents results using gross 4-factor α and return measures, while those in

panel B use α and returns net of total expenses including 12b-1 fees and one seventh

of the maximum total load. As throughout our empirical analysis, all expense and

return measures are net of category averages. With Dedicated Mutual Fund the

omitted category, the reported odds ratio indicates the proportional change in the

value of P(Subsidiary Type)/P(Dedicated Mutual Fund) for a one unit change in

the regressor. Thus, values greater than one indicate a positive relation while

values less than one indicate a negative relation. Comparing any two pairs of odds

ratios gives an idea of the relative difference in sensitivity to the regressor across

a pair of (included) categories, although we are have not computed significance

levels for these implied differences.
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The results in panel A suggest that underperforming funds, and funds

charging low non-12b-1 expense ratios, are most likely to be insurance-affiliates.

Furthermore, there is evidence that funds charging higher 12b-1 fees are more

likely to be either bank- or financial services-affiliates, while those charging higher

sales loads are more likely to be bank-affiliates. This relation holds across both α

and returns models. In panel B, there is evidence that funds with lower α net of

expenses are more likely to be insurance-affiliates.

Not surprisingly, considering that the models differ only in right-hand-

side performance measures, the non-performance results are fairly consistent across

the four model specifications. Funds from highly specialized families (high focus

value) are least likely to be bank- or insurance-affiliates, relative to dedicated

mutual fund companies. Interestingly, subadvised funds are also more likely to be

managed by insurance affiliates, and are less likely to be part of bank or financial

services affiliates.

Family-Level Logit Models of Subsidiary Flag

While the generalized logit models presented above are interesting, the

results are difficult to interpret. Furthermore, we may be interested in asking

broader questions related to differences between subsidiaries and non-subsidiaries.

To that end, we estimate a series of logit models of the following form:

SubsidiaryFlagjt = β0 + β
′
1OwnTypesjt−1 + β2PerfMeasurejt−1

+ β
′
3ExpMeasurejt−1 + β

′
4Φjt−1 + εjt,

where ExpMeasurejt−1 denotes one of three expense measures; PerfMeasurejt−1

denotes one of 6 performance measures; OwnTypesjt−1−1 denotes a vector of fund

family ownership; and Φjt−1 denotes a vector of characteristics of the jth fam-

ily. SubsidiaryF lagjt is set equal to 1 if the family is a subsidiary of a larger

conglomerate at time t, 0 if the family is directly owned.

Table III.7 presents the results of these models estimated at the family
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level using 1995-2004 data. In each of the models the coefficient on performance is

negative but statistically non-significant. However, there is statistically significant

evidence that funds which charge lower non-12b-1 expenses and those that charge

higher sales loads are more likely to be managed by subsidiary families. Further-

more, there is evidence across the four specifications that specialized families (high

focus) are more likely to be directly owned.

III.F.3 Models of Subadvising

Logit Models of Subadvised Flag

During 2004, 13 percent of classes were subadvised, with 29 percent of

fund families offering at least one subadvised fund. Table III.8 reports estima-

tion results from logit models of subadvising on expense measures, performance

measures and a number of class- and family-level characteristics;

Subadvisedit = β0 + β
′
1OwnSubsidTypesit−1 + β2PerfMeasureit−1

+ β
′
3ExpMeasureit−1 + β

′
4Φit−1 + εit,

where ExpMeasureit−1 denotes one of three expense measures; PerfMeasureit−1

denotes one of 6 performance measures; OwnSubsidTypesit−1 denotes a vector of

fund family ownership and subsidiary characteristics; and Φit−1 denotes a vector

of characteristics of the ith class or family. Subadvisedjt is set equal to 1 if the

fund is subadvised at time t (in the class-level models) or the family has at least

one subadvised fund (in the family-level models), 0 otherwise.

Panel A presents the results of class-level models using 2004 data, with

the dependent variable a dummy variable equal to one if the fund is subadvised.

