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Abstract

This thesis examines the central question of whether actively managed mu-
tual funds generate returns beyond those offered by passively managed funds.
Using a non-parametric change point test and a cross-sectional bootstrap
technique, this study conducts the first comprehensive examination of mutual
fund performance that explicitly controls for possible time-variation in both
alpha and betas of the extended versions of the CAPM, without imposing any
specific functional form on the nature of the time-variation in these parame-
ters. We further use an FDR technique that is able to quantify the number

of skilled and unskilled managers.

Our empirical analysis using these techniques reaches the following conclu-
sions: first, after controlling for time-variation, there is more evidence of
manager skill for both net and gross returns than previously documented in
the literature (Chapter . Second, the estimated proportion of skilled funds
in our sample is 8.4%, and 34.1% of the funds are identified as unskilled
(Chapter ). Third, different rules in selecting funds could lead to contradic-

tory inferences on fund performance (Chapter @
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Chapter 1

Introduction

Whether actively managed mutual funds offer returns beyond those offered by passively
managed funds has, over the years, generated much debate, especially given the growing
popularity of passively managed funds, mainly index funds, in recent years. By the end
of 2015, 32% of mutual fund household investors held at least one equity index fund.
Recent empirical studies lead by [Wermers (2000), Kosowski, Timmermann, Wermers and
White (2006) (hereafter KTWW) and Barras, Scaillet and Wermers| (2010) (hereafter
BSW) confirm the presence of skilled mutual fund managers who generate returns that
exceed passive benchmarks. Nonetheless, studies by [French (2008) and Fama and French
(2010) (hereafter F&F) provide evidence to the contrary. According to F&F, there is
no widespread manager skill and actively managed funds cannot generate returns net of
costs that outperform the passive benchmark portfolios.

The research undertaken here is motivated by these recent contributions to this de-
bate. Our study aims to revisit the important question of whether there is a group of
skilled managers and to shed new light on this issue. This question is not without impor-

tance for society in general since many pension plans and investment retirement accounts



hold mutual funds that are actively managed, with those funds advertising themselves as
superior to passively managed funds. Regarding the contribution offered here, a discus-
sion of the key approaches to performance evaluation will be provided. This discussion
will raise several problems with the methodology and data used in these studies. We aim
to provide answers to these problems and to offer a systematic way of addressing them.
The final part of this introductory chapter will discuss how this thesis is structured in

addressing these problems.

1.1 Research Problems

Jensen| (1968)) is widely recognized as the first study to examine mutual fund performance.
In particular, he assumes that fund managers maintain on average a given level of risk
(cf. page 395). Under this assumption, the risk factor loadings, i.e. the betas of extended
versions of the capital asset pricing model (CAPM), will be time-invariant. He notes that
if a manager is a superior forecaster, she can systematically select securities which will
realize a return that is higher than what is predicted by the risk factors. As such, the
CAPM for Jensen includes an intercept which is popularly referred to as Jensen’s alpha.
This alpha, the intercept of the CAPM, will be positive for a manager who earns returns
above those predicted by the benchmark portfolios.

It is obvious then that providing accurate assessment of manager skill depends crit-
ically on consistent estimation of these risk factors as well as alpha. For this to be
achieved, suitably specified benchmarks, i.e. the best possible econometric models are
critical. There are two other popular models apart from the CAPM: the Fama French
three-factor model (3F-CAPM ) and Carhart’s extension of this model to a four-factor

version (4F-CAPM). As mentioned previously, these models are presented as having



time-invariant risk factors, which, however, may not necessarily be appropriate when
evaluating fund performance for actively managed funds. When the composition of a
fund’s portfolio changes, so too will the overall risk of the portfolio, i.e. the portfolio risk
factor loadings will change.

This leads to our first set of research questions which aim to address the possible time-
variation issue in the risk factor loadings. The extended CAPM models (the 3F-CAPM
and the 4F-CAPM) most often employed in earlier studies assume that the risk factors are
time invariant; however, it is well known that dynamic trading strategies of fund managers
can lead to variation in these risk factors. Because of this, a large number of conditional
versions of the extended CAPM have been developed. The widely used conditional model
proposed by |Ferson and Schadt| (1996|) allows the market portfolio beta to be time-
varying by letting it depend linearly on some lagged public information variables. [Ferson
and Schadt (1996) confirm that these information variables are statistically significant,
and the use of their conditional model improves the performance of funds in their sample.
However, later studies (Blake and Timmermann, |1998; Kacperczyk et al., 2005; Kosowski
et al., 2006; Barras et al.,|2010; Cuthbertson et al., [2008, 2012) find that results produced
from the Ferson-Schadt conditional model do not differ much from those generated by
the traditional unconditional models. This suggests that the reduced form approach of
Ferson and Schadt| (1996), i.e. allowing the market beta to be a linear function of the
information variables, may not be an appropriate way to model time-variation in the
market beta. Hence, to properly capture time-variation in the betas remains a problem
that needs to be solved. Indeed, F&F confirm that time-variation in the regression slopes
poses “thorny” problems to their study and they leave this important issue to future

research.



Motivated by this, the method developed here takes an agnostic view on the nature
of the relation between risk factors and the information variables. To implement this,
we employ a non-parametric statistical test developed by Pouliot| (2016]) to detect time-
variation in the risk factors. Determining when the risk factors change will be central
to the methodology implemented here and will be developed in detail in later chapters.
Most importantly, we assume that Jensen’s alpha can also change over time and the
test implemented is able to detect time-variation in fund alphas as well. For instance, a
mutual fund may have many managers of differing abilities throughout its entire history,
hence the manager skill (Jensen’s alpha) of a fund can be time-varying. According to
Evans (2010)) (cf. page 1599), the average manager tenure of mutual funds is around
five years, hence manager replacement happens frequently. Furthermore, studies such as
Khorana (2001) and |Clare et al.| (2014)) find significant improvements of post-replacement
performance relative to past performance for those underperforming funds. Even if a
fund does not have manager replacement or has many managers of equivalent levels of
abilities, Berk and Green (2004) have shown that managers exhibit decreasing returns
in deploying their superior skill and excess returns should not persist. This is because
investors provide capital elastically and capital will move to funds with positive excess
returns and leave those funds with negative excess returns. Therefore, the aforementioned
evidence and arguments suggest that manager skill can vary over time, hence the fund
alpha can change.

Previous studies do not explicitly recognize and model the effect of manager change,
nor the fact that managers exhibit decreasing returns in deploying their superior skill.
This study conducts the first comprehensive examination of mutual fund performance

that explicitly controls for possible time-variation in both alpha and betas of the extended



versions of the CAPM without imposing any specific functional form on the nature of the
time-variation in these parameters.

Jensen (1968)) also assumes that the idiosyncratic shocks that affect returns are nor-
mally distributed. KTWW question the appropriateness of this assumption in the con-
text of measuring fund performance. Indeed, they reject the assumption of normality for
about half of individual fund alphas (cf. page 2555) that they estimate. More impor-
tantly, KTWW question the appropriateness of testing the existence of skilled managers
using the standard parametric t-tests of individual funds in previous studies, given possi-
ble cross-fund correlations in returns and extreme returns that could be gained by chance.
To capture any cross-fund correlations in returns and to control for the role of luck, they
implement a cross-sectional bootstrap, which is the measure implemented in this study
as well, to infer the existence of skilled and unskilled managers.

KTWW s bootstrap approach essentially involves resampling of the regression resid-
uals of the extended versions of the CAPM to produce empirical cross-sectional distribu-
tions of fund alpha estimates. They show that there are skilled managers who produce
excess returns net of all expenses and costs. F&F argue that the bootstrap approach
of KTWW does not capture the cross-fund dependency during simulations since they
resample from the regression residuals separately for each fund, hence they propose a
bootstrap method that resamples for all funds simultaneously. In this way, F&F over-
turn most of the results of KTWW and show that few funds exhibit superior skill in
generating excess returns after costs. Furthermore, to capture possible autocorrelation
effects in the time series, BSW use a block bootstrap method and the false discovery
rate (FDR) approach of Storey| (2002)), and find some evidence of skilled managers over

the short run. They resample from blocks of residuals so that the original time series



structure within a block can be preserved. Given the different bootstrap methods used
in these studies, it is of interest to examine how the different bootstrap procedures affect
the empirical cross-sectional distributions of fund alpha estimates. This is crucial as our
inferences of skilled and unskilled fund managers depend on the values of alpha estimates
in the upper and lower quantiles of the cross-fund alpha distributions.

Our last research problem arises in the data used in previous studies (KTWW, BSW
and F&F), and used in this research as well, which consists of monthly returns from the
Center for Research in Security Prices (CRSP). The CRSP mutual fund database contains
monthly data on net returns for each share class of every open-end mutual fund since
January 1962, with no minimum survival requirement for funds to be included. While
this database includes alive and delisted funds, it does not have complete investment
objectives of every fund. This is not without consequence for our study, as well as those
of others, as to measure manager skill requires knowledge of those funds that invest
primarily in equities and also advertise themselves as actively managed. Most of the
studies, including those mentioned previously (KTWW, F&F and BSW) do not provide
clear guidance on how they identify funds that are actively managed and invest primarily
in equities.

We find that previous studies using CRSP tend to have different rules in selecting
funds. For instance, F&F include funds in their sample as long as the fund has at least
eight months of return history, Pastor and Stambaugh| (2002)) require funds in the sample
to have at least 12 months of return history, |Wermers (2000) include a fund only if it
has survived for at least 24 months, and funds in the sample of [Sirri and Tufano| (1998)),
KTWW and BSW have a minimum 60 months of return history. This suggests that

these previous studies have different levels of survivor bias in their samples, which could



lead to different results. Indeed, F&F argue that the rules used to select funds could
affect the cross-sectional distribution of fund alpha (¢(«)) estimates for their sample.
Furthermore, previous studies also have different treatments regarding newly established
funds and incubated return history of funds, and this will be elaborated further in later
chapters. Given these controversies in selecting funds, it is of interest to examine how
these differences in selection rules can affect the inferences on the existence of skilled and

unskilled managers.

1.2 Structure of the Thesis

To offer a systematic way of addressing the various problems listed so far, the thesis is
structured as follows:

Chapter [2| sets out to provide some background data for this research. We explore
some recent trends in the U.S. mutual fund industry, especially the growing demand of
index funds in recent years. Then, the chapter introduces the concept of active and passive
management. Furthermore, we explain the theoretical justification of the returns-based
measure Jensen’s alpha, which is the measure of performance used in this study. Since
fund alphas are estimated using both net and gross returns so as to disentangle a fund’s
expense policy from examination of the manager skill, we also discuss the interpretation
of manager skill in terms of net and gross returns.

Chapter [3] gives a more detailed survey of the literature that this study is based on.
Specifically, we review the relevant literature on the examination of abnormal performance
of mutual funds, where we show existing controversies in previous studies regarding the
existence of skilled fund managers. Next, we review some extended models used in the

literature to address time-variation in the regression parameters of the factor models.



We also show why our treatment of time-varying parameters, i.e. using a non-parametric
change point test to detect time-variation in fund alphas and betas, is superior to other
existing approaches. The last section of this chapter provides a review of the use of change
point analysis in the economic literature and shows why the non-parametric change point
test of [Pouliot| (2016)) is useful in addressing time-variation issues in our context.

In Chapter [4] to answer the question whether there is a group of skilled or unskilled
fund mangers, a cross-sectional bootstrap technique developed by KTWW and F&F is
used to control for the role of luck in the cross-sectional distribution of fund alphas.
Differently from the use of the 3F-CAPM in their study, which assumes the alpha and
factor loadings are time-invariant, we use the change point test, which is able to detect
multiple discrete changes in the alpha and factor loadings. We also explore the possible
underlying reasons that lead to changes in betas as well as in alpha, which provides
justification for the use of the change point test in our study. To capture changes in the
fund alpha and betas, we build a multi-regression model that essentially involves detecting
changes in these parameters first, and then estimating fund alphas on subintervals of
return series that are separated according to the dates of changes. Furthermore, we
compare the results of our model to those of the traditional models. We have shown
that after allowing for time-variation in the regression parameters, the cross-sectional
distribution of alpha (¢(«)) estimates shifts rightwards, which suggests more evidence
of manager skill than previously documented in the literature. To confirm that the
pessimistic results of F&F are mainly due to the assumption of time-invariant regression
parameters, we construct the sample ending in 2006 as in F&F and redo their analysis
using the multi-regression model and the traditional 4F-CAPM, respectively.

In Chapter [0 knowing that there is a group of skilled managers, we further examine



how many actively managed fund managers within the entire sample have truly abnormal
performance that produces positive, negative or zero alphas using the FDR approach of
BSW in Chapter 5. Differently from the study of BSW, we use the change point test of
Pouliot| (2016]) to detect time-variation in the fund alpha and betas, and estimate fund
alphas using the multi-regression model as described in Chapter [d] As a result, more
skilled and unskilled funds are detected relative to the results of BSW. For example,
we find that 8.5% of the actively managed fund managers are able to outperform the
passive benchmarks, relative to a proportion of 0.7% in BSW. We also examine where
skilled funds are located in the cross-sectional distribution of alpha (¢(«)) estimates.
Finally, to examine whether the investment objectives of funds have an impact on fund
performance, this chapter examines the performance of funds in different investment styles
by dividing the entire sample into three commonly defined investment styles, namely
aggressive growth, growth and growth & income.

Chapter [0] aims to examine three important issues that are relevant to mutual fund
studies in general. These issues remain controversial in the literature and are closely
related to Chapters 4| and [5 First, we show different criteria applied in previous studies
to select funds in their samples. Then, we construct several datasets based on different
selection rules used in these studies, and use them to estimate fund alphas respectively.
This shows how different ways of constructing datasets may lead to different inferences
on the existence of skilled and unskilled managers. Furthermore, this chapter aims to
examine how the reduced form approach of |Ferson and Schadt (1996) performs using
our data. We show that the Ferson-Schadt conditional model produces similar alpha
estimates compared to those using the unconditional models for our sample. Finally, we

compare several bootstrap methods, namely bootstrap by residuals, bootstrap by pairs



and block bootstrap, that are widely used in mutual fund studies.

Chapter [7] serves as a conclusion of this thesis. Our main contributions to the litera-
ture are summarized as follows: First, this study applies a non-parametric change point
test to detect possible time-variation in fund alphas and factor loadings, which provides
a novel perspective on how to address time-variation in these parameters, and enables us
to overturn most of the pessimistic results in the literature, indicating strong evidence
of manager skill. Second, our study is the first to address data issues in existing studies
systematically. This is not without importance as different selection rules used to include
funds can affect the inferences on the existence of skilled managers. Third, we compare
several popular bootstrap methods used in previous mutual fund studies, providing guid-
ance to future research in terms of which method best fits the mutual fund data. Fourth,
we examine performance for funds in different investment styles, which provides a view
on the relationship between funds’ investment objectives and their performance. Fifth,
we examine fund performance using both net and gross returns, to disentangle a fund’s
expense policy from examination of manager skill, providing new evidence on the role of
expense policy in the underperformance of mutual funds. Finally, our study examines
fund performance over an updated period from 1984 to 2015, which is most important to
today’s investors given the much changed investment climate in the wake of the global

financial crisis.
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Chapter 2

Background of the Mutual Fund Study

To appreciate the importance of mutual funds to U.S. investors, it is imperative to discuss
their role in and their contribution to the U.S. financial industry. This chapter provides
some insightful background data on their role, and how U.S. investors have come to rely
on them. In particular, Section reports some interesting trends in the U.S. mutual
fund industry. This provides justification for our examination of actively managed equity
mutual funds. Section discusses active and passive management of mutual funds,
and Section explains the measure of fund performance that will figure prominently in

coming chapters.

2.1 Recent Trends in the U.S. Mutual Fund Industry

Mutual funds can trace their origins to the Netherlands, where King William I estab-
lished the first closed-end investment company in 1822. The next wave of near-mutual
funds included the creation of an investment trust in Switzerland in 1849 and investment
trusts in Scotland in the 1880s. Investment trusts were attractive as it brought the idea

of pooling assets and spreading risks. Their success led the establishment of the first

11



18,000

15,000

12,000

9,000

6,000

3.000

0
o & e & $ O L1 b
_e;b"‘ &éﬂ @@ & S @“’h ’9;:5“ \q%‘b o qs}ﬁ'-‘" q?én 5% oV g

——Total Met Assets (Billion §)

Figure 2.1: Total Net Assets of U.S. Mutual Funds From 1984 to 2015

Source: 2016 Investment Company Fact Book

investment trust in England and then to the U.S. in the 1890s. In 1924, the first modern
mutual fund was established in Boston. Over the last few decades, mutual funds have be-
come a popular investment vehicle, especially for U.S. households. They offer households
a cost effective way to invest in a large portfolio of equities and bonds. More recently,
their appeal has increased because employers have moved away from defined benefit pen-
sion plans to defined contribution plans. This shift in defined contribution pension plans
has arisen largely because of the unfunded liabilities that frequently arise with defined
benefit plans. Defined contribution plans transfer risks associated with investing to the
pensioner away from the company to employees, who receive upon retirement the value
of their contributions plus any investment gains or losses. This movement has increased
households’ demand for investments that can generate good returns without excessive
risk. In response to this demand, a number of investment companies have entered the
mutual fund market.

According to the latest Investment Company Fact Book, U.S. households held 89%
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Figure 2.2: Number of U.S. Mutual Funds from 1984 to 2015

Source: 2016 Investment Company Fact Book

of mutual fund assets at the year-end 2015. 54% of defined contribution plan assets were
invested in mutual funds, and mutual funds accounted for 48% of investment retirement
accounts assets. U.S. investors have found mutual funds attractive, and this is reflected
in size of the U.S. mutual fund industry. At the year-end of 2015, the U.S. mutual
fund industry remains the largest in the world, with around $16 trillion in assets under
management. This wealth accounts for almost half of the $33.4 trillion worldwide assets in
mutual funds. U.S. mutual fund industry in terms of assets under management expanded
significantly through the latter half of the 1980s, and this continued until 2014. The
number of mutual funds also increased over this period with the peak occurring in 2014
and then leveling off, as shown in Figure 2.2

Among these funds, as of year-end 2015, equity mutual funds made up around half
of the U.S. mutual funds assets under management as shown in Figure Money
market funds account for 17%, bond funds for 22% and hybrid funds for 9%. Among

equity mutual funds, actively managed funds account for 78% in terms of assets under
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management, and passively managed funds, mainly index funds, account for 22%.
Given the significant share of assets invested in equity funds relative to all mutual
funds’ assets, it is important that we examine their performance and explore their recent
trends. The majority of these equity mutual funds are actively managed, and regularly
advertise themselves as generating returns greater than those passively managed funds.
Actively managed funds hire managers to select and to invest in a portfolio of investment
products that aims to achieve a particular investment objective. In contrast, passively
managed funds, mainly index funds, aim to track the performance of a certain benchmark
or index. Although the majority of the equity mutual funds employ an active investment
strategy, we have seen a growing demand of passively managed funds, mainly index funds
in recent years, with share of assets invested in index equity funds increased to 22%
relative to all equity mutual funds’ assets at the year-end 2015, as shown in Figure

Given the growing popularity of index funds, more investors are advised to switch from
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actively managed funds to index funds.

The popularity of index funds is also reflected in the net new cash flow to index equity
funds relative to all equity mutual funds. As shown in Figure[2.5] the equity mutual funds
in total experienced several significant outflows from 2008 and realized a net total outflow
of approximately $412 billion from 2008 to 2015.

In contrast, index equity funds received a net total inflow of around $473 billion.
With growing demand of index funds in recent years, the total net assets held by index
funds totaled $2.2 trillion in 2015 (Figure 2.6). Lower-than-average expense ratios of
index funds play an important role in the growing popularity of index funds. The passive
strategy followed by index funds means that trading costs are lower as are other costs,
hence they tend to have lower-than-average expense ratios. Furthermore, index funds
are averagely larger than active funds so that they benefit more from economies of scale,
which also reduces their expense ratios. For instance, in 2015, the average index equity

funds held $ 5.1 billion in assets under management, whereas the actively managed equity
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funds on average had $1.4 billion in assets.

2.2 Active Management vs. Passive Management

Since our study aims to address the question of whether a group of skilled managers
with stock selecting abilities exists, it is important to distinguish between passive and
active management. For actively managed funds, managers create a portfolio consisting
primarily of equities with the aim to outperform passively managed funds. An actively
managed fund tries to invest in equities that offer superior returns, hence they incur
higher trading costs as well as other administration costs. In contrast, a passively man-
aged fund minimizes trading costs and mimics the performance of an index, which offers
lower returns than those actively managed counterpart but they generally have lower
management expenses.