Panel B reports the results of family-level models using 2004 data, where the

dependent variable is a dummy variable equal to one if the given family has at

least one subadvised fund. Models are estimated using either returns or α, both

gross and net of all expenses including 12b-1 fees and one seventh of the maximum

total load. All expense and performance measures are net of category averages.
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The class-level results in panel A indicate that funds which outperform

their peers are more likely to be subadvised. The coefficients on performance in

the return models are each roughly 7 basis points, while those in the α models

are an economically significant 55 and 35 basis points on gross α and α net of

expenses, respectively. However, there is no statistically significant evidence of a

relation between subadvising and the expense components in the first two mod-

els. These results are consistent with a hypothesis that families are buying skill,

rather than low cost, when they employ subadvisors. Interestingly, redemption fee

funds are shown to be less likely to be subadvised. Consistent with our priors,

funds in categories in which family-level assets are more highly concentrated (high

relatedness) are less likely to be subadvised, although there is no evidence of a

statistically significant relation between focus and subadvising.

Conversely, the family-level results suggest that subadvising by families is

related to weaker performance (in return measures), higher 12b-1 fees and higher

redemption fees. This disconnect between class-level and family-level performance

results may be consistent with a management-skill driven decision to subadvise.

The results suggest than insurance-affiliated funds are more likely to use

subadvisors, while financial services-affiliates are less likely to do so, relative to

portfolios managed by dedicated mutual fund companies. Funds managed by fam-

ilies identified as buried subsidiaries are less likely to be subadvised, while those

managed by families that are subsidiaries of foreign firms are more likely to be

subadvised. Finally, there is some evidence (in the class-level models) that funds

managed by mutualized families are more likely to be subadvised than their pub-

licly owned peers.

Family-Level Linear Models of Percent of Classes Subadvised

Table III.9 presents the results of family-level OLS regressions modeling

the proportion of subadvised classes within the family on expense and performance

measures and a collection of family-level characteristics;
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PctSubadvisedjt = β0 + β
′
1OwnSubsidTypesjt−1 + β2PerfMeasurejt−1

+ β
′
3ExpMeasurejt−1 + β

′
4Φjt−1 + εjt,

where ExpMeasurejt−1 denotes one of three expense measures; PerfMeasurejt−1

denotes one of 6 performance measures; OwnSubsidTypesjt−1 denotes a vector of

fund family ownership and subsidiary characteristics; and Φjt−1 denotes a vector of

characteristics of the jth family. PctSubadvisedjt the percentage of classes offered

by a fund family which are subadvised in part or in whole at time t.

Models are estimated separately using gross α and gross returns, as well

as α and returns net of all expenses including 12b-1 fees and one seventh of the

maximum total load. Again, all expense and performance measures are net of

category averages.

The results indicate that families with lower returns and higher α, as

well as those charging lower non-12b-1 fees, tend to subadvise a higher propor-

tion of funds. Consistent with our prior beliefs, specialized families (high fo-

cus), older families, and larger families tend to subadvise a lower proportion of

their funds. Bank- and financial services-affiliates employ fewer subadvisors than

do dedicated mutual fund companies, while the opposite holds for ‘other’- and

insurance-affiliates.

III.F.4 The Impact of Dominant Industry Participants

As we have noted several times, the mutual fund industry is dominated,

both in terms of assets under management and sheer number of funds offered, by

a small number of very large families. As a test of the sensitivity of our results

to these large families, we re-estimate our linear expense and performance models

from section III.F on a trimmed sample, dropping the largest 5% of families.68,69

68We used the time series average of end-of-year total net assets for each family in our ten year sample
as our metric.

69In the interests of minimizing output, we have omitted these results.
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We observe little change qualitatively between the full population models

and those estimated on the trimmed sample, suggesting that our full-sample results

are not driven by the largest fund families. Notably, privately held families charge

lower expenses than mutualized, which in turn charge lower fees than publicly

owned families (both at the class- and family-level). Also, mutualized families

outperform privately held, which outperform publicly held at the family-level. At

the class level, publicly owned underperform both mutualized and privately held.