Advocates of active management argue that the market can be inefficient and by
selecting specific investment portfolios, fund managers are able to obtain higher-than-
market returns. However, proponents of passive investing argue that, before all costs,
passive investor must earn, in the aggregate, the market return as that is what their ob-
jective is. Active investors, however, are constrained by the algebra of active management
(Sharpe, 1991)), and so in the aggregate can earn only the market return. Therefore, after
costs, passive investors earn the return of the market portfolio minus their expenses, and
so do active investors. Given the average expenses of active investors are higher than
those of passive investors EL passive investors on aggregate earn higher net returns than

those of active investors.

! According to 2016 Investment Company Fact Book, by the year-end 2015, the asset-weighted average
expense ratio of actively managed equity funds is 84 basis point, whereas the expense ratio of index equity
funds is 11 basis point.
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In mutual fund studies, a comparison of active with passive management boils down
to a debate on whether there is group of fund managers who have sufficient skill to
outperform the passive benchmarks. Several studies confirm the underperformance of
actively managed fund managers, and argue that there is no widespread manager skill
(Jensen| (1968)), Henriksson| (1984)), Elton et al. (1993), Malkiel (1995), Carhart| (1997)),
French/ (2008)), and [Fama and French| (2010))). These authors conclude from their studies
that investors would be better served if they switched from actively managed funds to
passively managed funds with lower expense ratios. However, other studies conducted
by |Grinblatt and Titman| (1989)), Grinblatt and Titman| (1992), Hendricks et al.| (1993),
Daniel et al.| (1997), [Kosowski et al. (2006]), Wermers (2000), and Barras et al. (2010
argue that there are managers that, through actively selecting stocks, can outperform
passive benchmarks. Because of this lack of agreement in the existing literature, it is
therefore important to re-evaluate some of the more important contributions to research
on this topic. By doing so, this thesis hopes to shed new light on this issue and hopefully

can come up with more salient conclusions.

2.3  Performance Evaluation of Mutual Funds

To examine mutual fund performance requires an appropriate measure. Generally, there
are two widely used approaches to measure manager skill. One is referred to as a portfolio
holdings-based measure, and the second is returns-based. Even though the portfolio
holdings-based approach allows performance to be measured at any time, it requires up-
to-date information on fund holdings. Disclosure of this information may not be readily
available or may come with long lags. Hence this method is not frequently used. Because

of these concerns, the more frequently used method is the returns-based measure. The
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most widely used performance measure can be calculated from historical returns, and
it is referred to as Jensen’s alpha, named after the individual who first developed this

measure.

2.3.1 Jensen’s alpha and the Baseline Models

Before Jensen’s alpha, fund performance as usually were measured by ranking returns
on portfolios, Jensen referred to this as a relative measure of fund performance. He
argues that it is better to have an absolute measure that is able to tell whether funds
outperform relative to some benchmarks. For example, given two funds A and B, we
not only would like to know if fund A outperforms fund B, but also whether fund A
and B are better relative to a certain benchmark, hence use of an absolute measure
allows more flexibility in the examination of mutual fund performance. The key idea
of Jensen’s alpha is to determine the abnormal return of a fund over the theoretical
expected return, where the theoretical return is based on the asset pricing theory (the
CAPM, cf. Equation developed by [Sharpe| (1964). From an investment perspective,
the slope (beta) on the explanatory returns in the CAPM describes a diversified portfolio
of passive benchmarks that replicates the exposures of a fund to market returns, and the
regression intercept (alpha) then implies the average return provided by the fund beyond
the return on a comparable passive portfolio. Therefore, we interpret a positive alpha as
good performance, and a negative one implies bad performance.

Dybvig and Ross| (1985)) provide a formal justification for this measure of fund per-
formance. This justification is given in Theorem 5 of this paper. Specifically, given a
risk-free security, this theorem indicates that if the intercept (alpha) of the CAPM for

a certain fund is positive, there is a portfolio with positive weight on this fund plus the
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portfolio of the explanatory benchmarks that has a higher Sharpe ratio than the portfolio
of the passive benchmarks. Similarly, if the intercept is negative, there is a portfolio with
negative weight on this fund that has a higher Sharpe ratio than the portfolio of the
explanatory benchmarks. Hence, the abnormal performance in Sharpe’s sense implies
the abnormal performance in Jensen’s alpha.

Furthermore, the inferences on the performance of mutual funds can be sensitive to a
choice of the passive benchmarks (Roll, 1978 Grinblatt and Titman) [1994; Daniel et al.,
1997). Therefore, we also estimate fund alphas using multi-factor asset pricing models
such as the Fama-French three-factor model (hereafter, 3F-CAPM, cf. Equation and
Carhart’s four-factor model (hereafter, 4F-CAPM, cf. Equation . The 3F-CAPM
has a size factor (SMB) and a value factor(HM L) added to the CAPM based on the
observation that stocks with small caps and low price-to-book ratio tend to perform
better than the rest. |Carhart (1997)) extends the 3F-CAPM to a 4F-CAPM by adding a
momentum factor (M OM) to account for the tendency of stock prices to increase further
if it is going up and to continue decreasing if it is declining. We would like to estimate
Jensen’s alpha based on these factor asset pricing models to see if the alpha estimate
is sensitive to the choice of factor models. More importantly, we aim to address the
time-variation issue in the regression parameters of these factor models, which is a major

contribution to the literature, and will be discussed in detail in Chapter [4]

R — Rf =o; + Pu(R" — Rf) + i, (2.1)
Ri; — R = o + Bu(R™ — R) + B SM B, + B3 HM Ly + €5, (2.2)

Ri; — R = o + Bu(R™ — R) + BiSM B, + B3 HM Ly + By MOM; + ;,,  (2.3)
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2.3.2 Net Returns vs Gross Returns

In addition to the choice of different factor models to estimate Jensen’s alpha, we have
two types of returns in our study: net returns and gross returns. Net returns are returns
net of all costs, hence results based on which allow us to examine whether fund managers
have sufficient skill to generate returns that can recover all the costs. Furthermore, net
returns are returns received by investors, the examination of performance on net returns
is consistent with the fact that investors seek for actively managed funds to earn a large
surplus net of all costs. For a mutual fund, costs incurred are consisted of trading costs,
management fees, administrative costs, sales and distribution fees, investor servicing fees,
fund accounting and pricing fees, and other operating costs. The CRSP database reports
a fund’s expenses as expense ratios. Most of the costs mentioned above are included
in the expense ratios, however, there are still costs not counted in the reported expense
ratios, mainly trading costs.

Given that a fund’s expense policy may not be controlled by fund managers, but
more likely by the board of directors of the fund’s management company, we also examine
manager skill based on gross returns. Gross returns are returns with expense ratios added
back to net returns, and gross returns to some extent come closer to test if managers
have any skill. For example, one manager may have enough skill to more than just cover
the trading costs, but the surplus after trading costs can be offset by the management
company that overcharges or generates other costs inefficiently (costs in the expense
ratios), hence tests on gross returns enables us to disentangle a fund’s expense policy
from the examination of manager skill, and evaluation of fund performance on gross
returns tells us whether fund managers have enough skill to generate returns to cover the

costs missing from the expense ratios, mainly trading costs.
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One may want the returns measured before all costs including trading costs so that
funds are put on the same pure return basis as the passive benchmark portfolios, however,
it is often too complicated to compute trading costs. Estimating trading costs requires
information on all the selling and buying activities of fund managers, which is usually
not disclosed to the public. Studies that attempt to use trading volumes to proxy trading
costs are often criticized for their inaccuracy. Furthermore, the definition of skill on gross
returns in our context seems fairly reasonable since one would expect a skilled manager
to produce returns that can recover trading costs. In other words, the use of gross returns

excluding trading costs does not affect the interpretation of our results.
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Chapter 3

Literature Survey

In this chapter, we mainly review three streams of previous studies on mutual fund
performance that are closely related to our research undertaken here. We first review
studies that aim to examine whether funds are able to provide abnormal performance in
Section [3.1] Then, we show how previous studies develop extended models to estimate
fund alphas in Section [3.2] Finally, a review of studies of change point analysis is given

in Section 3.3

3.1 Review of Studies on Abnormal Performance

Two recurring themes in the evaluation of mutual fund performance have been explored
in past studies. The first is whether funds are able to deliver abnormal performance
and whether it is positive, negative or neutral. The second is whether this abnormal
performance can be predicted and for how long it will persist. Our study focuses on
the first issue. Previous studies tend to give contradictory results on whether actively
managed mutual funds deliver abnormal performance or not. Many researchers believe

that few funds succeed in repeatedly obtaining positive alpha, unless by chance, i.e.

23



mutual funds do not exhibit significant stock picking skill.

Jensen (1968) is among the earliest studies that examine mutual fund performance.
He estimates the predictability of performance on a portfolio of 115 mutual funds during
the period 1945 to 1964 using the CAPM, and finds that the mutual fund managers
are not able to outperform a randomly chosen benchmark portfolio with equivalent risk.
Besides, the results indicate that future good performance does not necessarily follow past
good performance. Consistent with the findings of \Jensen| (1968)), later studies conducted
by [Elton et al.| (1993)), Malkiel (1995) and |Carhart| (1997)) confirm the underperformance
of active fund managers.

Specifically, Elton et al.| (1993)) investigate the performance of mutual funds for the
period from 1965 to 1984 using an extended version of the CAPM. They argue that sev-
eral later studies, such as Ippolito| (1989)), have reached different conclusions from those
of [Jensen| (1968) is because the variation of non-S&P stocks in different sample periods.
Hence by adding a portfolio of non-S&P equity index into the passive benchmarks to
control for the effects of non-S&P stocks, they show that fund managers underperform
passive portfolios. However, these studies are criticized for only including a small number
of mutual funds. Malkiel (1995]) uses a dataset from 1971 to 1991 containing historical
returns from all mutual funds that exist in each year of the period, and is among the
earliest contributions that systematically addresses the issue of survivor bias and incuba-
tion. They estimated alpha estimates in the context of a CAPM framework and found
that investors would be better off buying low expense index funds.

Carhart| (1997) uses an earlier version of a CRSP survivor-bias free mutual fund
dataset from 1962 to 1993, containing a total of 1892 equity mutual funds, and applies

both the CAPM and his four-factor model to estimate fund alphas. By forming portfolios
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based on funds’ lagged one-year return, he examined the short-term and long-term per-
sistence in the performance of the cross-section of funds. His results generally indicate no
evidence of skilled managers and suggest that persistence of performance detected in the
literature is mainly due to momentum strategies rather than superior fund management.
While he finds that the top-percentile funds do produce surplus that can cover investment
costs, most funds underperform by about the cost of expenses.

Given the underperformance of actively managed mutual funds, these studies find
the continuing investment into active mutual funds puzzling. It is argued that investors
may behave irrationally and there are misperceptions about investing choices of investors
influenced by the market. For instance, the overconfidence of investors in their ability to
produce excess returns and the exaggerated advertising of active mutual funds by financial
firms may also influence the choice of investors eventually. Malkiel (1995) discussed the
possibility of a fund management company starting a number of “incubator” funds with
different managers and waiting to see which ones succeed. If some of these “incubator”
funds outperform the passive funds, the fund management company will advertise their
success and drop the other ones that underperform the market.

Some investors are also found to be insensitive to a fund’s prospect. These performance-
insensitive investors still remain after the underperformance of funds and could be un-
aware that they have been overcharged (Christoffersen and Musto, [2002)). Investors may
also be constrained to invest in certain funds. For example, since many U.S. employers
have moved away from defined benefit to defined contribution pension plans, as discussed
in the background chapter, |[Elton et al. (2006) examined the investment choices offered

by 401(k) pension plans E] and found that almost half of the investors are not offered an

1 A 401(k) plan is a defined contribution pension account established by employers to allow employees
to direct their own investments given a group of investment choices to choose from. The earnings in this
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adequate set of options. [Elton et al.| (2007) further examined the performance of these
investment choices on offer and showed that they did not outperform index funds.
However, other studies have come to a different conclusion. To be specific, |(Grinblatt
and Titman| (1989) used a eight-portfolio benchmark based on past returns, dividend
yield, and firm size constructed by Grinblatt and Titman| (1988). They argue that forming
benchmarks on portfolios grouped by securities characteristics as proxies for factors is
more appropriate relative to the CAPM, given that firm characteristics are correlated
with factor loadings. They have shown that Jensen’s measure on this new benchmark for
a sample of 274 funds from 1975 to 1984 supports the evidence of skilled funds, especially
prevalent among growth funds, aggressive-growth funds or funds that have the smallest
Net Asset Values (NAV) before costs. However, they also confirm that investors seldom
gain from the abnormal performance of managers due to high expenses, i.e. funds do not
show superior abilities in terms of net returns. |Grinblatt and Titman| (1992)) further test
the persistence of performance using this eight-portfolio benchmark. They argue that
the persistence should be attributed to the abnormal performance of fund managers,
not to persistence in the benchmarks that are related to size effect, dividend yield, etc.
Hendricks et al.| (1993) investigate the performance of mutual funds during the period of
1975-1988 by dividing their sample into eight performance-ranked portfolios and track
their performance on different evaluation periods using Jensen’s alpha. They claim that
investors can gain from investing in previous winner funds, particularly those growth-
oriented funds. However, these studies are usually criticized for having survivor-ship
bias since delisted funds are not included in the dataset of Grinblatt and Titman| (1992),

and for including a small number of funds over a short period, as well as for inefficient

account are tax-deferred.

26



benchmarks (Elton et al., 1996} Daniel et al., (1997} |(Carhart} [1997)).

Results of studies on performance of mutual funds in other countries are conflicting as
well. Blake and Timmermann| (1998) examine UK mutual fund performance based on a
sample of 2375 funds during the period 1972-1995 using Jensen’s measure. Their results
suggest that UK funds on average underperform the benchmarks by about 1.8 percent.
Ferreira et al. (2012) extend fund performance analysis to a worldwide scope based on a
sample of actively managed funds in 27 countries. They use Carhart’s four-factor model
to estimate Jensen’s alpha and the differences in the determinants of fund performance
between U.S. and the other countries are controlled using fund characteristics such as fund
size, management company structure, expenses, etc. They find that mutual funds around
the world overall underperform the market. However, studies lead by |Otten and Bams
(2002) and |Cuthbertson et al.| (2008]) confirm the existence of outperforming funds in
European countries. |Otten and Bams| (2002)) use a sample of 506 funds from 5 different
countries, apply Carhart’s four-factor model to estimate Jensen’s alpha and conclude
that most European mutual funds are able to produce positive abnormal performance.
Similarly, Cuthbertson et al.| (2008) examine UK mutual fund performance and use the
cross-section bootstrap technique developed by Kosowski, Timmermann, Wermers and
White| (2006) (hereafter KTWW) to distinguish between skill and luck; they find that a
small percentage of UK top performing funds have stock picking ability.

In this context, William Sharpe published an article in 1991, arguing that no empiri-
cal tests need to be taken to see if active funds on average outperform passive portfolios.
Based on what he calls “the arithmetic of active management”, one can have two state-
ments on performance of mutual funds: (i) given that the passive investors mimic the

market portfolio, and all U.S. stocks are held by either active investors or passive in-
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vestors, the returns of active investors must also be equal to that of the market portfolio
before any costs; (ii) Since the returns of both active and passive investors are equal to
that of the market portfolio, and active investors generally pay higher fees and expenses
for active investing, we can conclude that active investors underperform passive investors
after costs. [Fama and French| (2010) (hereafter F&F) call this arithmetic of active in-
vesting “equilibrium accounting” and argue that active investing in the aggregate is a
zero-sum game before all expenses and costs, and a negative-sum game after costs.

Sharpe| (1991) also pointed out several reasons that could lead to the spurious evidence
of active funds beating the index funds in the literature. He argues that some index funds
may not be truly passive. For example, instead of investing in the market portfolio, some
index funds may allocate their portfolios in resampled market choices. Another reason
is that active funds may not be equivalent to the “non-passive” part of the market. For
instance, some active individual investors are usually not included in the assessment
of active investing in the literature. Additionally, many previous studies use an equal-
weighted portfolio to represent all active funds and to evaluate their overall performance,
which can be biased towards average outperformance if those small funds perform well
during that period.

While accepting that mutual funds on average underperform passive benchmarks net
of fees, whether there is a group of skilled funds that can outperform the market still
remains an interesting question. Recent studies have shown contradictory results on this
matter. By estimating the costs of active investing, French (2008) finds that the aggregate
of all active funds produces lower return than the passive market portfolio, and irrational
behavior of investors may explain why active investing is still popular. In F&F, they

examine the performance of both the aggregate portfolio and individual funds, but find

28



no evidence of manager skill on average. If there are fund managers with enough skill to
cover costs, they are balanced by the many managers with insufficient skill. Opposing
findings can be found in |Daniel et al.| (1997), Wermers| (2000), KTWW, and Barras,
Scaillet and Wermers| (2010) (hereafter BSW), which agree the existence of managers’
skill to generate a positive alpha, especially among growth-oriented fund managers.

In Daniel et al. (1997), a different benchmark portfolio is used by directly match-
ing the characteristics of the component equities of the portfolio being examined. They
argue that this benchmark can better capture the characteristics of stocks held by the
portfolios. Specifically, they use passive benchmark portfolios that have similar charac-
teristics like market capitalization, book-to-market, and prior-year returns compared to
those stocks held by the portfolios that are evaluated. Their results suggest that mutual
funds, on average, do not outperform passive funds, but there are a few funds, partic-
ularly aggressive-growth funds showing some stock picking abilities. [Wermers (2000))
decomposed fund returns and costs into several components such as stock-picking talent,
style, transactions costs, and expenses. Their results of Jensen’s alpha indicate that mu-
tual funds held stock portfolios that outperform the benchmark index by 1.3 percent per
year. KTWW used a cross-section bootstrap procedure to distinguish skill from luck to
infer the existence of skilled managers and found that a few fund managers are able to
produce a positive alpha sufficient to cover their costs and that this stock picking skill
persists.

In BSW, an FDR technique is used to examine how many funds are able to pro-
duce excess returns that are positive, negative or zero. Although they confirm that the
proportion of skilled managers decreased rapidly over the last 20 years, most actively

managed funds are still able to produce either positive or zero net-of-expense alphas.
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They attribute the underperformance of active portfolios to a minority of continuously
underperforming funds. However, whether survivorship-bias exists in the latter stream of
studies remains in doubt. For example, in BSW, funds are kept only if they have a return
history of at least 60 months, so there is some survivorship-bias in their study since funds
with short return histories of less than 60 months are excluded from the sample.

A well-known paper by |Berk and Green| (2004)) provides another insightful view on the
existence of skilled managers. They argue that the provision of capital to funds provided
by investors is competitive, which means that investors are fully aware of funds’ past
performance and move capital to funds with positive excess returns and leave those with
negative excess returns. Fund managers are assumed to exhibit decreasing returns to
scale and in deploying their superior ability, so that they will continue to expand the
size of funds and their compensation until the excess returns become zero. Hence, in the
model of Berk and Green| (2004)), managers on aggregate do not outperform the passive
benchmarks and their outperformance does not persist. However, this is not because
fund managers do not have skill or they are unrewarded for their superior ability, but
because investors provide capital to funds competitively. Motived by these controversies
in the literature, our study aims to revisit the issue of whether there is a group of skilled

or unskilled fund managers in later chapters.

3.2 Review of Studies on Extended Models in Addressing Time-
variation
Although the above traditional factor models, including the CAPM, the 3F-CAPM and

the 4F-CAPM, are straightforward to implement and interpret, they generally neglect the
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possibility that fund alpha and beta estimates can vary over time. In fact, conditional
performance evaluation approaches have been widely examined for the past few decades
to address the time-variation issue. The appeal of conditional models to estimate fund
alphas can be mainly attributed to the fact that the traditional models are not able to
capture the dynamic trading strategies of fund managers.

Studies that attempt to incorporate time-variation into the assessment of mutual fund
performance can be dated back to the 1970s. Among the earliest studies, Kon and Jen
(1978) address the time-variation in a fund’s systematic risk by using a “switching regres-
sion model” to allow for time-varying betas. They prove that the switching regression
estimates of mutual fund performance are unbiased risk-adjusted measures. This type of
conditional model usually incorporates business cycles or different regimes into the eval-
uation of fund performance. Instead of setting two or three regimes arbitrarily, Fabozzi
and Francis (1979)) examine mutual fund manager skill over different market conditions,
in particular, betas are compared for bull and bear market, which is motivated by the
assumption that fund managers may adjust risk exposures (beta) in anticipation of a
coming bull market.

A more recent study by Kosowski (2011) develops a regime-switching model that
accounts for the alpha difference between recession and expansion periods, which is similar
to the setting of bull and bear market. He argues that traditional unconditional models
fail to adjust fund performance in the recession periods when the marginal utility of wealth
invested is relatively high for investors. Therefore, while mutual funds may underperform
in the expansion periods, they are able to add value by providing a diversified equity
position that does not underperform benchmarks in recession periods. |Kacperczyk et al.