Arguably, investors are most concerned with performance net of expenses.

The class-level models of performance net of total expenses suggest that funds

offered by mutualized families outperform those offered by publicly owned families

by 88 basis points in returns and 13 basis points in α. The corresponding results

for privately held families are 6 basis points in both returns and α. These results

are enlightening, as it may have been suspected that our full-sample results, which

were favorable to mutualization, were largely driven by the dominance of Vanguard

in the mutualized subsample. Clearly, this was not the case.

III.G Discussion

In this section we discuss in turn each of the empirically testable hypothe-

ses laid out in section III.D, in light of the results presented above.

III.G.1 Industry Structure

The empirical results discussed in section III.F provide strong evidence

in support of our hypotheses that performance and expense differences are related

to differences in investment advisor ownership structure.

H1 Mutualized fund families outperform privately held families, gross of fees,

which in turn outperform publicly held families.

The linear performance models in Table III.5 suggest that funds managed by pub-

licly owned families underperform both their mutualized and privately owned coun-
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terparts. The class-level model using gross α (from panel A) indicates that publicly

owned underperformed mutualized and privately held by 5 and 15 basis points, re-

spectively, while the coefficients on the Privately Owned and Mutualized flags in

the gross return model are roughly 14 and 71 basis points, respectively, although

the coefficient on Privately Owned is non-significant. These results are mirrored in

the net performance models, where the coefficients on the Privately Owned dum-

mies are significant at the 10% level. Generally, the evidence is convincing that

funds managed by publicly held families underperform those offered by mutualized

and privately owned families. However, the evidence relating performance across

privately held and mutualized is less clear.

At the family level (panel B), mutualized and privately held families out-

performed publicly held by 26 and 22 basis points in gross α. In the gross return

model, the coefficient on Privately Owned (96 basis points) is significant at the

10% level, while the coefficient on the Mutualized flag is non-significant. As in the

class-level models, the net performance models are qualitatively consistent with

the gross performance models.

Notably, these results are robust to trimming the largest fund families

from the sample, as Table III.12 indicates. This suggests that our results are not

driven by the largest fund families.

H2 Mutualized fund families charge lower fees than privately held families, which

in turn charge lower fees than publicly held families.

The linear expense models (not presented) suggest that both privately owned and

mutualized fund families charge lower fees than their publicly owned peers.

At the class level, this difference ranges from 5 to 15 basis points annually

(depending on whether distribution fees are included and whether the model con-

ditions on returns or α). At the family level, this difference ranges from 13 to 21

basis points for privately held families. The coefficients on Mutualized in the Non-

12b-1 and Expenses including 12b-1 models are nonsignificant, although in the
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total expense models they are 14 and 12 basis points (and statistically significant)

in α- and return-conditional models, respectively.

As in the performance models, the difference between privately owned

and mutualized is less clear. In the family-level models, the coefficients on the

Privately Owned flags are substantially lower than those on the Mutualized flags,

the latter of which are at any rate non-significant in four of the six models. At the

class-level, the coefficients on Mutualized are lower than those on Privately Owned

in the Non-12b-1 and Total Expense models.

The trimmed-sample results (not presented) are somewhat more consis-

tent, and suggest that, absent the largest 5% of families, privately held families are

less expensive than mutualized, which are less expensive than publicly owned at

both the class- and family-level. A natural conclusion is that our results in favor of

mutualized and privately owned families are robust to the effects of the dominant

industry participants, but that the results suggesting mutualized families charge

overall lower fees than those which are privately held may be attributable by a

‘Vanguard effect’.

H3 Families affiliated with diversified financial services conglomerates outperform

dedicated mutual fund families, gross of fees, which in turn outperform bank

and insurance affiliates.

Table III.5 presents evidence that bank- and insurance-affiliated fund families

underperform dedicated mutual fund families, diversified financial services- and

‘other’-affiliates The class-level models of panel A suggest that this underperfor-

mance is roughly 21 and 9 basis points in gross α and 79 and 33 basis points in

gross returns for insurance- and bank-affiliates, respectively.