(2013)) conducted a study to test time-varying fund manager skill by conditioning on the
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states of business cycles suggested by the National Bureau of Economic Research (NBER)
recession indicator. They find that managers with time-varying skill generally outperform
the passive benchmarks by 50 to 90 basis points per year, processing information on either
firm-specific or economy-wide shocks.

A widely used conditional model developed by Ferson and Schadt introduces lagged
information variables to the traditional CAPM and allows the market portfolio beta to
be time-varying to account for business cycles. Information variables are added in a way
that the market beta depends linearly on them. They assume that fund managers may
use public information to form their portfolio strategies and indeed find evidence that risk
exposures tend to change in response to public information, and that these information
variables are statistically and economically significant. Therefore they argue that the
previous results indicating average poor performance of mutual funds (Jensen, |1968;
Henriksson, 1984; Elton et al., 1993} |Carhart} 1997)) are mainly attributable to the setting
of time-invariant factor loadings. Using their conditional approach, the distribution of
fund alpha estimates shifts to the right and is centered near zero, which differs from the
prior results that alphas are negative more often than positive.

Kacperczyk et al.| (2005) use the Ferson-Schadt conditional measure to study the
relation between industry concentration and performance of U.S. active mutual fund
performance. They find that managers that hold portfolios concentrated in a few in-
dustries tend to perform better, and using the conditional measure of performance yields
stronger and statistically more significant results than the unconditional model. However,
other studies argue that this conditional measure produces remarkably similar results to
those using the traditional unconditional measures. KTWW examine fund performance

based on 15 models, including the Ferson—Schadt conditional model. They find that
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conditional four-factor alphas produce similar rankings of funds to those based on uncon-
ditional four-factor alphas. Similarly, Blake and Timmermann, (1998), |Kacperczyk et al.
(2005)), Cuthbertson et al. (2008), BSW and |Cuthbertson et al.|(2012) also implement the
Ferson-Schadt conditional model to control for time-varying exposure to market returns.
They argue that introducing time-varying betas provides similar results to those obtained
from the traditional unconditional models, which shows that alphas are negative for each
group of funds specified in their study.

This suggests that the reduced form approach of Ferson and Schadt| (1996 may not
be an appropriate way to model time-variation in the alpha and risk factors. Hence the
method we use here takes an agnostic view on the nature of the relation between risk
factors and the information variables. To do this, we employ a non-parametric statistical
method to detect time-variation in these parameters. For this purpose, we also provide a
brief review on the studies of change point analysis, and explore the reasons why we use

the particular test we choose over other ones.

3.3 Review of Studies on Change Point Analysis

As shown in the previous section, many studies have attempted to develop more advanced
models to account for time-variation in the regression parameters, and they usually re-
quire a prior setting of business cycles or economic states. Here, we explore an alterna-
tive approach to account for time-variation in the regression parameters that is based on
change point analysis.

According to Horvath and Rice (2014)), change point analysis is to detect and estimate
changes in a quantity of interest based on a sample of data. Change point analysis origi-

nated in the 1940s and previously focused on quality control issues (Page, (1954). Later, it
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was developed and extended to a variety of fields such as economics, finance, engineering,
biology, etc. and has become an important tool to understand the non-stationarity in
time series. Over the last 70 years, change point analysis literature has witnessed huge
developments in terms of discovering new methods and applications. Among the many
applications, it is of importance and interest to detect multiple parameter changes that
may occur in linear regression models, which is the case that our study is concerned with.
It is widely acknowledged that the parameters in the linear regression models may change
over time due to abrupt events such as policy changes, oil price and technology shocks.
Similarly, various sources could lead to changes in parameters in the factor models im-
plemented in this study to estimate mutual fund alphas and will be discussed in detail
in later chapters.

The earliest test to detect changes in a time series context, specifically in the linear
regressions, is the Chow test (Chow, 1960). It is introduced to detect single change in
mean for a linear model that is known ex ante. The test is motivated by the question of
whether an economic relationship is stable over two periods of time or for two groups of
economic units when it is represented by a linear regression model. The idea of the Chow
test is to see if two sets of observations belong to the same regression model. If not, then
a change is confirmed and two linear regressions with two subsets of coefficients are used
so as to better capture the economic relationship.

It should be noted that the Chow test requires knowledge of the location of the
change while modern tests don’t usually have this requirement. Furthermore, the Chow
test focuses on the case of a single change; however, if there are multiple changes or if the
dates of changes are unknown in a analysis, this test is no longer feasible. Hence, a large

amount of work has been done on testing a parameter with an unknown change point,
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such as Andrews (1993), Andrews and Ploberger (1994), and [Bai (1994). Studies such

as |Andrews et al| (1996), |Garcia and Perron| (1996), [Liu et al,| (1997), [Bai and Perron|

(1998)), Bai and Perron (2003)), and Aue et al| (2009) aim to address the case of multiple

changes.

In order to detect changes in both regression slopes and the intercept, which fits the
scenario of our study, we implement the test developed recently by (2016), a non-
parametric test based on traditional cumulative sum control chart (CUSUM) tests. The
CUSUM technique is one of the widely used approaches for detecting change points; it

is originated from (1954)), and a large amount of CUSUM tests are widely available

(Brown et al., (1975} |Andrews, (1993} Andrews and Ploberger, |1994). However, unlike

existing CUSUM tests (Andrews, 1993 |Andrews and Ploberger} [1994; Horvath and Rice,

2014)), the test of (2016)) is able to distinguish a change in intercept from one in

the slope parameter of the regression model. This is important in our context since the

intercept is the fund performance measure that is referred to as Jensen’s alpha, and the
slopes are betas representing risk exposures to factors considered in the benchmarks. A
change in the alpha would lead to very different economic interpretations from that in

the slope parameters.

Furthermore, (2016))’s test has some additional appealing features. Unlike

some existing tests (Andrews, |1993; Andrews and Ploberger; |1994; Bai and Perron| 1998)),

it avoids trimming. The test also develops a weight function so that changes occurring

at the limits of the sample can be detected. More importantly, different from other tests

such as |Gombay! (2010) and Horvath and Rice| (2014)), this test does not require prior

knowledge of which parameters might have changed.

It should be noted that BSW introduce time-varying betas by partitioning their data
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into six b-year subintervals, and evaluate fund performance over the short run, which is
similar to our way of treating time-variation in the regression parameters. As a result,
they find that a small proportion of funds show skill over the short run relative to the
fact that long-term skill does not exist. However, any attempt to partition the time-series
into successive intervals would impose the prior assumption that parameters are constant
for such subintervals (Kon and Jen, [1978)). To overcome this problem, we estimate fund
alphas over subsamples separated by the estimated dates of changes detected in the
regression parameters, which is more rigorous and intuitive ﬂ The closest approach to
ours is proposed by [Bollen and Whaley| (2009), in which they develop a optimal change
point regression based on |Andrews et al. (1996]) optimal change point test to allow for
time-varying beta, finding 40% of the funds experienced significant changes in factor
loadings. However, they only allow for one change for a fund in the betas over the entire
sample period, which may not apply to some funds that have multiple changes or, more

importantly for our purposes, funds that have changes in the alpha.

2Note that our way of treating time-variation in the regression parameters does not change the nature
of Jensen’s alpha measure, i.e. the various versions of the CAPM are still implemented and an ordinary
least squares (OLS) estimation is undertaken to get alpha estimates, but on subsamples of data that are
divided according to the estimated dates of changes in the parameters.
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Chapter 4

Luck vs. Skill in Time-varying Mutual Fund

Performance

4.1 Introduction

As shown in the literature survey chapter, whether there are any active mutual funds that
are able to outperform the market is an interesting research topic that has been repeatedly
examined over the past 50 years, going back as far as Jensen| (1968). More recent studies
tend to come to contradictory conclusions on this question. Berk and Green| (2004),
Wermers| (2000), and Barras, Scaillet and Wermers| (2010) (hereafter BSW) believe that
mutual funds hold equity portfolios that generally outperform the passive benchmarks,
indicating that there is a proportion of skilled fund managers who are able to achieve
abnormal returns. [French| (2008) and Fama and French| (2010)) (hereafter F&F), argue
that there is no evidence of certain fund managers being able to outperform the market,
with skilled fund managers “hidden” by massive underperforming funds. Motivated by

these existing controversies in past studies, we revisit the important question of whether
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manager skill exists here using a rich panel of 5006 U.S. actively managed equity mutual
funds for the period from January 1984 to March 2015.

We aim to contribute to the literature by addressing the time-variation in the regres-
sion parameters in the various versions of the CAPM that are commonly used to estimate
fund alphas. In previous studies, the traditional models with time-invariant regression
parameters are often used. However, given the fact that fund managers may adopt dy-
namic trading strategies, for instance, the factor loadings (betas) can vary over time. In
particular, F&F confirm that time-variation in betas poses a “thorny” issue that needs
to be addressed in future research. To capture time-varying market beta, Ferson and
Schadt| (1996) develop a conditional evaluation approach that allows the market beta to
depend linearly on some information variables. However, later studies such as (Carhart
(1997), Kacperczyk et al.| (2005)), |Kosowski, Timmermann, Wermers and White| (2006))
(hereafter KTWW), BSW and (Cuthbertson et al. (2012)) apply the Ferson-Schadt condi-
tional model to estimate fund alphas and get similar alpha estimates to those generated
by the unconditional models.

More importantly, we argue that fund alphas can also change. For example, a mutual
fund may have many managers of differing abilities throughout its entire history, hence
the manager skill (measured by Jensen’s alpha) of a fund can be time-varying, which is
often neglected in previous studies. Furthermore, Berk and Green (2004)) argue that fund
managers exhibit decreasing returns to scale and in deploying their superior ability due
to the fact that the provision of capital to funds provided by investors is competitive,
hence manager skill can be time-varying. Given that various sources could lead to the
time-variation in the alpha and betas, this study implements a non-parametric test to

detect changes in them without imposing any specific functional form on the nature of the
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time-variation in these parameters. In particular, we apply a change point test developed
by |Pouliot| (2016) to detect possible changes in the alpha and betas; this test has many
attractive features over other existing tests. It allows us to distinguish between a change
in the slope and a change in the intercept without trimming, which is important in mutual
fund studies given that the intercept (alpha) measures manager skill.

After allowing for time-variation in this way, we find that there is around 17% of the
funds in our entire sample having at least one change in either the alpha or the betas.
When these changes are incorporated into the regression model and a cross-sectional
bootstrap technique of F&F is implemented, more skilled fund managers are shown to
have sufficient skill to more than just cover the costs, and the distribution of the cross-
sectional estimated ¢(«) estimates shifts rightwards for tests on both net and gross returns.
Hence, we can conclude that results of prior studies based on the traditional models can
be biased, and the failure to capture time-variation in the regression parameters biases the
inferences of F&F towards more pessimistic conclusions that fund managers underperform
the passive benchmarks net of all costs. Our use of change point analysis to address time-
variation in the regression parameters sheds new light on this issue, which is of utmost
importance in measuring time-varying fund performance.

The rest of this chapter is organized as follows: Data used in this chapter are briefly
described in Section[d.2] Section [4.3]introduces the test of [Pouliot] (2016)) to detect change
points and the multi-regression model framework. Section 4.4] explains the simulation
setup. Section then presents the results. In Section 4.6, we contrast our results and
those of F&F restricting the sample period to 1984-2006 as in F&F. The final section

concludes this chapter.
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4.2 Mutual Fund Data

Data used here as well as in Chapters 5] and [f] are taken from the CRSP mutual fund
database for the period from January 1984 to March 2015. Appendix[A]provides a detailed
account of how the final dataset is fashioned, so we shall be brief here. To summarize,
first, to focus on active management, we include only actively managed mutual funds
that invest primarily in U.S. common stocks. We exclude all the other funds including
international funds, global funds, municipal funds, bond funds, money market funds and
all sector funds since these kinds of funds generally invest a small portion into domestic
equities. Furthermore, all kinds of passively managed funds, mainly index funds are
excluded from our sample.

Then, for each fund, we merge different share-classes of the same fund into a single
fund by value weights. In order to lessen the effects of “incubation” bias, we follow F&F’s
methodology to limit our attention to those funds that hold assets under management
(AUM) of at least 5 million 2006 dollars. Accordingly, a fund is included in the sample,
for example, after adjusting for inflation, if it reaches 2.5 million dollars in AUM in 1984,
or if it has at least 6 million dollars in AUM in 2015. According to F&F, this minimizes
the “incubation” bias because funds in the pre-release period tend to have low AUM. To
further examine if our results are biased towards small funds, we also perform regressions
on funds that pass the $250 million and $1 billion AUM bound. Our panel is limited to
funds that exist in CRSP at least 5 years before the end of our sample period (March
2015) so as to remove new funds with too short return histories. We also exclude funds
that have less than 8 months of return history. Overall, we have 5006 funds that span a
total of 375 months in the $5 million AUM group, 2376 funds in the $250 million AUM

group, and 1093 funds in the $1 billion AUM group.
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4.3 The Model with Time-varying Parameters

4.3.1 Basic Assumptions

The appeal of a model to capture time variation in the regression parameters in our
context of mutual fund study can be explained with the following hypothetical scenarios.
Rationales for time-varying betas are well documented in the literature, such as the
dynamic trading strategy a manager may carry out (Ferson and Schadt,(1996). Therefore,
calculating the average alpha based on fixed beta estimates through the entire fund history
does not account for the fact that factor loadings may vary over time, and consequently
will lead to unreliable results.

As to the intercept (Jensen’s alpha), it is reasonable to assume that the performance
of funds may also vary over time. One possible hypothesis for time-variation in fund
alphas is the replacement of fund managers. For instance, according to BSW, some fund
managers with superior track performance left the sample for hedge funds during their
period of analysis. Throughout the entire history of a mutual fund, it may have many
managers of differing abilities and hence the performance of the fund can be time-varying.
In this case, estimating one alpha to reflect fund performance would be incorrect and the
estimated alpha would be inconsistent since the alpha would have changed with each
manager.

There is a rich literature on whether the characteristics of managers have an effect on
the performance of mutual funds, such as gender, education, and experience of managers.
There is evidence that education and experience are positively correlated with fund per-
formance, and that male managers tend to perform better than female ones. [Khorana

(2001)) use a sample of U.S. equity and bond fund managers that were replaced over the
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1979-1991 period and found significant improvements of post-replacement performance
relative to the past performance for those underperforming funds. Based on a sample of
UK mutual funds, Clare et al.| (2014) found similar evidence.

Their results suggest that manager replacement does affect the performance of mu-
tual funds, and that there is a significant improvement of fund performance after manager
change for those underperforming funds. On the contrary, new managers of outperform-
ing funds are usually unsuccessful at obtaining equivalent performance as the replaced
well-performing managers. This evidence implies that, firstly, for some funds, their per-
formance varies due to replacements of managers; secondly, if one alpha is estimated
to reflect manager skill of this fund, the achievements of the replaced outperforming
managers are “buried” by the underperformance of new managers. The traditional factor
models will therefore measures not the skill of a manager but average performance that is
achieved throughout a fund’s life. However, whether a fund manager can deliver abnormal
performance is of more importance to investors. Hence, the assumption of time-varying
manager skill, in our case, alpha estimates that are allowed to have discrete changes,
disentangles the examination of fund performance when a fund performs relatively well
from that when it performs badly.

Another important notion is the competitiveness in fund flow supply from investors.
In the model of Berk and Green| (2004), it is argued that investors provide capital to
funds competitively, i.e. capital is provided elastically and moves to funds with positive
excess returns and leaves those funds with negative excess returns. Managers increase
assets under management until excess returns are zero. Therefore, in this model, man-
agers exhibit decreasing returns in deploying their superior skill and excess returns do

not persist. This does not therefore suggest a lack of skilled managers or lack of rewards
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for their differential ability, but it merely implied that manager skill is compensated ac-
cordingly on past excess returns. Therefore, a test for change points allows us to evaluate
fund performance over the short run before investors compete away their performance
with capital inflows, i.e. the multi-regression model evaluates fund performance before

and after fund inflow changes separately.

4.3.2 Model Framework

To capture time-variation in the alpha and betas, we construct a multi-regression model
that is based on a non-parametric change point test developed by [Pouliot| (2016). To
discuss the non-parametric statistical procedures, we need a baseline model to perform
the change point test. The framework of the baseline models are shown in Chapter [2]

Section and we briefly reproduce them here:

Ri; — R = o + Bu(R" — R) + BoyiSM B, + B3 HM Ly + By MOM; + £;4,  (4.1)

where R;; is the return for month ¢ of fund <, R{ is the risk-free rate, which is the 1-
month U.S. Treasury bill rate, R}" is the market return constructed with a VW portfolio
of NASDAQ, NYSE and Amex stocks, SM B, and HM L, are the size and value-growth
returns constructed following [Fama and French| (1993), M OM, is the momentum return
of |Carhart| (1997)), «; is the return left unexplained by this benchmark model, i.e. the
extra return generated by funds and ¢;; is the regression residual. The above model
without momentum factor is the 3F-CAPM. All the benchmark factors are obtained

from Kenneth French’s website[l

'http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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In the framework of F&F, it is assumed that the parameters in Equations are
fixed over the entire sample period. Therefore, Jensen’s alpha («) is estimated as the
past average excess returns, minus the average excess returns of the benchmark portfolio
times a fixed vector of betas. To detect possible changes in the parameters of Equation [4.1],
we use Pouliot] (2016)’s test.

Appendix shows a detailed account of how the test statistics are constructed and
how the test is implemented. To summarize, first, he has constructed a process based on
a U-statistic (unbiased statistic) that can be interpreted as comparing the residual sum
of squares under the null hypothesis of no change. This statistic then yields an estimator
of a change point. Since this statistic does not tell which parameter changes, to further
distinguish between rejections in the slope and in the intercept, another two auxiliary
U-statistic type processes are constructed, in which the first statistic is sensitive to a
one-time change in the slope while remaining robust to a possible change in the intercept
and the second statistic is sensitive to a one-time change in the intercept that is robust
to a possible change in the slope. In order to improve the power of this test to make it
sensitive to change points that occur at the limits of the sample period, weights are added
to the statistics through a weight function so that the test has power over the whole (0,1)
range.

This test can also be implemented to detect multiple changes. To achieve that, a
dynamic programming approach is adopted here. We follow [Vostrikova/ (1981))’s hierarchic
binary segmentation algorithm, which begins with a test statistics, like CUSUM in this
context, to detect one change point over the entire sample. If the null of no changes in the
parameters cannot be rejected, we conclude that no change points are found in the data.

However, if the test rejects the null hypothesis of no change in parameters, then the date
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of the change point is estimated. The sample data is then divided into two segments: one
consisting of data up to the estimated date of change, and the second consisting of data
after the estimated date of change. Then the test is applied to these two segments to
determine if an additional change occurs in each segment. If no additional change point
is detected, then the algorithm stops. However, if the test rejects the null, we estimate
the date of the change point within the segment, and the data is separated further, and
tests are applied again. The test is implemented sequentially in this way until no further
changes are found. We find this approach efficient and fast with little computation cost
and this is also confirmed by Bai and Perron| (2003).

This particular test has three main advantages in the application in our context. First,
this test is able to detect more than one parameter change within a linear regression model
using the binary segmentation. This is useful given that some funds may have multiple
changes in their factor loadings and alpha. Second, this test allows us to distinguish
between a change in the slope and a change in the intercept while remaining robust to
each other. This is particularly important as the intercept and the slope has very different
interpretations in our study. Information on this tells us which changes are due to time-
varying skill and which ones occurred because of shifts in the factor loadings. Third, the
test has power against parameter changes that are located at the limits of the sample
period by using weight functions, which implies that this test is able to capture changes
that occur early or late in the alpha and betas.

A multi-regression model is further constructed after dates of change points for the
regression parameters are estimated. We show the framework of this model according to
the following different cases:

If the test for change points does not reject the null hypothesis of no change in « or
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Bs, then the traditional 4F-CAPM is used:
Ri; — R = a; + Bu(R™ — R) + BoSMB; + Ba; HM L, + BuMOM, + ¢, (4.2)

If however, the null hypothesis of no change is rejected, and there is one change in the
fund alpha, based on the estimated date of the change, the sample is divided into two
segments: one segment up to and including the estimated date of the change, and a
second segment after this date. Hence, there would be two equations corresponding to

Equation and the following multi-regression model is estimated:

/

alV + Bu(R™ — R + BoSM By + B HM Ly + BuMOM, + &,

; to <t <t
R, — Ry = (4.3)
Ozl(?) + (iR — Rtf) + BoSM By + Bsi HM Ly 4 By, MOM; + €54

+1<t<tr.