At the family-level, the only statistically significant evidence is that in-

surance affiliates underperform (by 33 basis points) in the gross α model, and

‘other’-affiliates outperform (by 175 basis points in gross returns). These results

are mirrored in the models of performance net of all expenses. Interestingly, while
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they are non-significant in the gross performance models, both diversified financial

services- and ‘other’-affiliates show statistically significant outperformance in the

net α models (17 and 34 basis points in α net of expenses including 12b-1 fees,

and 10 and 11 basis point in α net of all expenses). The results using the trimmed

sample in Table III.12 are qualitatively consistent in every case with those of the

full sample, suggesting that differences in performance across subsidiary type are

not driven by the dominant industry participants.

These results are partially validated in the generalized logit models of

Table III.6, where insurance-affiliates are seen to be associated with lower lagged

α, relative to dedicated mutual fund families (13 basis points in gross α and 11

basis points in α net of all expenses).

Overall, the results are consistent with our assertion that funds managed

by bank- and insurance-affiliates underperform those offered by dedicated mutual

fund families, and provide some statistically significant evidence of outperformance

on the part of diversified financial services-affiliates and subsidiaries of ‘other’ types

of conglomerates.

H4 Families affiliated with diversified financial services conglomerates charge lower

fees than dedicated mutual funds, which in turn charge lower fees than bank

and insurance affiliates.

The results from our linear expense models are mixed with respect to H4. At the

class level, we see consistent evidence that dedicated mutual fund families charge

higher fees than do subsidiaries of diversified conglomerates (ranging from 3 to 23

basis points, depending on expense measure and whether expenses are conditioned

on α or returns). The coefficients on Parent=Other are consistently lower than on

the other subsidiary type dummies (at both the class- and family-level), suggesting

that families affiliated with non-financial conglomerates charge lower fees than their

peers. The coefficients on Parent=Bank and Parent=Insurance are consistently

smaller in magnitude than those on Parent=Financial Svs, suggesting that bank-

and insurance-affiliates charge higher fees than their peers.
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At the family-level, diversified financial services-affiliates are seen to charge

higher expenses than all other groups (coefficients on Parent=Financial Svs range

from 12 to 14 basis points depending on specification), while there is evidence that

insurance affiliates charge lower expenses (coefficients on the Parent=Insurance

flags are roughly -14 basis points in the non-12b-1 and expenses including 12b-1

models, and non-significant in the total expense models. This directly contradicts

our assertion in H4.

Likewise, both the results using the trimmed sample and the generalized

logit results in Table III.6 suggest that dedicated mutual fund families and sub-

sidiaries of diversified financial services firms charge higher expenses than other

types of conglomerate affiliates.

Our results suggest that if diversified financial services affiliates and ded-

icated mutual fund families face cost savings in mutual fund operation expenses

relative to bank, insurance, and ‘other’ affiliates, these savings are not passed along

to investors. Quite the contrary, investors in these funds pay more in expenses

than their counterparts. Possible reasons for this finding include the nonexistence

of such savings, systematic fund size differences across subsidiary types interacting

with scale economies (or possibly diseconomies), or systematic expense differences

driven by systematic performance differences. That is, on average investors get

what they pay for.

This last reason suggests something we have touched on several times, and

motivates our inclusion of performance net of expenses as a dependent variable in

each of our models. That is, while there may be an open and active debate as

to the appropriate performance measure on which investors base their decisions

(raw, net of category average, risk-adjusted in some way), it may be far easier to

justify that investors use this measure net of expenses as an input to their decision-

making process. Our linear class-level model of α net of total expenses in panel A

of Table III.5 suggests that diversified financial services-affiliate funds outperform

funds managed by dedicated mutual fund families by 10 basis points annually,
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while bank- and insurance-affiliates underperform dedicated mutual funds by 25

and 8 basis points respectively. These results are consistent with a joint hypothesis

combining H3 and H4.

III.G.2 Subadvising

The key limitation in our subadvising analysis is that our data is limited to

a flag indicating whether or not a portfolio is subadvised. Ideally, we would include

the name of the subadvisor so that we could more accurately study potential

differences across directly advised and subadvised funds. However, our empirical

results can provide some insight into the types of funds that are subadvised, and the

types of firms which employ subadvisors. We will discuss each of the hypotheses

described in section III.D.3, and note a course of future study to remedy these

issues.

H5 Fund families are more likely to hire subadvisors for funds not in their core

specialization.

The negative and statistically significant coefficients on relatedness in

each of the class-level logit models in Table III.8 suggest that the higher is the

percentage of assets managed by a family in a given category, the less likely is

the family to employ a subadvisor for a fund within that category. At the family-

level, the coefficients on focus in each of the logit (Table III.8, panel A) and

linear (Table III.9) models are statistically significant and negative, suggesting

that highly specialized families are less likely to employ a subadvisor for any fund,

and that the more specialized is the family the fewer funds will be subadvised.

These results provide strong support for hypothesis H5.

H6 Large funds are more likely to hire a subadvisor for part of the fund.

Our subadvising data does not include the percentage of fund assets managed by

the subadvisor, versus that (if any) managed in house, although we know that this
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type of management structure exists within the industry. However, from panel A

of Table III.8, we see that the log of total net assets is strongly positively related

to the probability of subadvising. This provides support for hypothesis H6. We

note also that the log of family total net assets is consistently negatively related to

the incidence (in class- and family-level logit models) and rate (in the family-level

linear models) of subadvising.

H7 ’Star’ families are less likely to hire subadvisors.

Our results are mixed with respect to H7. Our family-level results in Tables III.8

and III.9 suggest that families with higher weighted average α measures, or lower

weighted average return measures, are more likely to employ subadvisors. However,

we have not defined ‘star’ families in a rigorous way, as we did at the fund level,

and weighted average α and returns may be a poor indicator of a ‘star’ family.70

H8 Subadvised funds outperform directly advised funds, gross of fees.

H9 Subadvised funds charge lower fees than directly advised funds.

The linear performance models in panel A of Table III.5 suggest that subadvised

funds outperform non-subadvised funds by 24 basis points in gross α, but un-

derperform in gross returns by 55 basis points. Consistent with this result, the

expense models (not presented) suggest that subadvised funds are more expensive

conditional on α, but less expensive conditional on returns. However, the statisti-

cally significant coefficients on subadvised flag in the expense models range from 2

to 5 basis points, an effect which is dominated by the performance results.

These results may suggest that while subadvised funds earn lower returns

than their non-subadvised counterparts, they do so while taking on much less

risk. This may be related to differences in the shape of the management contracts

between the fund and the investment advisor and that between the investment

advisor and the subadvisor.
70For example, Nanda, Wang, and Zheng (2004) identify a ‘star’ fund as being in the top 5% of

contemporaneous risk-adjusted returns.
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III.H Conclusions and Future Research

Our study of the mutual fund industry describes the structure of the in-

dustry, particularly the ownership structure of the advisory firm. We hypothesize

that differences in economies of scale and scope across different types of invest-

ment advisors may have real effects on performance and expenses. We consider

the degree of concentration in ownership of the investment advisor. Specifically,

whether the investment advisor is mutualized, privately owned, or publicly held,

and whether or not the advisor is a subsidiary of a larger entity. If a subsidiary re-

lation exists, we consider whether the parent entity is engaged in other businesses

such as diversified financial services, banking, insurance, or ‘other’ non-financial

activities. In addition, we examine the motivations to subadvise by mutual fund

families and empirically test for differences in performance and expenses across

directly advised versus subadvised funds.