Instead, if there is only one change in the slope ﬂﬂ, the following model is estimated:

1

a; + AR — RN + BVSMB, + BVHML, + B MOM, + <,

; to <t <t
Ri,— Rl = ) (4.4)

a; + B2 (R — RN + B SMB, + BPHML, + B2 MOM, + ¢,

1<t <tr

For more complicated cases, if there is one change in the intercept and one change in the

2Tt should be noted that although the test is able to tell a change in the slope from one in the intercept,
it cannot tell which one of the regression slopes changes. Hence, when there is a change in the slope,
we assume all the regression slopes change. This setting still gives us consistent estimates of betas, only
that the estimates are not efficient.
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slope, the following model is estimated:

ot + B (R — Rl) + B SMB, + BV HML, + B MOM, + 4,
to <t <71
@ | s pm _ ply 4 g0 (1) (1)
ol + B (R — R + BSY) SMB, + B HM L, + B5)) MOM, + ;.
Ri,t o R{ _ 1 ( t t) 2 t 3 t 4 K t t ) (45)
1<t <t

o + BD(Rr — RN + BPSMB, + BYHML, + Y MOM, + ¢;,

t+1<t<tr

A similar process is followed when we have more than two parameter changes. For brevity,
we only list the above four cases. As we can see, after a change point is detected, fund
return history is divided into subsamples according to the estimated date of the change
and one regression is estimated on each of these subsamples. It should be noted that
there might be changes very close to the prior change or located near the beginning or
the end of the sample, which leaves us with only a few observations in the subsamples,
which is not sufficient to obtain accurate parameter estimates. Therefore, we assume
there is no change and proceed to estimate based on only one equation.

As mentioned previously, Ferson and Schadt|(1996) model time-varying parameters as
a reduced form so that market beta depends linearly on the information variables. How-
ever, the correct relationship between beta and these information variables is difficult to
be tested. Financial theory offers little guidance here and there is difficulty in estimating
nonlinear models. Therefore, instead of taking a particular view on the precise nature of
this relationship, we leave it unspecified and allow for discrete changes in the regression
parameters and build a multi-regression model that includes piecewise linear regressions.
Our approach is arguably more appealing given that it allows for more general types of

time-varying regression parameters.
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4.4 Simulations

As argued in the literature survey chapter, actively managed funds on average under-
perform passively managed funds after costs according to “the arithmetic of active man-
agement” (Sharpe, 1991)). However, there might be funds with skilled managers that are
“hidden” by the mass of unskilled managers. Therefore, it is necessary to look at the
performance of funds individually to detect the existence of skilled and unskilled funds.
However, as argued by F&F and KTWW, the difficulty of examining individual fund
performance is to distinguish manager skill from luck. Given the magnitude of the funds
in the sample, there might be extreme returns obtained by chance. In order to separate
skill from luck to see if there are some skilled managers, we use simulations, following the
bootstrap procedure developed by KTWW and F&F.

To put it simply, we first obtain the actual a estimate for each fund using funds’
historical monthly returns. Equation [4.1]is estimated for each fund in the sample indi-
vidually, for the 3F-CAPM and the 4F-CAPM, for net returns and gross returns, and
for $5 million, $250 million and $1 billion AUM groups. Therefore, we have 12 groups
of funds in the simulations. For each group, a cross-section of actual « estimates is
obtained by estimating alpha of every fund in the sample. Then, we assume the skill
(true «) is zero in the simulations. To achieve that, we subtract the actual a estimate
from each fund’s monthly returns to get the adjusted returns to reflect that. After that,
we resample jointly from the adjusted monthly returns and all regressors to produce a
sequence of resampled returns with the same length as that of the actual returns. To
preserve possible cross-sectional correlations among funds, the resampling is taken for all
funds simultaneously to produce a sequence of resampled returns for each fund. Equa-

tion [4.1] is estimated again for each fund on the adjusted returns to obtain the simulated
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« estimates.

For each simulation run, a cross-section of simulated a estimates is obtained. Instead
of using a estimates, t-statistics of a estimates are used to control for differences in the
number of months funds are in a simulation run, and in residual variance. Finally, 10,000
simulation runs are conducted to get 10,000 cross-sections of t(«) estimates for each one
of the 12 different groups, for a world where true « is zero. Hence, these t(«) estimates
are not obtained from regressions on actual returns, but on adjusted returns in which
the actual o estimates are subtracted. In this way, a “resampled world” or “simulated
world” is constructed where the true skill is set to zero and only luck exist.

Having set true « equal to zero has different interpretations of skill for net returns and
gross returns. In terms of net returns, zero true « for a fund means that the manager has
just enough skill to compensate for all the costs. As to gross returns, zero true « implies
a world where every manager has just sufficient skill to cover costs that are missed in the
expense ratios, mainly trading costs.

For each group, the cross-section of actual ¢(a) estimates can then be ordered into
a cumulative density function (CDF). After having generated 10,000 cross-sections of
simulated t(a) estimates, each cross-section of ¢(«) estimates can also be ordered into
a CDF. To infer the existence of skilled and unskilled funds, we produce and compare
qualitatively the percentiles of empirical CDF of actual ¢(a) estimates and the average
percentiles of CDF's of simulated t(«) estimates across 10,000 simulation runs.

Finally, we calculate how many of the 10,000 simulation runs generate smaller values
of t() estimates at the selected percentiles than those obtained from actual fund returns.
Percentages of the runs against a total 10,000 simulation runs are further computed. The

percentages, in other words, likelihoods, help to infer more formally whether the tails of
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the cross-section of t(«) estimates from simulations are extreme compared with what we
observe for actual fund returns.

It should be noted that no further change point tests are conducted in the simula-
tions. Since bootstrap requires resampling of individual fund returns, and to allow for
time-variation in the regression parameters in the simulations, we estimate the dates of
changes in the regression parameters and partition the sample into segments according
to the estimated dates of the changes, and then treat each segment as a separate “fund”.
Therefore, we have more “funds” in the simulations, only some of the “funds” are not
real ones but subintervals of funds’ return histories. Accordingly, the sequence of fund
returns we resample from is constructed using the full return series of funds with no
changes and segments of those with changes in the regression parameters. In this way,
we are able to deal with the existence of several alpha and betas of the same fund (due
to having obtained change points in alpha and betas) when generating the cross-section
of bootstrapped t(«) estimates.

The advantage of this simulation approach is that it tells us whether there is a group of
skilled managers without trying to identify which funds are skilled. The main idea of this
bootstrap design is to construct and compare two sets of world: (i) one “real world” of
t(«) estimates on actual returns in which manager skill and luck coexist, which prohibits
us from telling whether managers produce extreme returns by skill or chance; (ii) the
other one referred to as a “simulated world” of ¢(«) estimates on resampled returns,
where we set the skill to zero (zero «) ex ante and only luck is left.

Comparing these two sets of worlds gives us inference on whether there is a group of
skilled or unskilled funds. If the percentiles of actual ¢(«) estimates are larger than the

average values of percentiles from the simulation runs, we have reason to believe that the
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positive alphas are not due to luck alone. Accordingly, if the percentiles of actual #(«)
estimates are smaller than the average values of those from the simulation runs, then
there are unskilled funds that underperform the passive benchmarks. If manager skill is
zero, we expect the t(a) estimates on actual returns to be similar to the average of those

from the simulations.

4.5 Results

4.5.1 Results on Tests of Change Points

The aforementioned change point test is performed on each mutual fund in the sample,
and there are no more than three changes during the entire sample period in either slope
or intercept, and no more than seven changes in parameters altogether. This is consistent
with the argument of Berndt| (1991)), in which he states that econometrics studies based
on monthly data such as the returns from the New York Stock Exchange are often found
to have relatively stable Os from the 4F-CAPM over a five-year time span. The summary

statistics of results on the tests for change points are shown in Table and Table [4.2]
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Table 4.1: Summary of Results on Tests for Change Points in the Slopes and the Intercept:
1984-2015 (4F-CAPM, $5 Million AUM)

Forward tests Backward tests
First test

Ist  2nd  3rd st  2nd  3rd
Net returns
Number of funds
Change in intercept & slopes 288 43 2 0 12 3 0
Change in slopes 206 50 15 1 36 2 0
Change in intercept 322 132 31 7 47 11 2
No change 4190 4781 4958 4998 4911 4990 5004
Proportions
Change in intercept & slopes 5.7 0.9 0.0 0.0 0.2 0.0 0.0
Change in slopes 4.1 1.0 0.3 0.0 0.7 0.0 0.0
Change in intercept 6.4 2.6 0.6 0.0 0.9 0.2 0.0
No change 83.8 95.5 99.1 100.0 98.2 99.8 100.0
Gross returns
Number of funds
Change in intercept & slopes 302 49 5 0 12 2 0
Change in slopes 202 45 13 1 35 3 0
Change in intercept 335 137 32 8 45 10 1
No change 4167 4775 4956 4997 4914 4991 5005
Proportions
Change in intercept & slopes 6.0 1.0 0.0 0.0 0.2 0.0 0.0
Change in slopes 4.0 0.9 0.3 0.0 0.7 0.0 0.0
Change in intercept 6.7 2.7 0.6 0.0 0.9 0.2 0.0
No change 83.3 95.4 99.1 100.0 982 99.8 100.0
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Table 4.2: Statistics on Different Cases of Combinations of Change Points: 1984-2015
(4F-CAPM, $5 Million AUM Group)

Net returns Gross returns
Different cases of combinations
funds Pct(%) funds Pct(%)
Total number of funds 5006
No change 3993 79.8 3979 79.5
1 change in both s and « 270 5.4 283 5.7
1 change in #s and no change in « 212 4.2 196 4.0
1 change in a and no change in s 387 7.7 399 8.0
2 changes in s and no change in « 16 0.3 16 0.3
2 changes in s and 1 change in « 21 0.4 21 0.4
2 changes in s and 2 changes in « 18 0.4 22 0.4
1 change in s and 2 changes in « 43 0.9 44 0.9
0 change in fs and 2 changes in « 34 0.7 31 0.6
3 changes in s and 0 change in « 1 0.0 1 0.0
3 changes in s and 1 change in « 0 0.0 1 0.0
3 changes in s and 2 changes in « 1 0.0 0 0.0
3 changes in s and 3 change in « 1 0.0 2 0.0
2 changes in s and 3 changes in « 5 0.1 3 0.0
1 change in f#s and 3 changes in « 4 0.1 7 0.1
0 change in (s and 3 changes in « 0 0.0 0 0.0

As shown in Table 4.1, around 17% of the total funds in the sample have at least
one parameter change. When we run the subsequent tests both forwards and backwards
from the estimated date of the first detected change point, we find further changes in the
parameters. For example, for net returns, around 4.5% of the total funds are found to have
further parameter change when we run the test on the subsample prior to the estimated
date of the first change, and around 2% of the total funds have further parameter change
when the test in run on the subsample after the date of the first change. Finally, no more
than three changes are found in either slopes or intercept as we continue to run the tests
until no more changes are found. Table summarizes the number of funds in different

scenarios with different combinations of parameter changes. For instance, for net returns,
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there are 270 funds with only one change in the intercept and one change in the slope,
and they account for 5.4% of all the funds in the sample. After all these changes have
been detected, we construct the multi-regression model introduced in Section to

estimate fund alphas.

45.2 Results of the Simulations

4521 Net Returns

As presented in Table the left tail percentiles of actual ¢(«) estimates from net returns
are much smaller than the average values from simulations at the same percentiles. For
example, for the 3F-CAPM, the 5 percentiles of the actual #(«) estimates are -3.01,
-2.86, and -2.79 for the $5 million, $250 million, and $1 billion AUM group, respectively,
which are far smaller than the corresponding average values from the simulations, which
are-1.67,-1.68, and -1.69. If we look at the right tail percentiles, below the 90" percentile,
the actual ¢(«) estimates on net returns are still smaller than the average values from the
simulations. However, from the 90" percentile onwards, the actual ¢(a) estimates start
to be greater than the average values from the simulations for all AUM groups.

Hence, there is evidence of manager skill above the 90" percentile. For instance, the
t(a) estimates for the 3F-CAPM and for the $5 million AUM group, are 2.23, 2.44, 2.66,
2.96, 3.42 at the 95, 96" 97" 98" 99" percentile, which are much larger than the
average values from the simulation runs (1.67, 1.78, 1.93, 2.12, 2.45 correspondingly).
When the momentum factor is included in the model, the results are similar to those
using the 3F-CAPM. The left tail percentiles produce much smaller ¢(a) estimates than
those from simulations. The evidence of sufficient manager skill to cover costs above the

90" percentile does not change for the $5 million AUM group, and is slightly weaker for
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the $250 million and $1 billion AUM group.
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Table 4.3: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2015
(Model with Time-varying Parameters)

The table shows values of ¢(«) at selected percentiles (Pct) of the distribution of ¢(«) estimates for actual
(Act) net and gross returns. The table also shows the fractions of the actual ¢(«) estimates that are
greater than the average values of t(«) estimates from the 10000 simulation runs at selected percentiles
(%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We bootstrap
by resampling the fund and factor returns jointly as a pair. The sample covers the period from January
1984 to March 2015. Results are shown for the 3F-CAPM and the 4F-CAPM for the $5 million, $250
million, and $1 billion AUM groups. There are 5006 funds in the $5 million group, 2376 funds in the
$250 million group, and 1093 funds in the $1 billion group.

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>

3F-CAPM, Net Returns

1 -4.04 -2.44 0.00 -4.04 -2.47 0.07 -3.81 -2.50 0.62
2 -3.62 -2.12 0.00 -3.56 -2.14 0.02 -3.38 -2.16 0.11
3 -3.35 -1.92 0.00 -3.31 -194 0.00 -3.16 -1.96 0.06
4 -3.13 -1.78 0.00 -3.03 -1.79 0.00 -3.01 -1.81 0.03
5 -3.01 -1.67 0.00 -2.86 -1.68 0.00 -2.79 -1.69 0.03

10 -247 -1.29 0.00 -234 -1.30 0.01 -2.24 -1.30 0.02
20 -1.82 -0.84 0.00 -1.68 -0.85 0.01 -1.63 -0.85 0.03
30 -1.34 -0.52 0.00 -1.18 -0.53 0.06 -1.17 -0.53 0.05
40 -093 -0.25 0.01 -0.82 -0.26 0.12 -0.v8 -0.26 0.14
50 -0.56 0.00 0.01 -0.50 -0.01 025 -045 -0.01 0.24
60 -0.21 025 009 -0.17 024 066 -017 0.24 0.41
70 0.18 0.52 152 018 051 232 023 051 3.73
80 0.69 0.84 2074 069 083 2346 0.72 083 27.82
90 1.52 129 88.16 1.40 1.28 7450 1.37 1.28 69.98

95 223 1.67 9892 209 166 9596 191 1.66 86.11
96 244 1.78 9945 226 1.77 97.01 218 1.78 94.09
97 266 193 99.61 250 191 9820 237 193 94.66
98 296 212 99.76 274 210 9835 2.64 213 95.72
99 3.42 245 99.74 314 243 9833 289 247 90.55

continued
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Table ’E‘ — continued

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>
4F-CAPM, Net Returns
1 -4.15 -2.51 0.00 -4.15 -2.57 0.30 -3.48 -2.64 4.32
2 -3.62 -2.16 0.00 -349 -2.18 0.06 -3.26 -2.23 0.81
3 -3.33 -1.95 0.00 -3.20 -1.97 0.04 -3.11 -2.01 0.18
4 -3.12 -1.80 0.00 -297 -1.81 0.03 -2.87 -1.85 0.11
5 -2.97 -1.68 0.00 -2.83 -1.69 0.01 -2.65 -1.73 0.15
10  -2.44 -1.29 0.00 -2.27 -1.30 0.01 -2.17 -1.32 0.05
20 -1.80 -0.84 0.00 -1.64 -0.84 0.01 -1.59 -0.85 0.04
30 -1.32 -0.52 0.00 -1.24 -0.52 0.00 -1.21 -0.53 0.02
40 -0.95 -0.25 0.00 -0.88 -0.25 0.00 -0.82 -0.26 0.12
50 -0.59 0.00 0.00 -0.58 0.00 0.00 -0.54 0.00 0.13
60 -0.26 0.25 0.00 -0.23 025 0.16 -0.20 0.25 0.23
70 0.12 0.52 031 0.15 052 1.09 0.16 0.52 1.32
80 0.60 0.85 6.92 061 084 910 0.70 0.85 22.34
90 1.38 130 6738 1.34 1.30 61.09 1.32 1.31 54.67
95 208 1.70 9532 193 169 8547 188 1.71 78.07
96 229 1.82 9736 214 181 9151 1.99 1.84 75.72
97 2.51 197 9836 237 196 94.35 222 1.99 &82.37
98 2.79 2.18 98.75 2.54 217 9190 235 221 72.22
99 3.31 254 99.01 288 256 8732 280 261 75.02
3F-CAPM, Gross Returns
1 -3.34 -2.43 0.30 -3.22 -247 191 -3.05 -251 6.71
2 -2.98 -2.11 0.13 -288 -2.14 090 -2.64 -2.16 542
3 =272 -1.92 0.12 -264 -194 0.82 -2.50 -1.95 3.13
4 -2.50 -1.78 0.18 -241 -1.79 123 -2.28 -1.80 3.85
5 -2.36 -1.66 0.18 -2.25 -1.68 1.52 -2.13 -1.69 4.29
10 -1.83 -1.29 041 -1.70 -1.29 358 -1.60 -1.30 8.28
20  -1.15 -0.84 4.28 -1.03 -0.84 16.03 -1.00 -0.85 20.09
30 -0.650 -0.52 20.44 -0.58 -0.53 37.33 -0.58 -0.53 36.29
40 -0.28 -0.25 4199 -0.19 -0.26 63.82 -0.16 -0.26 70.84
50 0.09 0.00 71.37 0.14 -0.01 7994 0.13 -0.01 80.03
60 044 025 88.02 0.46 0.25 89.83 043 0.24 86.58
70 0.84 0.52 96.98 0.82 0.51 94.82 0.77 0.51 92.70
80 1.35 084 9956 1.29 0.83 9851 1.29 0.83 98.75
90 216 1.29 99.99 205 1.28 9993 193 1.28 99.60
95 2.80 1.67 100.00 2.72 1.66 9998 254 1.66 99.91
96 296 1.78 100.00 2.87 1.77 9997 273 1.78 99.93
97 3.14 193 100.00 3.00 1.91 9995 287 192 99.85
98 3.43 212 100.00 3.22 2.11 99.93 3.14 2.12 99.77
99 395 245 99.99 3.74 243 9991 341 246 98.62
continued
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Table ’E‘ — continued
5 Million 250 Million 1 Billion

Pct Act Sim %> Act Sim %> Act Sim %>

4F-CAPM, Gross Returns

1 -3.43 -2.52 034 -3.27 -2.58 3.31 -3.09 -2.65 12.62
2 -2.96 -2.16 0.26 -2.86 -2.19 1.60 -2.63 -2.23 10.20
3 -2.69 -1.95 0.27 -248 -1.97 3.28 -239 -2.01 879
4 -2.46 -1.80 0.52 -2.28 -1.82 3.93 -2.20 -1.85 9.01
5 -2.31 -1.69 0.57 -2.11 -1.69 4.74 -2.03 -1.72 10.64

10 -1.77 -1.30 139 -1.63 -1.30 6.27 -1.56 -1.32 12.74
20 -1.14 -0.84 477 -1.01 -0.84 17.53 -1.00 -0.85 20.89
30 -0.66 -0.52 19.98 -0.61 -0.52 29.69 -0.61 -0.53 31.25
40  -0.27 -0.25 4536 -0.26 -0.25 46.54 -0.21 -0.25 60.26
20 0.07 0.00 66.75 0.08 0.00 68.67 0.11 0.00 74.71
60 041 025 8338 044 0.25 86.18 0.41 0.25 81.85
70 0.77 052 9287 080 052 93.35 0.75 0.52 89.13
80 1.29 084 9889 125 084 9765 1.23 0.85 97.16
90 204 130 99.93 201 1.30 99.78 1.92 1.31 99.34

95 270 1.70 9998 2,60 1.70 99.94 251 1.72 99.73
96 287 182 9999 276 1.82 99.95 259 1.84 9941
97 3.07 1.97 99.99 293 1.97 9993 2.65 200 98.18
98 3.35 218 99.99 3.14 218 99.85 297 222 98.46
99 3.89 254 9994 3.62 256 99.60 3.26 2.62 94.40

45272 Gross Returns

For net returns, we define a fund as skilled fund if it is able to produce positive excess
returns net of all costs. The results show that there are a few fund managers that are
able to more than cover the costs at the right tail, especially above the 90 percentile.
The percentiles in the extreme left tail of actual ¢(«) estimates are much smaller than
the corresponding percentiles from the simulated t(«) estimates, which suggests that a
large group of unskilled managers exists. However, it could be the fact that excess returns
generated by managers are balanced out by the expenses, which managers may have little
control of. To disentangle manager skill from funds’ expense policies, we add back the

costs reported in expense ratios so as to test more closely if fund managers have any skill.
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Generally, as shown in Table [£.3] the percentiles produced using gross returns are
larger than those using net returns. This is consistent with the argument of |Carhart
(1997) that expense ratios are significantly and negatively related to fund performance.
It should be noted that the average values from simulations for gross and net returns
are similar. This is not surprising since we set true a to zero in the simulation runs.
The actual ¢(«) estimates on gross returns are still smaller than the average values from
simulations for the percentiles below the 30*". For example, for the 3F-CAPM, the 30"
percentile of the actual t(«) estimates are -0.65, -0.58, and -0.58 for the $5 million, $250
million, and $1 billion AUM group, which are smaller than the corresponding average
values from simulations, -0.52, -0.53, and -0.53. Above the 30th percentile, there is
evidence of widespread manager skill sufficient to cover costs missed in the expense ratio,
since the average of t(«) estimates from simulations are much smaller than those on
actual returns for all AUM groups. Furthermore, as shown in Table results using the

4F-CAPM are similar to those using the 3F-CAPM.

4.5.2.3 Interpretation of Likelihoods

By comparing the percentiles of actual t(«) estimates on fund returns to those of the
simulated averages, we can conclude that when returns are measured before all costs
(net returns), there is strong evidence of unskilled managers whose actions result in
negative alphas, and weak evidence of skilled managers located above the 90" percentile.
When returns are measured before expenses, the results are more promising. More fund
managers are found to be able to cover the costs that are not included in the expense
ratios, showing evidence of skill above the 30th percentile. Table also shows the

likelihoods, to be specific, the percentage of actual ¢(«) estimates on fund returns larger
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than the 10,000 simulation runs at the selected percentiles. These likelihoods offer a more
intuitive way for us to judge whether percentiles of actual ¢(«) estimates on fund returns
are extreme compared with the averages from simulations.

Following F&F’s argument, if large fractions of the percentiles of ¢(«) estimates in the
left tail in the 10,000 simulation runs are larger than those produced using actual fund
returns, or low fractions of the percentiles of ¢(«) estimates in the right tail for the actual
returns are larger than those in the simulation runs, we say that there are some unskilled
managers that lack sufficient skill to cover costs. For the right tail percentiles, we infer
that some managers are skilled, i.e. are able to generate expected returns that beat the
benchmarks if large fractions of the percentiles of ¢(a) estimates on actual returns are
larger than those from the simulation runs.

From the likelihoods on net returns, we confirm that few percentiles of ¢(«) estimates
on actual returns are able to exceed those from simulation runs for the left tail; hence,
a large group of fund managers present negative skill that cannot cover the costs. The
likelihoods are extreme at the very right tail percentiles for all AUM groups, suggesting
strong evidence of positive skill. For example, for the $5 million AUM group, the 3F-
CAPM t(«) estimates for actual returns are larger than those from simulations in more
than 80% of the net return simulation runs above the 90" percentile. For the 99
percentile, 99.74%, 98.33% and 90.55% of the ¢(«) estimates from the 10,000 simulation
runs are smaller than those from actual returns for the $5 million, $250 million, and $1
billion AUM group. We also observe a slight drop of likelihoods when we switch to the
4F-CAPM.

When returns are measured before expenses, recall that the examination of manager

skill on gross returns asks whether managers have sufficient skill to cover the part of costs
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missed in the expense ratios, mainly transaction costs. The likelihoods for tests on gross
returns are more promising compared with those on net returns. For all AUM groups,
the fractions of the 3F-CAPM t(«) estimates on actual returns larger than those from the
simulation runs are more than 90% for percentiles that are above the 70*". For example,
at the 70" percentile, the 3F-CAPM actual t(a) estimates for gross returns, for the $5
million, $250 million, and $1 billion AUM group, are larger than those from simulation
runs at 96.98%, 94.82%, 92.7% respectively. Furthermore, adding a momentum factor to
the model only leads to trivial effects on the results.

Overall, the likelihoods suggest that most funds show sufficient skill to produce pos-
itive alphas when returns are measured before expenses; however, the positive excess
returns are balanced out by the expenses, leaving only a small group of fund managers
who have enough skill to cover all costs. Our results also indicate that there is a signif-
icant subgroup of unskilled managers, which makes it puzzling that investors continue
to invest in those underperforming funds. As suggested in the literature, some investors
are unsophisticated or constrained to unskilled funds, or disadvantaged to move to other
funds due to taxes (Gruber, 1996; |Christoffersen and Musto, [2002; Elton et al., 2006,

2007).

4.5.3 Time-varying vs. Time-invariant Parameters

By implementing the multi-regression model to address the time-variation in the param-
eters, we find evidence of skill in the net returns and strong evidence of a group of skilled
managers when returns are measured before expenses. To show that capturing time-
variation in the alpha and betas is important as it greatly affects the extreme right tail of

the CDF of actual ¢(«) estimates, we compare the above results using the multi-regression
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model with those obtained using the traditional 4F-CAPM.
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Table 4.4: Percentiles of Actual and Simulated #(«) Estimates: 1984 to 2015 (Time-varying vs. Time-invariant
Parameters)

This table This table shows values of actual (Act) ¢(«) estimates at selected percentiles (Pct) of the distribution of ¢(«) estimates for net and
gross returns. The table also shows the fractions of the actual ¢(«) estimates that are greater than the average values of ¢(«) estimates from
the 10000 simulation runs at selected percentiles (%>). Sim is the average value of t(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns jointly as a pair. The sample covers the period from January 1984 to March 2015. Results are
shown for the 4F-CAPM with time-invariant parameter and the multi-regression model with time-varying parameters, for the $5 million AUM
group. There are 5006 funds in the $5 million AUM group in our sample.

Time-invariant Time-varying Time-invariant Time-varying
parameters Parameters parameters Parameters

Pct  Act Sim %> Act Sim %> Act Sim %> Act Sim = %>
Net Returns Gross Returns

1 -3.79 -246 0.01 -4.15 -251 0.00 -2.99 -247 340 -3.43 -2.52 0.34
2 -3.26 -2.12  0.01 -3.62 -2.16 0.00 -2.53 -2.13 580 -2.96 -2.16 0.26
3 -2.99 -1.93 0.01 -3.33 -195 0.00 -2.32 -193 584 -2.69 -195 0.27
4 -2.8 -1.78 0.01 -3.12 -1.80 0.00 -2.11 -1.79 859 -2.46 -1.80 0.52
5 -2.71 -1.67 0.01 -297 -168 0.00 -1.99 -1.68 846 -2.31 -1.69 0.57

10 -223 -129 0.01 -244 -1.29 0.00 -1.54 -1.29 11.80 -1.77 -1.30 1.39
20 -1.68 -0.84 002 -1.80 -0.84 0.00 -093 -0.85 31.68 -1.14 -0.84 4.77
30 -1.24 -052 002 -1.32 -0.52 0.00 -0.53 -0.53 48.10 -0.66 -0.52 19.98
40 -091 -0.25 0.03 -0.95 -0.25 0.00 -0.22 -0.26 57.56 -0.27 -0.25 45.36
50 -0.61 -0.00 0.03 -0.59 0.00 0.00 0.09 -0.01 69.44 0.07 0.00 66.75
60 -0.32 025 004 -026 025 0.00 038 025 7757 041 0.25 83.38
70 0.01 052 009 012 052 031 071 052 8439 0.77 0.52 92.87
80 0.40 084 040 060 0.8 692 110 084 9030 1.29 0.84 98.89
90 1.00 129 6.57 138 1.30 6738 1.73 129 97.14 2.04 1.30 99.93

95 149 1.68 19.20 2.08 1.70 9532 226 1.68 98.61 270 1.70 99.98
96 1.62 1.80 22.14 229 1.82 9736 240 1.79 98.76 287 1.82 99.99
97 1.85 194 3798 251 197 9836 263 194 99.10 3.07 1.97 99.99
98 212 214 5018 279 218 9875 2.89 214 99.36 3.35 2.18 99.99
99 256 249 63.18 331 254 99.01 340 249 99.67v 389 254 99.94




45.3.1 Percentiles of t(a) Estimates

The percentiles of t(«) estimates on the actual returns and the average values of ¢(«) esti-
mates from the simulations, for model with time-varying parameters (the multi-regression
model) and that with time-invariant parameters (the 4F-CAPM) are shown in Table [4.4]
The top left block shows the percentiles of ¢(«) estimates based on Equation with
time-invariant regression parameters, and on net returns. The percentiles of #(«) esti-
mates using the multi-regression model with time-varying regression parameters described
in Section [4.3.2] are shown in the top right block. Table [4.4] also presents the percent-
age of actual t(«) estimates on fund returns that are larger than those from the 10,000
simulation runs at selected percentiles. The ¢(«) estimated with time-invariant and time-
varying parameters on gross returns are shown in the bottom right and left block. Since
the results using the 4F-CAPM and the 3F-CAPM are similar as shown in Section 4.5.2]
we only present results using the baseline model the 4F-CAPM here, and only for the $5
million AUM group. Percentiles of ¢(a) estimates for other AUM groups and using the
3F-CAPM, and the percentiles of t(«) estimates for different AUM groups based on the

4F-CAPM are shown in Table in Appendix {.B]

Net returns  As shown in Table[4.4] when we allow for time-varying regression parameters
on actual net returns, the dispersion of the CDF percentiles of actual t(«) estimates
increases. The first and 99" percentile of actual (a) estimates for regressions with time-
invariant parameters are -3.79 and 2.56, versus the corresponding actual ¢(«) estimates
for regressions with time-varying parameters, -4.15 and 3.31.

It should be noted that for the left tail, the percentiles of actual ¢(«) estimates for

regressions with time-varying parameters are not significantly different compared to those
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from regressions with time-invariant parameters. For example, the 10", 20" 30", 40"
and 50" percentiles of actual t(«) estimates for regressions with time-invariant param-
eters are -2.23, -1.68, -1.24, -0.91, and -0.61, and they are not very different from the
corresponding percentiles of ¢(«) estimates for regressions with time-varying parameters,
which are -2.44, -1.80, -1.32, -0.95, and -0.59. This is not surprising given that bad
performance persists no matter which model we use.

However, for the right tail, the percentiles of actual ¢(«) estimates for regressions with
time-varying parameters do differ from those based on regressions with time-invariant
parameters. For example, the 95, 96" 97 98" and 99" percentiles of actual ¢(«)
estimates for regressions with time-invariant parameters are 1.49, 1.62, 1.85, 2.12, and
2.56, and they are far smaller than the corresponding percentiles of ¢(«) estimates for
regressions with time-varying parameters, which are 2.08, 2.29, 2.51, 2.79, and 3.31.

If we look at the likelihoods, the fractions of actual ¢(«) estimates on net returns
that are larger than those from the simulation runs for the right tail percentiles, increase
dramatically when we switch from the traditional model to the multi-regression model
with time-varying parameters. For example, the likelihoods of 95, 96" 97" 98! and
99 percentiles of actual ¢(«) estimates on net returns that are larger than those in the
simulation runs based on regressions with time-varying parameters are 95.32%, 97.36%,
98.36%, 98.75%, and 99.01%, which are much larger than those using the traditional
model with time-invariant parameters: 19.20%, 22.14%, 37.98%, 50.18%, and 63.18%.
Therefore, we confirm that using the multi-regression model with time-varying parameters
allows us to better detect the existence of superior and inferior performance of mutual
fund managers, suggesting that is a group of skilled managers who can generate higher

expected returns relative to the passive benchmarks, net of all costs.
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Gross Returns  As shown in Table [£.4] using gross returns, when we allow the regression
slopes and intercept to be time-varying, the results are enhanced generally compared to
the model with time-invariant parameters. First, the dispersion of the percentiles of CDF
of actual t(a) estimates becomes larger when we account for time-varying parameters.
The 1% and 99" percentile of actual t(a) estimates for regressions with time-varying
parameters are -2.99 and 3.40, versus the corresponding ¢(«) estimates for regressions
with time-variant parameters, -3.43 and 3.89.

Second, the right tail percentiles of actual ¢(«) estimates are more extreme than the
average values from the simulations, which suggests the existence of skilled managers who
are able to deliver higher expected returns relative to the passive benchmarks. Third, the
likelihoods for the right tail percentiles are very close to 100%, which strongly supports
the argument that there are skilled managers distributed in the right tail percentiles.
Therefore, using the multi-regression model with time-varying parameters on gross re-
turns, we are more confident in concluding that there are skilled managers located in the

right tail percentiles who have enough skill to generate positive true a before expenses.

45.3.2 CDF Plots of t(«) Estimates

By implementing the multi-regression model with time-varying parameters, we find strong
evidence of skill on net and gross returns. To provide a more intuitive understanding of
the differences of results between using the 4F-CAPM and the multi-regression model,
we plot empirical CDFs of the t(«) estimates on both actual returns and averaged values
from simulations. Figure and Figure compare CDF plots of the cross-section #(«)
estimates of the multi-regression model with those from the 4F-CAPM:

Specifically, Figure shows the CDF plots for both the cross-sectional actual ()
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Figure 4.1: Simulated, Actual CDF Plots of t(«) Estimates for Net Returns, for the
4F-CAPM and the Multi-regression Model
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Figure 4.2: Simulated, Actual CDF Plots of ¢(a) Estimates for Gross Returns, for the
4F-CAPM and the Multi-regression Model
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estimates on net returns and the averages from the simulations, for the 4F-CAPM and
the multi-regression model. Figure shows the comparison of CDFs on gross returns.

As shown in Figure [£.0], for net returns and for the 4F-CAPM, the distribution of
actual cross-section ¢(«) estimates is almost completely to the left of the distribution of
average t(a) estimates from simulations. Recall that the actual ¢(«) estimates represent
the “real world” that has both skill and luck so that the distribution of ¢(«) estimates is
in fact a mixed distribution of luck and skill. The simulated ¢(«) estimates capture the
“simulated world” where only luck exist and skill is set to zero, hence the distribution
of t(a) estimates is in fact a distribution of luck. The fact that the CDF of actual #(«)
estimates is to the left of CDF of simulated ¢(a) estimates implies the evidence of no
manager skill.

When the multi-regression model with time-varying parameters is used, the CDF of
actual t(«) estimates shifts rightwards, with part of its right tail moving to the right of
simulated t(a) estimates, from the 90th percentile. This implies that there are skilled
managers in the extreme right tail percentiles. The CDF of simulated ¢(«) estimates only
shifts a bit to the right, and this is not surprising given that in the simulations skill was
set to zero so that no manager was skilled. We observe that the ends of the tails using the
multi-regression model are fatter than those from the 4F-CAPM, indicating that more
extreme alphas, negative as well as positive, are generated.

As to gross returns based on the 4F-CAPM with time-invariant parameters, as shown
in Figure[4.2] the left tails of the CDF of actual ¢(a) estimates are to the left of the average
from the simulations, which suggests there are unskilled managers whose actions result
in negative true alphas relative to the benchmarks. The right tails of CDFs indicates

that there are a group of skilled managers who enhance expected returns to beat the
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benchmarks. When time-variation of regression parameters is taken into account, the
CDF of actual t(«) estimates shifts rightwards and the ends of the tails are fatter due to
more extreme alphas. Therefore, after time-variation of regression parameters is allowed
for in the multi-regression model, more skilled managers are found to have sufficient skill

to generate positive true alphas relative to the passive benchmarks.

454 Robustness Checks

By resampling the entire monthly returns for all funds together, the simulations are able to
capture the fact that returns might be correlated across funds. Jointly sampling fund and
explanatory returns implicitly treats the regressors as random, thus the functional form
of regression model fit to the data does not have to be correct. However, by resampling
months in a simulation run, any effect of autocorrelation is lost. Therefore, we turn to
block bootstrap to control for autocorrelation effect. Further details on different bootstrap
methods are discussed in Chapter [6] Section [6.4

To perform a block bootstrap, we divide the data series into several blocks, hence the
original time series structure within a block can be preserved. The difficulty here is to
determine the optimal length of blocks given that the optimal block size depends on the
context in applications. Here we choose a block length equal to Ts proposed by |[Hall
et al| (1995). [}

We sample with replacement from blocks of fund and factor returns and combine them
to form the bootstrapped time series. Then we fit Equation to this bootstrapped time
series to get a cross-section of ¢(«) estimates that can be then ordered into a CDF. The

entire process was repeated 10,000 times, so that we have the average values of #(«)

3Details of how to implement the block bootstrap for our data are shown in Chapter [6] Section
and further details are documented in |Efron and Tibshirani| (1994)) (cf. page 99-102).
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estimates across the 10,000 simulation runs at the selected percentiles. It should be
noted that we still set true a to zero in the simulation by subtracting the alpha estimates
from funds’ monthly returns. The results of block bootstrap are shown in Table in
Appendix [4.B] Generally, the results are not significantly different from those obtained
from our baseline bootstrap described in Section[4.4] This is consistent with the results of
KTWW and BSW, who find that estimates of statistics from block bootstrap are almost
identical to those using the baseline bootstrap. Therefore, it seems safe to conclude that

autocorrelation effect is only a minor issue in this study.

4.6 |Fama and French (2010)

The closest precursor study to ours is F&F. They used a bootstrap technique that jointly
resamples from monthly returns and factor returns for all funds simultaneously for the
period of January, 1984 to September, 2006. Their results lead to a pessimistic assessment
regarding the existence of manager skill. Specifically, by comparing the percentiles of
actual t(«) estimates with those of simulation runs, they argue that few funds show
sufficient skill to cover all costs and that there is evidence of skill, positive as well as
negative, when returns are measured on gross returns. Specifically, using the 4F-CAPM,
their results show that the t(a) estimates for simulations are larger than those on net
returns of funds in the $5 million AUM group for all percentiles. Their actual ¢(«)
estimates for gross returns of funds are above those from the simulations runs only for the
extreme right tail percentiles. However, they perform all their tests under the assumption
that regression parameters are time-invariant and they indeed point out this limitation of

their research as quoted (cf. F&F, p.1925): “Capturing time variation in the regression
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slopes poses thorny problems, and we leave this potentially important issue for future
research.”

Our study aims to address this time variation issue, the relevance of which is confirmed
by our change point test results. We argue that prior results based on the traditional mod-
els are biased and the failure to account for time-variation in the regression parameters
biases the inferences of F&F towards more pessimistic conclusions. To test this hypothe-
sis, we estimate fund alphas using (i) the multi-regression model framework described in
this study, and (ii) the 4F-CAPM used in F&F over their sample period January, 1984 to
September, 2006. There are 3174 funds during this period in the $5 million AUM bound
group. We perform the change point tests on this sample to obtain the estimated dates

of the change points in the regression parameters. Results of the change point test are

shown in Table and Table (4.6

4.6.1 Results of Change Point Tests

To summarize, around 17% of the funds in the sample have at least one parameter
change. Based on the estimated dates of changes in the alpha and betas, we follow the
methodology described in Section to build the multi-regression model to estimate

fund alphas and that described in Section to perform simulations.
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Table 4.5: Summary of Results on Tests for Change Points in the Slopes and the Intercept:
1984 to 2006 (4F-CAPM)

Forward tests Backward tests
First test

st  2nd  3rd st  2nd  3rd
Number of funds
Change in intercept & slopes 233 16 1 0 4 0 0
Change in slopes 130 25 0 0 22 1 0
Change in intercept 164 49 3 0 26 12 3
No change 2647 3084 3170 3174 3122 3161 3171
Proportions
Change in intercept & slopes 7.3 0.5 0.0 0.0 0.1 0.0 0.0
Change in slopes 4.1 0.8 0.0 0.0 0.7 0.0 0.0
Change in intercept 5.2 1.5 0.1 0.0 0.8 0.4 0.1
No change 83.4 97.2 99.9 100.0 984 99.6 99.9

Table 4.6: Statistics on Different Cases of Combinations of Change Points: 1984 to 2006
(4F-CAPM)

Different cases of combinations Number of funds Percentage (%)
No change 2555 80.50
1 change in both s and « 229 7.21
1 change in 8s and no change in « 149 4.69
1 change in « and no change in (s 190 5.99
2 changes in f#s and no change in « 4 0.01
2 changes in fs and 1 change in « 4 0.01
2 changes in s and 2 changes in « D 0.01
1 change in s and 2 changes in « 23 0.07
0 change in s and 2 changes in « 13 0.04

3 changes in s and 0 change in «
3 changes in s and 1 change in «
3 changes in s and 2 changes in «
3 changes in s and 3 change in «
2 changes in s and 3 changes in «
1 change in f#s and 3 changes in «
0 change in s and 3 changes in «

S O = = O o O
O OO O o oo
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4.6.2 Results of the Simulations

4.6.2.1 Net Returns

The upper block of Table [4.7] shows the results for net returns, for our multi-regression
model and the 4F-CAPM. E| The lower block shows results on gross returns. For regres-
sion results on net returns, when the alpha and betas are assumed to be constant, the
left tail percentiles of actual ¢(«) estimates on net returns are much smaller than the
corresponding average values from the simulations. Actual ¢(«) estimates on net returns
becomes positive only after the 70" percentile, and the actual #(«) estimates on net re-
turns are always smaller than the average values from the simulations for all percentiles.
This suggests that there is no evidence of widespread skill net of all costs, especially for
the left tail percentiles. Furthermore, the likelihoods for net returns confirm the fact that
most managers do not have sufficient skill to cover costs. Below the 90" percentile, the
actual t(«) estimates on net returns are larger than those from the simulation runs in
less than 1.00% of the 10,000 simulation runs. All these results so far are consistent with

those of F&F.