Using both raw returns and 4-factor α net of category averages, and

conditioning on a variety of fund- and family-level characteristics, we find evidence

of the following:

1. Publicly owned fund families provide lower performance at higher cost to

investors than do privately owned or mutualized families. Our results suggest

that this difference is as great as -71 basis per year in returns, -15 basis points

in α, and roughly +19 basis points in total expenses.

2. Bank- and insurance-affiliated funds provide lower performance net of ex-

penses than do dedicated mutual fund families, while diversified financial

services affiliates provide higher performance net of expenses than do funds

offered by dedicated mutual fund families. The difference is as high as -25

and -8 basis points annually for insurance- and bank-affiliates, and as high

as +10 basis points for diversified financial services.

3. The foregoing results are not driven by the dominant fund families, as they



146

are robust to trimming the data of the largest 5% of families by assets man-

aged.

4. Highly specialized families are less likely to employ subadvisors, and funds

outside of a family’s core specialization(s) are more likely to be subadvised.

5. Subadvised funds provide investors with lower returns, but higher α, relative

to non-subadvised funds. This may be explained by subadvisors both having

more skill and taking on substantially less market risk (i.e. lower β) relative

to other advisors.

Our analysis suggests several other interesting empirical observations.

Foreign owned fund families are more likely to use subadvisors than U.S. owned

families; insurance-affiliates and affiliates of non-financial conglomerates are more

likely to use subadvisors than are dedicated fund families or bank-affiliates, which

are in turn more likely to do so than are diversified financial services affiliates.

These observations in combination with point 5 above suggest that fund families

employ subadvisors largely as a way to gain access to investment skills not held

in-house, particularly in niche markets.

There is also evidence that specialized families, and funds within a fam-

ily’s category of specialization, provide investors with higher α, and that funds

offered by specialized families earn higher raw returns. Interestingly, specialized

families appear to charge higher non-12b-1 expenses, while funds within a family’s

category of specialization charge lower non-12b-1 expenses.

A key weakness with our subadvising analysis lies in having only a flag

indicating that a portfolio is subadvised. We intend to rectify this weakness by

utilizing a new dataset which includes subadvisor name for each subadvisor man-

aging any part of a fund. This dataset will allow us to (1) identify cases where the

subadvisor is an affiliate or subsidiary of the advisory firm, (2) perform compar-

isons between funds directly advised and those subadvised by an advisor, and( 3)

identify cases where a multi-manager type of subadvisory approach is employed.
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III.I Appendix III.A: Figures

Figure III.1: Typical Relations Among Entities in the Mutual Fund Industry
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Figure III.2: The Mutual Fund Value Chain
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III.J Appendix III.B: Tables
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Table III.2: Two-Way Sort of Class-Level Performance Measures Net of
Category Averages by Family Ownership, 1995-2004, Annual %: This
table presents performance measures across all mutual fund classes managed by
our sample of 547 fund families from 1995-2004. Counts, averages and standard
deviations of performance measures by ownership type and parent type are
included for both 4-factor α and raw returns, both gross and net of all expenses
including 12b-1 fees and one seventh of the maximum total load. In each case,
the data are net of the contemporaneous average across all funds within the same
broad SI-derived investment category. Note that Mutual Fund includes both
non-subsidiaries and subsidiaries of mutual fund companies, and Other nests
several non-financial industries. Row and column totals are calculated across all
observations in the given row or column.
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Panel A: Gross Alpha, Annual % Net of Category Average

Parent Type: Fin’l Mutual Row
Bank Svs Insurance Other Fund Total

N . . . . 949 949
Directly Mutualized µ . . . . -0.0517 -0.0517

σ . . . . 0.0706 0.0706
N 891 . 5006 94 . 5991

Subsidiary of Mutualized µ 0.1005 . -0.0202 0.2773 . 0.0024
σ 0.0681 . 0.0375 0.1707 . 0.0331
N . . . . 15159 15159

Directly Private µ . . . . 0.2097 0.2097
σ . . . . 0.0261 0.0261
N 622 192 409 155 1297 2675