4Results on the other AUM groups, and based on multi-regression model and the 3F-CAPM are
shown in Appendix
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Table 4.7: Percentiles of Actual and Simulated #(«) Estimates: 1984 to 2006 (Time-invariant vs. Time-varying
Parameters)

This table shows values of actual (Act) t(a) estimates at selected percentiles (Pct) of the distribution of ¢(«) estimates for net and gross returns.
The table also shows the fractions of the actual t(«) estimates that are greater than the average values of t(«) estimates from the 10000 simulation
runs at selected percentiles (%>). Sim is the average value of t(«) at the selected percentiles from the simulations. We bootstrap by resampling
fund and factor returns jointly as a pair. The sample covers the period from January 1984 to September 2006 and there are 3174 funds in the
sample. Results are shown for the 4F-CAPM and the multi-regression model with change points.

Time-invariant Time-varying Time-invariant Time-varying
parameters parameters parameters parameters
Pct  Act Sim %> Act Sim %> Act Sim %> Act Sim %>
Net Returns Gross Returns
1 -4.00 -2.44 0.00 -434 -244 0.00 -3.23 -244 0.96 -3.52 -244 0.17
2 -3.49 -2.11 0.01 -3.80 -2.11 0.00 -2.73 -2.10 1.71 -3.14 -2.10 0.13
3 -3.18 -1.91 0.01 -3.44 -191 0.00 -2.46 -1.91 243 -2.75 -1.91 0.35
4 -2.95 -1.7r 0.01 -3.20 -1.77 0.00 -2.26 -1.76 3.17 -2.55 -1.76  0.46
5 -2.77 -166 0.03 -2.99 -1.66 0.00 -2.10 -1.65 429 -2.37 -1.65 0.60

10 -227 -128 0.01 -242 -1.28 0.01 -1.62 -1.27r 6.50 -1.79 -1.27 1.77
20 -168 -0.83 0.01 -1.77 -0.83 0.01 -1.05 -0.82 13.76 -1.19 -0.82 4.49
30 -1.24 -0.51 0.02 -1.33 -0.51 0.01 -0.62 -0.50 26.30 -0.74 -0.50 12.58
40 -0.88 -0.24 0.06 -0.93 -0.24 0.02 -0.28 -0.23 40.21 -0.38 -0.23 22.51
50 -0.59 0.01 0.08 -0.60 0.01 0.06 0.00 0.02 46.03 -0.04 0.02 38.80
60 -0.31 026 008 -0.26 0.26 0.17 029 0.27 56.39 031 0.27 59.04
70 0.00 053 018 011 053 084 063 054 6831 0.68 0.54 76.70
80 041 086 079 062 0.8 1315 1.01 086 7705 1.18 0.86 91.95
90 1.02 131 989 147 131 7553 157 132 8592 193 1.32 98.79

95 1.50 170 2271 221 1.70 96.11 2.05 1.70 90.77 2.63 1.70 99.78
96 1.61 182 2328 237 182 96.79 220 1.82 91.95 2.80 1.82 99.81
97 1.83 196 3338 259 196 97.65 238 197 9248 294 197 99.70
98 210 216 4392 282 216 9758 2,62 217 9338 3.30 2.17 99.85
99 245 251 4475 340 251 9883 299 252 9245 3.82 2.52 99.89




As shown in Table [£.7 when we allow for time-varying parameters, the dispersion of
the CDF of actual ¢(«) estimates increases. The first and 99" percentile of actual ¢(«)
estimates for regressions with time-invariant parameters are -4.00 and 2.45, versus the
corresponding actual t(«) estimates for regressions with time-varying parameters, -4.34
and 3.40. For the right tail percentiles, the actual t(«) estimates for regressions with
time-varying parameters do differ from those based on regressions with time-invariant
parameters. For example, the 95, 96" 97 98" and 99" percentiles of actual ¢(«)
estimates for regressions with time-invariant parameters, 1.50, 1.61, 1.83, 2.10, and 2.45,
are far smaller than the corresponding percentiles of ¢(«) estimates for regressions with
time-varying parameters, 2.21, 2.37, 2.59, 2.82, and 3.40.

If we look at the likelihoods, the fractions of ¢(«) estimates on actual net returns
are larger than those from the simulation runs for the right tail percentiles, which in-
crease dramatically when we switch from regressions with time-invariant parameters to
time-varying parameters. For example, the likelihoods of 95, 96", 97" 98" and 99"
percentiles of actual ¢(«) estimates on net returns based on regressions with time-varying
parameters are larger than those in the simulation runs, 96.11%, 96.79%, 97.65%, 97.58%,
and 98.83%, which are much greater than those with time-invariant parameters, 22.71%,
23.28%, 33.38%, 43.92%, and 44.75%. This confirms our argument that allowing for time-
variation in the regression parameters produces more positive alpha estimates net of all

costs compared to those using the traditional model with time-invariant parameters.

4.6.2.2 Gross Returns

As for the gross returns, as shown in Table [4.7] when regression slopes and intercept

are assumed to be constant, the dispersion of the CDF of actual ¢(«) estimates on gross
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returns decreases compared to that on net returns. The left tail percentiles of actual #(«)
estimates on gross returns are still to the left of the corresponding average values from the
simulations, which suggests that there are unskilled managers who generate negative true
a relative to the benchmarks. In contrast, the right tail percentiles suggest that there are
skilled managers whose actions lead to positive true « relative to the benchmarks given
that the right tail percentiles of actual t(«) estimates on gross returns are greater than
those average values from simulations. Therefore, in terms of gross returns, there are a
few skilled managers with sufficient skill to more than just cover costs missed in expense
ratios, which is also consistent with F&F.

When we allow the regression parameters to be time-varying, the results become
even more promising generally. First, the dispersion of the CDF of actual t(«) estimates
becomes larger when we account for time-varying parameters. The fist and 99" percentile
of actual t(«) estimates for regressions with time-varying parameters are -3.52 and 3.82,
versus the corresponding ¢(a) estimates for regressions with time-invariant parameters,
-3.23 and 2.99.

If we turn to the likelihoods, for the right tail percentiles, likelihoods are very close
to 100%, which strongly support the argument that there are outperforming managers
distributed in the right tail percentiles. For example, the 97", 98¢ and 99*" percentile
of actual t(«) estimates, 2.94, 3.30, and 3.82; all exceed in more than 99% of the corre-
sponding ¢(«) estimates from the 10,000 simulation runs. Therefore, using the model with
time-varying parameters on gross returns, we are more confident in concluding that there
are skilled managers distributed in the right tail percentiles who indeed have enough skill
to generate positive true a. Generally, after accounting for time-variation in the alpha

and betas, we are able to challenge several of F&F’s results. Importantly, we argue that
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there is strong evidence of manager skill for both net and gross returns, whereas F&F

only confirm the weak evidence of skill for gross returns.

4.7 Conclusions

Whether there is a group of skilled and unskilled fund managers is an interesting research
topic that has been repeatedly examined over the past 50 years. Given the existing
controversies in the literature, we revisited this issue using monthly return data of a rich
sample of 5006 mutual funds obtained from CRSP, and estimated the alpha of individual
funds to infer the existence of skilled and unskilled fund managers. In order to distinguish
skill from luck, we follow F&F’s approach by constructing two sets of world using a
bootstrap technique. Furthermore, to capture time-variation in the regression parameters
in the baseline models, which was considered as a “thorny” problem in F&F, we conducted
a non-parametric test to detect and to estimate the date of changes in both the alpha
and betas for each fund in the sample.

Our results show that around 17% of the total funds in the sample have at least one
parameter change. We then build a multi-regression model, which estimates fund alphas
using separate regressions on the subsamples of return series divided according to the
estimated dates of the changes. Generally, after allowing for time-varying parameters
in the regressions, the cross-sectional distribution of ¢(«) estimates shifts rightwards for
both net returns and gross returns, which suggests more evidence of manager skill than
previously documented in the literature.

Specifically, for net returns, there are skilled fund managers located in the right tail
above the 90 percentile. For gross returns, the percentiles of actual t(a) estimates are

larger than those from the simulations in more than 70% of simulation runs for the whole
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right tail, especially for those above the 90th, which shows that the percentiles of actual
t(«) estimates are larger than those average simulated values in more than 99% of 10,000
simulation runs. Using the multi-regression model with time-varying parameters, we are
able to challenge several of F&F’s results, showing in particular that the pessimistic results
of F&F are mainly due to the fact that they assume the parameters in the regression model
are time-invariant. Hence, after correcting for this, we confirm that there is a group of
U.S. actively managed mutual fund managers who outperform those passively managed
funds.

There are two main reasons why we think the multi-regression model outperforms the
existing models: first, funds may change managers throughout its entire history, after
allowing for discrete changes in fund alphas, the part of history when a fund performs
relatively well is separated from the period when it performs badly, so that outperfor-
mance of managers will not be balanced out by the underperformance of managers prior
to or after the replacement of managers; second, investors’ capital inflows to mutual funds
can be competitive so that time-varying regression parameters can capture the outperfor-
mance of managers over the short run before investors compete away their performance
with capital inflows. By treating each subsample as a separate “fund” record, our multi-
regression model works well in the simulations, and hence has wide applications in finance

issues where both luck and time-variation need to be controlled for.
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Appendix 4.A Details on the Construction and Derivation of the

Test for Change Points

We use the test for change points proposed by [Pouliot| (2016)). To construct the test,
first, he assumes a random sample {(Y;, X;)}7_, that satisfies the equation below with an

unknown break in parameters at time t*:
aM + XBM +ogy, 1<t <7,
Y, = (4.6)

a® + Xtﬁ(z) +og, "<t T,

where the &;s should be independent and identically distributed (iid) random variables

which satisfy the following moment conditions:
ee=0,el=1and |g|* < o0, t=1,...,T. (4.7)

It should be noted that equation (4.6)) can be expressed in a way that the terms ()
and B® are K x 1 parameter vectors, X, is a 1 x K vector of explanatory variables.
He assumes that all components of X; and the dependent variable Y; are stationary.
However, non-stationary Y; and X; are also allowed as long as the non-stationary variables
in (4.6]) are co-integrated. This assumption is mainly satisfied in order to assure the weak
convergence of results.

In Specific, to detect parameter instability, the null hypothesis is:

HO : t* Z T
versus the alternative hypothesis of having at-most-one change in regression slopes or
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intercept:

Hllgt*<T

Under the alternative hypothesis of a break in either intercept or slope parameters, he
assumes that at least o)) # o® or g1 £ B2,

The discussion of rest of the test is divided into two scenarios: i) when parameters in
are known and ii) when parameters are unknown. Apparently, the latter should be
the more realistic setting, however, given that the asymptotic distributions of their test
statistics are easier to establish under assumption i), we mainly show the derivations of
scenario i) here for brevity. It can be proved that the statistics derived under assumption

i) are asymptotically equivalent to the those derived under assumption ii).

4.A.1 Parameters Known

For the main test, it builds a process originated from a U-statistic (Csorgd and Horvath

(1988)). He defines process Mp(7) to be a function of 7 where 7 € (0, 1), such that

(T+1)7 T
Mp(r) = T772¢ > (Vi —aW =X, = 7> (v, — oV = X,81)% b .(4.8)
t=1 t=1

The above process can be interpreted as comparing the variance before a change in pa-
rameters to the variance after a change in parameters. The interest here is how large this
process is across the interval of 7, and to suggest that the variance before is significantly

different from the variance after. A suitable functional to achieve that is the supreme,
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which results in the test statistic:

sup |Mr(T)]. (4.9)

0<r<1

A useful by-product of this statistic is that it indirectly produces an estimate of the break
point 7% as well. |Gombay| (1996]) prove the convergence to the supreme of a Brownian
bridge of this statistic. However, this statistic is not able to distinguish between rejections
in the intercept and the slopes. Therefore, he constructs two auxiliary U-statistic type

processes to tackle this issue:

(T+1)7 T
M}A) (r) = T2 Z (Y; — o= X,80)* — 7 Z(Yt —a—=X,8")* b (4.10)
t=1 t=1
(T+1)r T
MP(r) = T2 Z (Y; — X, 8) — TZ(Yt - X,08) }, (4.11)
t=1 t=1
where in M;A)(T) set
al <t
(8% e
a®, t>¢r
and in M:(FB) (1) set
B, <t
ﬁ =
BR, t>t*

where the first statistic is sensitive to a one-time change in B! while remains robust to
any possible changes in the intercept. The second is sensitive to a one-time change in

the intercept while remains robust to possible changes in slopes. To enhance the power
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of this test so that a break at any time can be detected, the following test statistics are
built:

M(i)
o (D)

0<r<1 q(T) ’ <4.12)

for i = A, B,, where ¢(7) is a weight function designed to improve the test for detecting
any changes in parameters that occur within the sample. While other similar tests for
change points only have power in a compact range within (0, 1), this test can be used
to detect changes over the whole (0,1) range, in particular, those changes close to the
beginning or end of the sample period. In order to achieve that, ¢(7) should satisfy the

following two assumptions:

A.1: The function ¢(-) defined on (0,1) is such that infs<,<1_5g(7) > 0 for all 7 € (0, 1)

and 0 € (0,1/2).
1 1 _ CQQ(T)
A.2: I(q,c) = [, Ty exp 0= dr < oo for some constant ¢ > 0.

And the weight function is given by:
(1) = q(r;v) == {(r(1 = 7))"; 0<v <1/2}. (4.13)

This kind of functions satisfies A.1 and A.2 for all ¢ > 0, and can be sensitive to a
change in parameters of linear regression models that occurs near the beginning or end
of the sample period. The derivation of the asymptotic distribution of these processes in
are shown below: under H,, if the process satisfies the conditions detailed in
(4.6) and g(7) satisfies A.1 and A.2, then as T" — oo, the following two statements can

be proved:
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(¢) If in A.2 the integral holds for all ¢ > 0 rather than for some ¢ > 0, a sequence of

Brownian bridges {Br(7)} can be constructed such that the following result holds:

‘ A%i) Méj)(-r)

—Br (7t
up "l op(a):

0<r<1 a(7)

(é7) and if in A.2 the integral holds for some ¢ > 0 rather than for all ¢ > 0, then a
sequence of Brownian bridges {Br(7)} can be constructed such that the following

result holds:

| M ()] b |B(7)]
sup —_— s
0<r<1 Q(T) 0<r<1 q(T)

where AW = 0%\ /Var(e?), A®) = ¢ and Br(t) := W\(/?) — TW\};). The proof of

this can be found in OP, page 7.

Interest here centers on a bivariate process derived from the two processes given in (|4.10))
and (4.11)). Under Hy, if the process (4.6) satisfies conditions detailed in (4.7)) and ¢(7)

satisfies A.2 for all ¢ > 0, then as T"— oo, it can be shown that:

1 1M () 1BA) (7)]
oS<uI<)1 A () D Oiugl a(m)
T . N T , (4.14)
sup L) sup [pBA (1) + (1-p2)1/2BB) (1)
0<T<1A(B> a(7) 0<r<1 a(7)

with 3 representing convergence in distribution and B“) (1) and B®)(7) denoting two

Bef]

(1)

= . Detailed proof can be found
ar 51

independent copies of Brownian bridges and p =
in [Pouliot| (2016).

These distributions are based on unknown parameters, i.e. the variance, skewness and

kurtosis of the error terms. Given the symmetry of the distribution of the residuals of the
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regression model, when p = 0E| the bivariate process in (4.14)) converges in distribution to
two independent copies of a weighted Brownian bridge. In this case the test for parameter
changes in either intercept or slopes is equivalent to comparing the test statistics in (4.10))
and with the critical values at a v significance level b,, which can be derived
from the corresponding tabulated asymptotic distribution. For example, if the following

condition is satisfied:

V) B
[ My (7)] > b, > sup (13)\ T (T)I7
q(7) 0ere1d q(7)

then only the slope parameter has changed. If, however, the condition:

(A) (B)
1 |Mz (1)l 1Mz (7l
zw S e > by and 3= > by

is satisfied, then both intercept and slope have changes. Finally, if the critical value, at
a v significance level, is greater than both statistics, then null hypothesis of no change
points in the model can be rejected.

This test also considers the case when the residuals are asymmetrically distributed.
In this case, given the dependence of the two processes, it is difficult to construct the
relevant asymptotic critical values. Therefore, the test reformulates the statistics such

that, under the same assumptions illustrated before, as T" — oo,

1 M) BA) ()]
SUP X ) S o
o IM(7)] - BB (r)] (4.15)
su T sup ——
0<TI<)1 q(‘r) 0<T121 q('r)

where M(7) = —p((1—p2)o*Var(2)) 2 MV (7) + (1—p?)o?) "2 MSP) (7). This bivariate

process and its corresponding asymptotic theory allow this test to build two different test

®p = 0 if and only if the distribution of the residuals in our regression (??) is symmetrically distributed
around zero.
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statistics under the null hypothesis of no changes in parameters of the model given by
equation (?7). The statistic in the first row of this bivariate process detailed in
remains fixed given a change in «, i.e. it remains robust to a change in the intercept. The
second test statistic, however, will be sensitive to both changes in slopes and intercept,

so that a joint hypothesis can be developed:

Hy: oW =a® and gV = g@. (4.16)

The alternative hypothesis in our joint test implies a change in at least one parameter,
either o or 3. A value of the test statistic greater than b, implies the rejection of Hy.
This test can be considered as a simultaneous test because it runs simultaneously on the
two test statistics in equation . The statistic in the first row of this vector tests the
null hypothesis Hygope : B = B2, while the test statistic in the second row tests the
null hypothesis Hy. Therefore, this simultaneous test is proved to be more informative
than those traditional tests for changes in parameters since it gives information on which
parameter has changed: whether o or 3. As a test for changes in the parameters, it has
one drawback. If there is a change in 3, it is no longer clear on a possible change in a.
However, this does not weaken the power of this test in our context since we consider a
change in « also happened in this case in our test. Thus, if in fact there is no change in «,
and we split the sample into two subsamples and run regressions separately, it does not
hurt since these two regressions on two subsamples will just give us identical o estimates.

Let us explore further possible outcomes of this test. It is possible, though unlikely,

that
IM(7)] M (7)]
su > b, > su 417
S T T SR Am (4.17)
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In this case, we can conclude that there is one change in slope only and Hj is rejected.

If, however, the more likely case happens:

[M(7)]
b < sup ———
K 0<TI<)1 q(T)
MY
b o e L MO

0<r<1 A q(T)

then we reject Hy and conclude that there has been a change in « only. If, on the other

hand, we have:

IM(7)]
b, < sup ——+—
7 0<TI<)1 q(T)
M(A)
b'y < Sup | T (T)|

0<r<1 AW q(T)

then we can conclude that only a change in B has occurred. Here, the test is not clear
about a change in «. It is necessary to run an auxiliary test based on the statistic

M;B)(T) /q(7) to determine whether o has changed as well.

4.A.2 Parameters Unknown

The processes defined in and are based on unknown parameters. Ordinary
Least Squares (OLS) will produce consistent estimators of a; and 3; for i = 1, 2 under
Hy and H;. Let these sequences of estimators be denoted {&&9};0:1 and {B\g)}%ozl for
1 = 1, 2. When these sample estimates are replaced by population parameters, the

following slightly altered sequence of partial sum processes should occur:
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(T+1)7 T

M(r) = TN (Y, —ar - XiBr)? — 7Y _(Yi—ar — X,)*Br  (4.18)
t=1

(T+1)T T
MP (1) = T2 (Y, = XuBr) — 7> (Y, = XiBr) ¢ (4.19)
t=1 t=1
In ]/\Zj(wA)(T) set
_ ay), t<¥
ar =

~(2 >
Ot

and B\T = B§3 ) and in process ]\7}3) (1) set

a) T
N <
Br = ) R

o, >t

where #* is some consistent estimator of +*. One consistent estimator of ¢* that has been

widely used in the literature is defined as follows:

where the subscript LS denotes the least squares estimator of o and 3 using all T" obser-
vations. The asymptotic properties of this estimator have been proved by |Antoch et al.
(1995). They also prove the asymptotic properties of bootstrap approximation to this

distribution.
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Pouliot| (2016) also proves the asymptotic equivalence between test statistics based
on Mg) (1) and ones based on ]/\/[\¥) (1), for i = A, B. He proves that all properties built
regarding the processes M:(FZ ) (7) still hold for ]\7}’ )(7')7 for i = A, B, by replacing estimators
with the population parameters of the linear regression model. They also hold when
parameters p, o and Var(e?) are replaced by any sequence of consistent estimators. He
proves that if {ar}%_; and {BT}%":l are assumed to be sequences of consistent estimators
of the parameters in , then under the same conditions as before, the following can

be proved:
MOy — T
o M) = V()

0<r<1 q(T)

= OP(l),

for i = A, B, as T' — oo. Details of proof can be found in |Olmo et al|(2014), Lemma 2.1
page 11.