Subsidiary of Private µ -0.1502 -0.2539 -0.1727 0.0809 0.0734 -0.0393
σ 0.0689 0.2008 0.0989 0.0587 0.0671 0.042
N . 1120 . . 6554 7674

Directly Public µ . 0.0574 . . -0.0235 -0.0117
σ . 0.0215 . . 0.033 0.0284
N 20341 15689 14699 890 10757 62376

Subsidiary of Public µ -0.0919 0.0078 -0.1297 0.2619 0.0248 -0.0505
σ 0.0133 0.0201 0.0213 0.0749 0.0282 0.0097
N 21854 17001 20114 1139 34993 95101

Column Total µ -0.0857 0.0081 -0.1033 0.2386 0.0934 -0.0028
σ 0.0128 0.0187 0.0183 0.0607 0.0159 0.0083

Panel B: Gross Returns, Annual % Net of Category Average

Parent Type: Fin’l Mutual Row
Bank Svs Insurance Other Fund Total

N . . . . 1313 1313
Directly Mutualized µ . . . . 0.8484 0.8484

σ . . . . 0.2385 0.2385
N 1073 . 8217 118 . 9408

Subsidiary of Mutualized µ 1.3587 . 0.1232 0.2423 . 0.2656
σ 0.4335 . 0.131 0.9982 . 0.1253
N . . . . 22333 22333

Directly Private µ . . . . 0.619 0.619
σ . . . . 0.1172 0.1172
N 864 280 560 243 2204 4151

Subsidiary of Private µ 0.2541 0.4282 -0.2482 1.6707 0.5101 0.4169
σ 0.3402 0.8961 0.4529 0.3568 0.1969 0.1542
N . 1486 . . 8476 9962

Directly Public µ . -0.4498 . . 0.7356 0.5588
σ . 0.1628 . . 0.1282 0.1118
N 28182 21025 21092 1212 15487 86998

Subsidiary of Public µ -0.3496 -0.1881 -0.2683 0.4149 -0.3618 -0.2824
σ 0.0636 0.0874 0.0808 0.3604 0.1129 0.041
N 30119 22791 29869 1573 50308 134660

Column Total µ -0.2715 -0.1976 -0.1602 0.596 0.3239 -0.0017
σ 0.0623 0.0821 0.068 0.2929 0.0673 0.0355
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Table III.2 continued
Panel C: Alpha Minus Expenses and Annualized Load, Annual % Net of Category Average

Parent Type: Fin’l Mutual Row
Bank Svs Insurance Other Fund Total

N . . . . 949 949
Directly Mutualized µ . . . . 0.21 0.21

σ . . . . 0.0707 0.0707
N 891 . 5005 94 . 5990

Subsidiary of Mutualized µ 0.2081 . -0.0862 0.5578 . -0.0323
σ 0.068 . 0.0378 0.1717 . 0.0333
N . . . . 15159 15159

Directly Private µ . . . . 0.3159 0.3159
σ . . . . 0.0262 0.0262
N 622 192 409 155 1297 2675

Subsidiary of Private µ -0.2489 -0.1285 -0.2705 -0.0428 -0.106 -0.1623
σ 0.0704 0.2037 0.101 0.0629 0.0691 0.0431
N . 1120 . . 6554 7674

Directly Public µ . 0.0423 . . -0.0184 -0.0095
σ . 0.0233 . . 0.0333 0.0287
N 20324 15689 14281 890 10757 61941

Subsidiary of Public µ -0.0903 -0.0107 -0.2274 0.3968 -0.0229 -0.0831
σ 0.0135 0.0203 0.0213 0.0753 0.0284 0.0098
N 21837 17001 19695 1139 34993 94665

Column Total µ -0.0827 -0.0085 -0.1924 0.3503 0.1234 -0.0108
σ 0.013 0.019 0.0183 0.0613 0.016 0.0084

Panel D: Returns Minus Expenses and Annualized Load, Annual % Net of Category Average