Furthermore, Pouliot| (2016)) discusses the asymptotic power of the test by Corollaries
3.1 and 3.2, which prove that tests based on these statistics are asymptotically consis-
tent. These statistics will detect changes in coefficients of the 4F-CAPM when at least

one of the parameters changes with a probability approaching one.
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Appendix 4.B  Additional Results on Change Point Tests and Sim-
ulations

This appendix shows the summary of results on change points, specifically Table
shows the summary of change points tests based on the 3F-CAPM for different AUM
groups from 1984 to 2015; Table shows the summary of change points tests based
on the 4F-CAPM for different AUM groups from 1984 to 2015; Table shows the
different combinations of change points scenarios based on the 3F-CAPM for different
AUM groups from 1984 to 2015; Table shows the different combinations of change
points scenarios based on 4F-CAPM for different AUM groups from 1984 to 2015.

This appendix also shows the simulation results, specifically, Table shows the
percentiles of the actual and simulated ¢(«) estimates for different AUM groups, using
the 3F-CAPM and the 4F-CAPM with time-invariant parameters and a dataset from
1984 to 2015; Table [4.13] shows the percentiles of the actual and simulated ¢(«) estimates
using the multi-regression model based on the 3F-CAPM and the 4F-CAPM, using a
block bootstrap method and a dataset from 1984 to 2015; Table shows the aggregate
performance of mutual funds based on a dataset from 1984 to 2006; Table shows the
percentiles of the actual and simulated ¢(«) estimates for different AUM groups, using
the 3F-CAPM and the 4F-CAPM with time-invariant parameters, using a dataset from
1984 to 2006; Table shows the percentiles of the actual and simulated (o) estimates
for different AUM groups, using the 3F-CAPM and the 4F-CAPM with time-invariant

parameters, using a block bootstrap and a dataset from 1984 to 2006.
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Table 4.8: Summary of Results on Tests for Change Points in the Slopes and the Intercept:
1984-2015 (3F-CAPM)

Forward tests Backward tests

$5 million AUM First test
1st 2nd 3rd 1st 2nd 3rd

Net returns

Number of funds

Change in intercept & slopes 364 53 5 1 6 0 0
Change in slopes 222 56 9 0 29 3 1
Change in intercept 336 117 17 3 34 6 3
No change 4084 4780 4975 5002 4937 4997 5002
Proportions

Change in intercept & slopes 7.3 1.1 0.1 0.0 0.1 0.0 0.0
Change in slopes 4.4 1.1 0.2 0.0 0.6 0.1 0.0
Change in intercept 6.7 2.3 0.3 0.0 0.7 0.1 0.0
No change 81.6 95.5 994 100.0 98.6 99.8 100.0

Gross returns

Number of funds

Change in intercept & slopes 370 52 3 0 8 0 0
Change in slopes 232 57 11 0 33 5 1
Change in intercept 339 114 19 2 38 6 3
No change 4065 4783 4973 5004 4927 4995 5002
Proportions
Change in intercept & slopes 7.4 1.0 0.1 0.0 0.2 0.0 0.0
Change in slopes 4.6 1.1 0.2 0.0 0.7 0.1 0.0
Change in intercept 6.8 2.3 0.4 0.0 0.8 0.1 0.0
No change 81.2 95.6 99.3 100.0 98.3 99.8 100.0
continued
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Table m — continued

$250 million AUM

_ Forward tests
First test

Backward tests

1st 2nd 3rd

1st 2nd 3rd

Net returns

Number of funds

Change in intercept & slopes 98 21 2 0 1 0 0
Change in slopes 74 15 2 0 12 1 0
Change in intercept 125 43 6 0 7 1 0
No change 2079 2297 2366 2376 2356 2374 2376
Proportions
Change in intercept & slopes 4.1 0.9 0.1 0.0 0.0 0.0 0.0
Change in slopes 3.1 0.6 0.1 0.0 0.5 0.0 0.0
Change in intercept 5.3 1.8 0.3 0.0 0.3 0.0 0.0
No change 87.5 96.7 99.5 100.0 99.2 100.0 100.0
Gross returns
Number of funds
Change in intercept & slopes 102 22 1 0 3 0 0
Change in slopes 77 16 2 0 12 1 0
Change in intercept 131 44 7 0 6 1 0
No change 2066 2294 2366 2376 2355 2374 2376
Proportions
Change in intercept & slopes 4.3 1.0 0.0 0.0 0.1 0.0 0.0
Change in slopes 3.2 0.7 0.1 0.0 0.5 0.0 0.0
Change in intercept 5.5 1.9 0.3 0.0 0.3 0.0 0.0
No change 87.0 96.4 99.6 100.0 99.1 100.0 100.0
continued
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Table m — continued

Forward tests

Backward tests

$1 billion AUM First test

1st  2nd 3rd 1st 2nd 3rd

Net returns
Number of funds
Change in intercept & slopes 42 6 1 0 1 0 0
Change in slopes 31 8 1 0 3 1 0
Change in intercept 46 17 3 0 0 0 0
No change 974 1062 1088 1093 1089 1092 1093
Proportions
Change in intercept & slopes 3.8 0.5 0.1 0.0 0.1 0.0 0.0
Change in slopes 2.8 0.7 0.1 0.0 0.3 0.1 0.0
Change in intercept 4.2 1.6 0.3 0.0 0.0 0.0 0.0
No change 89.2 97.2 99.5 100.0 99.6 99.9 100.0
Gross returns

Number of funds
Change in intercept & slopes 41 6 0 0 1 0 0
Change in slopes 35 10 2 0 5 1 0
Change in intercept 46 20 4 0 0 0 0
No change 971 1057 1087 1093 1087 1092 1093
Proportions
Change in intercept & slopes 3.8 0.5 0.0 0.0 0.1 0.0 0.0
Change in slopes 3.2 1.0 0.2 0.0 0.5 0.1 0.0
Change in intercept 4.2 1.8 0.4 0.0 0.0 0.0 0.0
No change 88.8 96.7 99.4 100.0 99.4 99.9 100.0
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Table 4.9: Summary of Results on Tests for Change Points in the Slopes and the Intercept
(4F-CAPM)-$250 Million Group & $1 Billion Group

Forward tests Backward tests

1st 2nd 3rd 1st 2nd 3rd

$250 million AUM First test

Net returns

Number of funds

Change in intercept & slopes 84 17 0 0 3 1 0
Change in slopes 56 12 6 1 8 0 0
Change in intercept 124 46 9 3 5 4 1
No change 2112 2301 2361 2372 2360 2371 2375
Proportions

Change in intercept & slopes 3.5 0.7 0.0 0.0 0.1 0.0 0.0
Change in slopes 24 0.5 0.3 0.0 0.3 0.0 0.0
Change in intercept 5.2 1.9 0.4 0.1 0.2 0.1 0.0
No change 88.9 96.9 993 999 99.4 99.9 100.0

Gross returns

Number of funds

Change in intercept & slopes 88 17 1 0 4 1 0
Change in slopes 57 15 5 1 9 0 0
Change in intercept 134 42 8 3 6 3 1
No change 2097 2302 2362 2372 2357 2372 2375
Proportions
Change in intercept & slopes 3.7 0.7 0.0 0.0 0.2 0.0 0.0
Change in slopes 24 0.6 0.2 0.0 0.4 0.0 0.0
Change in intercept 5.6 1.8 0.3 0.0 0.3 0.1 0.0
No change 88.3 96.9 99.5 100.0 99.1 99.9 100.0
continued
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Table |4_9| — continued

Forward tests

Backward tests

$1 billion AUM First test

1st 2nd 3rd 1st 2nd 3rd

Net returns
Number of funds
Change in intercept & slopes 35 5 0 0 0 0 0
Change in slopes 27 4 2 0 7 0 0
Change in intercept 49 13 3 2 4 0 0
No change 982 1071 1088 1091 1082 1093 1093
Proportions
Change in intercept & slopes 3.2 0.5 0.0 0.0 0.0 0.0 0.0
Change in slopes 2.5 0.4 0.1 0.0 0.6 0.0 0.0
Change in intercept 4.5 1.2 0.3 0.0 0.4 0.0 0.0
No change 89.8 97.9 99.6 100.0 99.0 100.0 100.0
Gross returns

Number of funds
Change in intercept & slopes 37 6 0 0 1 0 0
Change in slopes 25 6 2 0 7 0 0
Change in intercept 51 13 3 2 4 0 0
No change 980 1068 1088 1091 1081 1093 1093
Proportions
Change in intercept & slopes 3.3 0.5 0.0 0.0 0.1 0.0 0.0
Change in slopes 2.3 0.5 0.2 0.0 0.6 0.0 0.0
Change in intercept 4.7 1.2 0.3 0.0 0.4 0.0 0.0
No change 89.7 97.8 99.5 100.0 98.9 100.0 100.0
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Table 4.10: Statistics on Different Combinations of Change Points: 1984-2015 (3F-CAPM)

$5 million AUM group $250 million AUM group $1 billion AUM group

Different cases of combinations Net returns Gross returns Net returns Gross returns Net returns Gross returns

funds Pct(%) funds Pct(%) funds Pct(%) funds Pct(%) funds Pct(%) funds Pet(%)
Total number of funds 5006 2376 1093
No change 3929 78.5 3909 78.1 2036 85.7 2020 85.0 954 87.3 947 86.6
1 change in both #s and « 330 6.6 325 6.5 91 3.8 88 3.7 39 3.6 39 3.6
1 change in s and no change in « 217 4.3 229 4.6 66 2.8 70 2.9 30 2.7 35 3.2
1 change in o and no change in s 386 7.7 388 7.8 133 5.6 144 6.1 55 5.0 55 5.0
2 changes in s and no change in « 15 0.3 22 4.4 5 0.2 8 0.3 3 0.3 4 0.4
2 changes in Gs and 1 change in « 33 0.7 31 0.6 7 0.3 7 0.3 2 0.2 2 0.2
2 changes in s and 2 changes in « 21 0.4 24 0.5 11 0.5 14 0.6 5 0.5 5 0.5
1 change in s and 2 changes in « 41 0.8 45 0.9 10 0.4 9 0.4 5 0.5 5 0.5
0 change in fs and 2 changes in « 22 0.4 22 0.4 12 0.5 11 0.5 0 0.0 1 0.1
3 changes in Os and 0 change in « 1 0.0 1 0.0 1 0.0 1 0.0 0 0.0 0 0.0
3 changes in Os and 1 change in « 2 0.0 1 0.0 2 0.1 1 0.0 0 0.0 0 0.0
3 changes in s and 2 changes in « 1 0.0 0 0.0 1 0.0 0 0.0 0 0.0 0 0.0
3 changes in fs and 3 change in « 1 0.0 1 0.0 0 0.0 1 0.0 0 0.0 0 0.0
2 changes in Os and 3 changes in « 2 0.0 3 0.1 0 0.0 0 0.0 0 0.0 0 0.0
1 change in s and 3 changes in « 4 0.1 4 0.1 1 0.0 2 0.1 0 0.0 0 0.0
0 change in fs and 3 changes in « 1 0.0 1 0.0 0 0.0 0 0.0 0 0.0 0 0.0
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Table 4.11: Statistics on Different Cases of Combinations of Change Points: 1984 to 2015 (4F-CAPM)-$250 Million Group
& $1 Billion Group

$5 million AUM group $250 million AUM group $1 billion AUM group

Different cases of combinations Net returns Gross returns Net returns Gross returns Net returns Gross returns

funds Pct(%) funds Pect(%) funds Pct(%) funds Pect(%) funds Pct(%) funds Pet(%)
Total number of funds 5006 2376 1093
No change 3993 79.8 3979 79.5 2046 86.1 2035 85.6 961 79.8 958 87.6
1 change in both £s and « 270 5.4 283 5.7 85 3.6 89 3.7 33 5.4 33 3.0
1 change in fs and no change in « 212 4.2 196 4.0 58 2.4 58 2.4 33 4.2 31 2.8
1 change in « and no change in s 387 7.7 399 8.0 150 6.3 156 6.6 52 7.7 53 4.8
2 changes in s and no change in « 16 0.3 16 0.3 3 0.1 2 0.1 1 0.3 2 0.2
2 changes in fs and 1 change in « 21 0.4 21 0.4 ) 0.2 7 0.3 1 0.4 2 0.2
2 changes in fs and 2 changes in « 18 0.4 22 0.4 2 0.1 7 0.3 2 0.4 3 0.3
1 change in s and 2 changes in « 43 0.9 44 0.9 12 0.5 8 0.3 ) 0.9 ) 0.5
0 change in fs and 2 changes in « 34 0.7 31 0.6 10 0.4 10 0.4 4 0.7 ) 0.5
3 changes in #s and 0 change in « 1 0.0 1 0.0 1 0.0 1 0.0 0 0.0 0 0.0
3 changes in s and 1 change in « 0 0.0 1 0.0 1 0.0 1 0.0 0 0.0 0 0.0
3 changes in s and 2 changes in « 1 0.0 0 0.0 1 0.0 1 0.0 0 0.0 0 0.0
3 changes in s and 3 change in « 1 0.0 2 0.0 0 0.0 0 0.0 0 0.0 0 0.0
2 changes in Os and 3 changes in « 5 0.1 3 0.0 2 0.1 1 0.0 0 0.1 0 0.0
1 change in fs and 3 changes in « 4 0.1 7 0.1 0 0.0 0 0.0 1 0.1 1 0.1
0 change in s and 3 changes in « 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0




Table 4.12: Percentiles of Actual and Simulated t(«) Estimates: 1984 to 2015
(Model with Time-invariant Parameters)

The table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns jointly as a pair. The sample covers the period from
January 1984 to March 2015. Results are shown for the 3F-CAPM and the 4F-CAPM with time-invariant
parameters, for the $5 million, $250 million, and $1 billion AUM groups. There are 5006 funds in the $5
million group, 2376 funds in the $250 million group, and 1093 funds in the $1 billion group.

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>
3F-CAPM, Net Returns

1 -3.71 -2.40 0.02 -389 -245 017 -3.53 -251 1.64
2 -3.29 -2.09 0.01 -320 -212 018 -3.03 -2.14 0.97
3 -3.01 -190 0.00 -2.90 -1.92 0.18 -2.79 -1.94 0.65
4 -2.85 -1.77r 0.00 -2.78 -1.78 0.11 -256 -1.79 0.69
) -2.70 -1.66 0.00 -2.59 -1.67 0.12 -244 -1.68 0.49

10 -2.23 -1.28 0.00 -2.10 -1.29 0.10 -2.03 -1.29 0.24
20 -1.63 -0.84 0.00 -1.51 -0.84 0.16 -1.50 -0.84 0.19
30 -1.23 -053 0.03 -1.08 -0.52 037 -1.08 -0.53 0.35
40 -0.86 -0.26 0.07 -0.78 -0.25 0.28 -0.70 -0.26 0.94
50 -0.57 -0.01 0.09 -049 -0.00 030 -044 -0.01 0.69
60 -0.27v 024 015 -0.20 0.25 046 -0.18 0.24 0.60
70 0.07 051 034 010 052 093 013 051 1.09
80 046 083 148 049 083 316 057 083 8.64
90 1.00 127 751 1.06 128 1486 1.08 1.27 17.96

95 147 165 20.29 148 1.65 23.61 142 1.66 15.15
96 1.656 176 33.35 1.61 1.77 27.87 1.54 1.77 18.03
97 1.84 190 4224 1.8 191 3299 168 191 19.09
98 211 2.09 5749 208 209 5191 194 211 29.23
99 248 241 6443 246 241 61.14 232 246 36.55

continued
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Table |4.12| — continued

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>
4F-CAPM, Net Returns
1 -3.79  -2.46 0.01 -3.92 -2.54 0.40 -3.35 -2.65 6.11
2 -3.26 -2.12 0.01 -3.15 -2.16 031 -3.10 -2.21 147
3 -2.99 -1.93 0.01 -2.89 -1.95 0.23 -2.78 -1.99 1.10
4 -2.86 -1.78 0.01 -2.75 -1.80 0.14 -2.56 -1.83 1.00
5 -2.71 -1.67 001 -2.62 -1.69 0.14 -2.40 -1.71 1.03
10 -2.23 -1.29 0.01 -2.11 -1.30 0.10 -1.98 -1.31 0.45
20 -1.68 -0.84 0.02 -1.51 -0.84 0.26 -1.44 -0.85 0.51
30 -1.24 -0.52 0.02 -1.14 -0.52 0.18 -1.08 -0.53 0.41
40 -0.91 -0.25 0.03 -0.83 -0.25 0.19 -0.76 -0.25 0.45
50 -0.61 -0.00 0.03 -0.56 -0.00 0.15 -0.54 -0.00 0.17
60 -0.32 025 0.04 -0.26 025 023 -023 025 0.27
70 0.01 052 0.09 0.06 052 040 0.08 0.52 0.46
80 0.40 0.84 040 047 084 196 0.52 084 3.85
90 1.00 129 6.57 100 129 798 1.05 1.30 11.43
95 1.49 168 19.20 149 1.68 21.00 147 170 17.02
96 1.62 1.80 22.14 159 1.80 19.51 1.58 1.82 16.85
97 1.85 194 3798 1.74 195 2147 173 197 18.15
98 2.12 214 50.18 193 2.15 1996 191 2.19 16.66
99 2.56 249 63.18 237 251 34.67 223 260 15.33
3F-CAPM, Gross Returns
1 -2.90 -2.40 3.78 -2.88 -2.45 8.82 -2.64 -2.50 28.66
2 -2.52  -2.09 477 -2.42 -2.12 13.16 -2.41 -2.14 16.92
3 -2.28 -1.90 581 -2.20 -1.92 1343 -2.14 -1.94 21.42
4 212 -1.77 6.49 -2.05 -1.78 13.58 -1.96 -1.79 23.94
5 -2.00 -1.66 6.85 -1.94 -1.67 1271 -1.84 -1.68 23.98
10 -1.53 -1.28 11.61 -1.39 -1.29 30.20 -1.39 -1.29 29.88
20 -0.92 -0.84 31.60 -0.83 -0.84 49.31 -0.82 -0.84 51.75
30 -0.51 -0.52 50.99 -0.43 -0.53 67.22 -0.45 -0.53 63.89
40 -0.19 -0.26 64.45 -0.11 -0.26 78.05 -0.08 -0.26 85.26
50 0.13 -0.01 76.66 0.17 -0.01 83.62 0.16 -0.01 83.87
60 0.43 024 8528 0.45 0.24 86.99 0.43 0.24 85.85
70 0.75 0.51 90.15 0.76 0.51 89.86 0.73 0.51 88.82
80 1.14 0.83 93.48 1.13 0.83 92.17 1.12 0.83 92.49
90 1.72 128 96.94 168 1.27 9597 1.67 1.28 95.53
95 2.23 1.65 9850 220 1.65 98.03 2.09 1.66 94.99
96 238 1.76 9872 231 1.76 9777 218 1.77 93.76
97 2.55 190 9879 256 190 98.80 2.31 1.91 92.65
98 2.81 2.09 99.13 280 2.09 9885 2.65 2.12 95.68
99 3.26 241 9944 3.19 241 9883 3.05 247 94.59
continued
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Table |4.12| — continued

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>

4F-CAPM, Gross Returns

1 -2.99 -247 340 -2.79 -254 1931 -2.62 -2.66 45.39
2 -2.53 -2.13 580 -234 -2.16 2340 -2.27 -2.22 39.22
3 -2.32 -1.93 584 -2.13 -195 2279 -2.03 -2.00 40.46
4 -2.11 -1.79 859 -2.02 -1.80 1847 -190 -1.84 36.61
) -1.99 -1.68 846 -1.89 -1.68 1811 -1.72 -1.72 45.83

10 -154 -1.29 1180 -142 -1.29 26.81 -1.37 -1.31 37.35
20 -0.93 -0.85 31.68 -0.84 -0.84 47.58 -0.84 -0.85 51.20
30  -0.53 -0.53 48.10 -0.49 -0.52 54.74 -0.46 -0.53 64.64
40 -0.22 -0.26 5756 -0.19 -0.25 62.35 -0.15 -0.26 71.88
20 0.09 -0.01 6944 0.13 0.00 75.06 0.13 -0.01 78.78
60 038 0.25 7757 043 025 8235 040 0.25 81.59
70 0.71 0.52 84.39 073 052 8532 0.70 0.52 84.38
80 1.10 0.84 90.30 1.10 0.84 88.82 1.12 0.84 91.53
90 173 129 9714 1.68 130 94.38 1.68 1.30 94.39

95 226  1.68 98.61 219 168 97.08 214 1.70 94.99
96 240 1.79 9876 236 1.80 97.70 2.28 1.82 95.05
97 2.63 194 99.10 255 195 98.02 246 197 95.27
98 2.89 214 99.36 2.82 215 9828 259 219 90.69
99 3.40 249 99.67 3.19 252 9743 291 2.61 82.86
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Table 4.13: Percentiles of Actual and Simulated t(«) Estimates: 1984 to 2015
(Block Bootstrap with Time-varying Parameters)

This table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns as a pair. The sample covers the period from January
1984 to March 2015. Results are shown for the multi-regression model with time-varying parameters
based on the 3F-CAPM and the 4F-CAPM, for the $5 million, $250 million, and $1 billion AUM groups.
There are 5006 funds in the $5 million group, 2376 funds in the $250 million group, and 1093 funds in
the $1 billion group.