Parent Type: Fin’l Mutual Row
Bank Svs Insurance Other Fund Total

N . . . . 1412 1412
Directly Mutualized µ . . . . 1.9327 1.9327

σ . . . . 0.2292 0.2292
N 1099 . 8618 118 . 9835

Subsidiary of Mutualized µ 1.4085 . 0.0623 0.5732 . 0.2188
σ 0.4287 . 0.127 0.9939 . 0.1218
N . . . . 22984 22984

Directly Private µ . . . . 0.6297 0.6297
σ . . . . 0.1153 0.1153
N 931 293 579 243 2301 4347

Subsidiary of Private µ -0.431 0.1958 -0.6843 1.267 0.5641 0.1992
σ 0.3314 0.8565 0.4415 0.3539 0.1943 0.1512
N . 1492 . . 8699 10191

Directly Public µ . -0.4899 . . 0.6259 0.4626
σ . 0.1643 . . 0.128 0.112
N 28984 21594 21856 1227 15871 89532

Subsidiary of Public µ -0.3652 -0.2326 -0.639 0.7717 -0.5291 -0.4135
σ 0.0629 0.0866 0.0798 0.3601 0.1117 0.0406
N 31014 23379 31053 1588 51769 138803

Column Total µ -0.3043 -0.2436 -0.4452 0.8327 0.2849 -0.0929
σ 0.0615 0.0814 0.0669 0.2929 0.0664 0.035
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Table III.3: Three-Way Sort of Class-Level Performance Measures
Relative to Category Averages by Family Ownership, 2004 %: This
table presents 2004 averages and standard deviations of performance measures
by ownership type and parent type, for both subadvised and non-subadvised
funds. Note that Dedicated Mutual Fund includes both non-subsidiaries and
subsidiaries of mutual fund companies, and Other nests a range of non-financial
industries. 4-factor α measures are presented. Row and column totals are
calculated across all observations in the given row or column. Results from
two-sample difference in means tests between subadvised and non-subadvised
classes are reported, with * indicating significant at the 5% level, ** at the 1% level.
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Table III.5: Linear Models of Performance Measures, 1995-2004 Annual:
This table presents the results of a series of linear models of mutual fund per-
formance measures. Models in panel A were estimated at the class level, while
those in panel B were estimated at the family level. Dependent variables are
performance measures net of category averages. Gross Alpha and Gross Return
refer to pre-expense measures, Net Alpha* and Net Return* refer to 4-factor α and
return net of expenses (including non-12b-1 and 12b-1 fees) and Net Alpha** and
Net Return** refer to 4-factor α and return net of expenses (including non-12b-1
and 12b-1 fees) and total load annualized over seven years. Heteroscedasticity
consistent standard errors are used to calculate all p-values. All performance and
expense measures are net of broad SI-derived category averages.
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Table III.8: Logit Models of Subadvised Flag, 2004 Family Level: This
table presents the results of a series of logit models of subadvising by mutual
fund families. The dependent variable is a dummy variable set to one if the class
is subadvised (Panel A), or if the family has at least one subadvised portfolio
(Panel B). Panel A presents results based on annual 2004 class data only, Panel B
presents results based on annual 2004 family level data. Gross Alpha and Gross
Return refer to pre-expense measures. Net Alpha** and Net Return** refer to
4-factor α and return net of expenses (including non-12b-1 and 12b-1 fees) and
total load annualized over seven years. All performance and expense measures are
net of broad SI-derived category averages.
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Table III.9: Linear Models of Subadvising by Families, 2004 Family Level:
This table presents the results of a series of linear models of subadvising by mutual
fund families. The dependent variable is the fraction of portfolios within the
given family which are subadvised. Results are based on annual 2004 data only.
Gross Alpha and Gross Return refer to pre-expense measures. Net Alpha** and
Net Return** refer to 4-factor α and return net of expenses (including non-12b-1
and 12b-1 fees) and total load annualized over seven years. Heteroscedasticity
consistent standard errors are used to calculate all p-values. All performance and
expense measures are net of broad SI-derived category averages.
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