5 Million 250 Million 1 Billion
Pct Act Sim %< Act Sim %<  Act Sim %<

3F-CAPM with time-varying parameters, net returns

1 -4.04 -256 015 -4.04 -2.60 045 -3.81 -2.65 2.20
2 -3.62 -2.20 0.03 -3.56 -2.23 022 -338 -226 1.02
3 -3.35 -1.99 0.01 -3.31 -2.01 0.11 -3.16 -2.04 0.54
4 -3.13 -1.84 0.01 -3.03 -18 0.15 -3.01 -1.88 0.30
) -3.01 -1.72 0.00 -2.86 -1.73 0.14 -2.79 -1.75 0.32

10 -247 -1.32 0.00 -234 -1.33 0.07 -2.24 -1.33 0.17
20 -1.82 -0.85 0.00 -1.68 -0.86 0.06 -1.63 -0.86 0.12
30 -1.34 -0.53 0.00 -1.18 -0.54 0.16 -1.17 -0.54 0.14
40 -093 -0.26 0.00 -0.82 -0.26 0.22 -0.78 -0.26 0.32
50 -0.56 -0.01 0.00 -0.50 -0.01 037 -045 -0.01 0.72
60 -0.21 0.24 0.14 -0.17 024 094 -0.17 0.24 0.86
70 0.18 051 18 018 051 369 023 051 597
80 0.69 0.84 2409 069 083 2735 072 083 3144
90 1.52 130 84.14 140 1.29 70.46 1.37 1.29 65.48

95 223 1.70 96.66 2.09 169 9209 191 1.69 79.56
96 244 182 9784 226 181 9351 218 182 88.84
97 2.66 197 9827 250 195 9537 237 197 89.76
98 296 218 98.72 274 216 9540 2.64 2.18 90.92
99 3.42 254 98.66 3.14 251 9489 289 255 82.83

continued
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Table 4.13|— continued

5 Million 250 Million 1 Billion
Pct Act Sim %< Act Sim %< Act Sim %<
4F-CAPM with time-varying parameters, net returns
1 -4.15 -2.61 0.10 -4.15 -2.64 0.57 -3.48 -2.71 7.07
2 -3.62 -2.22  0.02 -349 -224 036 -3.26 -2.29 1.87
3 -3.33 -2.00 0.00 -3.20 -2.01 0.28 -3.11 -2.05 0.77
4 -3.12 -1.85 0.01 -2.97 -1.85 0.23 -2.87 -1.89 0.72
5 -297 -1.72 0.00 -2.83 -1.73 0.14 -2.65 -1.76 0.84
10 -244 -1.32 0.00 -2.27 -1.32 0.11 -2.17 -1.34 043
20 -1.80 -0.85 0.00 -1.64 -0.85 0.08 -1.59 -0.86 0.34
30 -1.32 -0.53 0.00 -1.24 -0.52 0.06 -1.21 -0.53 0.19
40  -0.95 -0.26 0.00 -0.88 -0.25 0.05 -0.82 -0.26 0.38
50  -0.59 -0.01 0.01 -0.58 0.00 0.08 -0.54 -0.01 0.32
60 -0.26 024 004 -023 024 036 -0.20 0.24 0.60
70 0.12 051 058 0.15 051 225 0.16 051 265
80 0.60 0.83 11.38 0.61 0.84 1476 0.70 0.84 27.94
90 1.38 1.30 66.85 1.34 1.30 59.51 1.32 1.31 55.85
95 208 1.70 9192 193 1.71 79.63 1.8 1.73 73.89
96 229 183 95.02 214 183 8574 199 185 71.33
97 251 1.99 96.26 237 199 89.01 222 2.02 76.88
98 279 220 96.58 2.54 221 8578 235 224 66.22
99 331 259 9741 288 260 80.95 280 2.66 68.09
3F-CAPM with time-varying parameters, gross returns
1 -3.34 -2.56  2.64 -3.22 -259 7.04 -3.05 -2.65 17.48
2 -2.98 -2.20 1.37 -2.88 -222 4.02 -2.64 -2.26 14.55
3 -2.72 -1.98 1.35 -2.64 -201 349 -250 -2.04 941
4 -2.50 -1.83 147 -241 -1.85 431 -2.28 -1.88 10.39
5 -2.36 -1.71 139 -2.25 -1.73 4.80 -2.13 -1.75 10.91
10 -183 -1.31 1.69 -1.70 -1.33 7.67 -1.60 -1.34 14.25
20 -1.15 -0.85 6.57 -1.03 -0.86 21.22 -1.00 -0.87 25.95
30 -0.65 -0.53 2285 -0.58 -0.54 39.62 -0.58 -0.54 39.54
40  -0.28 -0.25 4238 -0.19 -0.26 63.87 -0.16 -0.27 70.90
50 0.09 0.00 71.11 0.14 -0.01 79.32 0.13 -0.02 79.94
60 044 0.25 86.74 046 0.24 88.55 043 0.23 85.34
70 0.84 0.52 9553 082 051 93.64 0.77 0.50 90.71
80 1.35 0.84 98.82 1.29 0.83 9725 129 0.83 97.48
90 216 130 99.79 2.05 1.29 99.42 193 1.29 98.59
95 280 1.70 99.93 272 1.69 99.77 254 1.69 99.31
96 296 1.82 99.93 287 1.81 99.73 2.73 1.81 99.33
97 314 197 9991 3.00 196 99.63 2.87 1.97 99.17
98 343 218 99.91 322 216 99.47 3.14 2.18 99.08
99 3.95 253 9988 3.74 251 9949 341 254 97.12
continued
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Table 4.13|— continued

5 Million 250 Million 1 Billion

Pct Act Sim %< Act Sim %< Act Sim %<

4F-CAPM with time-varying parameters, gross returns

1 -3.43 -260 2.08 -3.27 -2.65 7.12 -3.09 -2.72 18.89
2 -296 -222 164 -286 -2.24 481 -2.63 -229 17.13
3 -2.69 -2.00 159 -248 -2.02 753 -2.39 -2.06 15.70
4 -246 -1.84 192 -228 -1.86 840 -2.20 -1.89 16.09
D -2.31 -1.72 188 -2.11 -1.73 9.46 -2.03 -1.76 17.58

10  -1.77 -1.31 3.15 -1.63 -1.32 10.29 -1.56 -1.34 19.04
20 -1.14 -0.85 780 -1.01 -0.85 21.31 -1.00 -0.86 25.35
30 -0.66 -0.52 2227 -0.61 -0.53 3241 -0.61 -0.53 33.26
40  -0.27 -0.25 4544 -0.26 -0.26 49.11 -0.21 -0.26 59.28
50 0.07 -0.01 66.49 0.08 -0.01 69.36 0.11 -0.01 73.90
60 0.41 024 82.09 044 024 8543 041 0.24 81.09
70 0.77 051 9162 080 0.51 91.90 0.75 0.52 87.32
80 1.29 0.83 98.05 1.25 0.83 96.21 123 084 95.11
90 204 130 99.71 201 1.30 99.18 1.92 1.32 98.01

95 270 1.71 99.89 2,60 1.70 9948 2,51 1.74 98.79
96 287 1.83 99.89 276 183 9947 259 1.86 98.06
97 3.07 199 9987 293 198 99.30 2.65 2.03 96.26
98 3.35 221 99.85 314 220 99.10 297 226 96.70
99 3.89 259 99.81 3.62 259 98.84 3.26 2.68 91.42
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Table 4.14:

Intercepts and Slopes in Variants of the CAPM for Equal-Weight (EW) and
Value-Weight (VW) Portfolios of Actively Managed Mutual Funds (1984-
2006)

This table provides the annualized intercepts (12*&) and t-statistics for the intercepts (¢(Coef)) for the
CAPM, the 3F-CAPM, and the 4F-CAPM estimated on an equal-weight (EW) and value-weight (VW)
portfolio, and on net and gross returns based on a panel of actively managed mutual funds that invest
mainly in equities. Regressions slopes (Bl, BQ, Bg, and 34) for the corresponding factors (RM — Rf,
SMB, HML, and MOM) are also shown in the table. It should be noted that for the market slope,
t(Coef) tests the null hypothesis that 8 is equal to 1. Net returns are returns reported in the CRSP
mutual fund database, and the gross returns are net returns plus 1/12% of a fund’s expense ratio at that
year end. When a fund’s expense ratio for a year is missing, we replace it with the expense ratio of the
fund that has the same investment style and has similar assets under management (AUM). As for those
funds with zero expense ratios, we manually check some of their annual reports and confirm that they
in fact have positive expense ratios. Hence, we treat zero expense ratios as missing values. Our sample
covers the period from January 1984 to September 2006. There are 1360 funds on average every month
and their average AUM is $705 million.

12%6 (%)

Net Gross Bl BQ Bg ,5’4 R?
VW Returns
CAPM Coef -1.02 -0.03 0.96 0.97
t(Coef) -2.14 -0.07 -4.58
3F-CAPM Coef -0.97 0.01 0.95 0.10 0.00 0.98
t(Coef) -2.25 0.03 -5.83 8.38 0.32
4F-CAPM Coef -1.08 -0.10 0.95 0.09 0.01 0.01 0.98
t(Coef) -2.45 -0.22 -5.60 8.25 0.41 1.17
EW Returns
CAPM Coef -1.00 0.39 0.96 0.95
t(Coef) -1.47 0.57 -3.11
3F-CAPM Coef -1.03 0.37 0.94 0.20 0.03 0.98
t(Coef) -2.04 0.73 -5.67 15.40 1.58
4F-CAPM Coef -1.03 0.37 0.94 0.20 0.03 0.00 0.98
t(Coef) -2.00 0.71 -5.60 15.31 1.57 0.02
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Table 4.15: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2006
(Model with Time-invariant parameters)

This table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns as a pair. The sample covers the period from January
1984 to September 2006. Results are shown for the 3F-CAPM and the 4F-CAPM, for the $5 million,
$250 million, and $1 billion AUM groups. There are 3174 funds in the $5 million group, 1466 funds in
the $250 million group, and 686 funds in the $1 billion group.

5 Million 250 Million 1 Billion

Pct Act Sim %> Act Sim %> Act Sim %>

3F-CAPM, Net Returns

1 -4.00 -2.39 0.01 -3.84 -243 035 -3.53 -2.51 2.27
2 -3.63 -2.08 0.01 -3.32 -2.10 0.20 -3.01 -2.12 1.27
3 -3.23 -1.90 0.01 -3.12 -1.90 0.12 -2.88 -1.92 0.51
4 -3.03 -1.76 0.02 -2.91 -1.76 0.12 -2.78 -1.78 0.23
5 -2.89 -1.65 0.02 -2.70 -1.65 0.15 -2.62 -1.66 0.27

10 -2.37 -1.28 0.02 -2.25 -1.28 0.11 -2.15 -1.28 0.23
20 -1.76 -0.84 0.01 -1.58 -0.84 0.12 -1.52 -0.83 0.24
30 -1.28 -0.52 0.02 -1.10 -0.52 0.32 -1.05 -0.52 0.55
40 -090 -0.25 0.02 -0.79 -0.25 0.29 -0.68 -0.25 1.13
50 -0.63 0.00 0.02 -0.50 0.00 030 -042 0.00 1.02
60 -0.2v 025 0.08 -0.19 025 0.79 -0.12 0.25 1.83
70 0.09 052 043 012 052 149 020 052 4.64
80 048 084 204 046 083 251 052 084 543
90 1.03 1.29 1134 098 1.28 891 1.04 1.28 15.20

95 1.53 1.67 31.84 139 1.66 14.29 1.42 1.67 18.50
96 1.656 178 3397 152 1.77 17.05 1.66 1.78 35.61
97 1.87 192 4696 1.71 191 23.80 1.78 193 34.56
98 2.15 210 61.17 192 211 2791 205 213 44.82
99 248 242 6196 223 244 2925 232 250 37.53

continued
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Table 4.15| — continued

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>
4F-CAPM, Net Returns
1 -4.00 -244 0.00 -3.98 -2.50 024 -3.63 -2.64 3.70
2 -3.49 -2.11  0.01 -3.24 -2.13 0.14 -3.13 -2.17 0.90
3 -3.18 -191 0.01 -296 -1.92 0.09 -270 -195 1.39
4 -295 -1.77 0.01 -273 -1.77 0.16 -2.59 -1.80 0.72
5 -2.77 -1.66 0.03 -259 -1.66 0.13 -243 -1.68 0.92
10 -2.27 -1.28 0.01 -2.11 -1.27 0.16 -1.95 -1.28 0.88
20 -1.68 -0.83 0.01 -1.47 -0.82 048 -1.43 -0.83 0.83
30 -1.24 -051 0.02 -1.08 -0.51 0.56 -1.01 -0.51 1.50
40 -0.88 -0.24 0.06 -0.77 -0.24 0.74 -0.71 -0.24 1.61
50 -0.59 0.01 0.08 -0.50 0.01 063 -0.39 0.01 259
60 -0.31 026 0.08 -0.22 026 085 -0.09 0.26 4.24
70 0.00 053 018 0.10 0.52 143 0.17 0.53 4.17
80 041 086 0.79 048 0.84 394 061 0.85 14.69
90 1.02 131 989 097 129 843 1.13 1.31 26.23
95 1.50 1.70 22.71 147 168 2274 159 1.70 37.11
96 1.61 1.82 2328 1.54 180 1826 1.76 1.82 44.84
97 1.83 196 3338 1.64 195 14.14 194 1.97 49.07
98 2.10 2.16 4392 180 2.15 11.55 2.19 2.19 5347
99 2.45 251 44775 206 251 820 245 270 40.57
3F-CAPM, Gross Returns
1 -3.16 -2.39 1.28 -2.92 -2.43 828 -2.75 -252 24.82
2 -2.75 -2.08 169 -254 -2.10 800 -246 -2.13 15.87
3 -248 -190 232 -233 -191 773 -221 -192 17.21
4 -2.31 -1.76 269 -2.17 -1.77 8.07 -2.15 -1.78 10.89
5 -2.18 -1.65 283 -2.04 -1.65 &.19 -1.96 -1.67 14.12
10 -1.72 -1.28 391 -1.60 -1.28 9.64 -1.57 -1.28 12.59
20 -1.11 -0.84 9.32 -0.99 -0.84 2292 -1.00 -0.84 22.53
30 -0.67 -0.52 21.19 -0.58 -0.52 37.06 -0.57 -0.52 38.82
40 -0.35 -0.25 28.79 -0.28 -0.25 43.38 -0.19 -0.25 61.85
50 -0.03 0.00 43.86 0.03 0.00 5827 0.05 -0.01 61.70
60 0.31 0.26 6295 030 0.25 62.52 0.38 0.24 77.52
70 065 053 75.74 0.61 0.52 68.86 0.66 0.51 7833
80 1.03 0.85 8220 096 084 73.62 0.95 0.83 73.38
90 1.58 1.29 89.35 1.50 1.28 82.76 1.47 1.28 78.95
95 2.04 1.67 9288 192 1.66 83.66 194 166 &3.89
96 2.18 1.78 9343 206 1.78 85.33 2.06 1.78 83.57
97 2.40 1.92 95.04 226 192 88.13 229 192 8841
98 2.62 211 9534 250 211 89.19 239 212 8&0.78
99 299 242 9585 280 244 85.76 266 249 71.13
continued
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Table 4.15| — continued

5 Million 250 Million 1 Billion

Pct Act Sim %> Act Sim %> Act Sim %>

4F-CAPM, Gross Returns

1 -3.23 -2.44 096 -2.78 -2.50 18.20 -2.78 -2.62 29.64
2 -2.73 -2.10 1.71 -250 -2.13 9.88 -2.30 -2.17 31.94
3 -246 -1.91 243 -2.22 -192 1321 -2.02 -1.95 3841
4 -2.26 -1.76  3.17 -2.05 -1.77 13.81 -1.88 -1.80 35.83
5) -2.10 -1.65 4.29 -1.92 -1.65 14.27 -1.73 -1.68 39.21

10 -1.62 -1.27 6.50 -1.50 -1.27 16.04 -1.42 -1.28 27.18
20 -1.05 -0.82 13.76 -0.90 -0.82 34.57 -0.90 -0.83 37.30
30  -0.62 -0.50 26.30 -0.55 -0.51 41.09 -0.52 -0.51 47.89
40  -0.28 -0.23 40.21 -0.24 -0.24 49.26 -0.17 -0.24 64.55
50 0.00 0.02 46.03 0.01 0.01 51.98 0.10 0.01 68.96
60 029 027 56.39 031 026 6291 042 0.25 79.09
70 0.63 054 6831 0.64 0.52 7257 0.67 052 76.17
80 1.01 086 77.05 095 084 70.11 1.09 0.85 85.93
90 1.57 132 8592 146 129 7647 162 1.30 89.04

95 205 170 90.77 193 1.68 8321 213 1.70 9224
96 220 182 9195 208 1.80 85.12 227 1.82 9224
97 238 197 9248 225 195 8585 234 197 87.79
98 262 217 93.38 243 2.15 8253 256 2.19 8597
99 299 252 9245 278 251 79.68 2.83 2.70 74.22
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Table 4.16: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2006
(Block Bootstrap)

This table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
do block bootstrap using a block length of 7/5 in which T is the number of months in the sample. The
sample covers the period from January 1984 to September 2006. Results are shown for the 3F-CAPM
and the 4F-CAPM, for the $5 million, $250 million, and $1 billion AUM groups. There are 3174 funds
in the $5 million group, 1466 funds in the $250 million group, and 686 funds in the $1 billion group.

5 Million 250 Million 1 Billion

Pct Act Sim %> Act Sim %> Act Sim %>
3F-CAPM, Net Returns

1 -4.00 -246 0.14 -3.84 -247 1.04 -3.53 -2.55 4.51
2 -3.63 -2.13  0.09 -332 -213 074 -3.01 -216 3.82
3 -3.23 -193 0.11 -3.12 -193 047 -288 -1.95 1.98
4 -3.03 -1.78 0.11 -291 -1.78 046 -2.78 -1.80 1.25
5) -2.89 -1.67 0.09 -2.70 -1.66 051 -2.62 -1.68 1.18

10 -2.37 -1.28 0.06 -2.25 -1.28 0.23 -2.15 -1.29 0.87
20 -1.76 -0.83 0.02 -1.58 -0.83 0.27 -1.52 -0.83 0.80
30  -1.28 -0.51 0.02 -1.10 -0.51 043 -1.05 -0.52 1.20
40 -090 -0.24 0.03 -0.79 -0.24 030 -0.68 -0.25 1.80
50 -0.63 0.01 0.02 -0.50 0.01 035 -042 0.00 1.57
60 -0.27v 0.26 0.04 -0.19 0.25 070 -0.12 024 274
70 0.09 053 035 0.12 052 194 020 051 6.98
80 048 0.8 264 046 084 354 052 083 8.68
90 1.03 131 13.16 098 1.29 11.28 1.04 1.28 19.61

95 1.53 170 31.62 139 1.68 16.57 142 1.68 2221
96 1.65 181 3287 152 1.80 19.17 1.66 1.79 37.55
97 1.87 196 43.87 1.71 194 2517 1.78 1.94 35.65
98 215 216 5435 192 214 2790 2.05 215 44.15
99 248 250 53.32 223 248 29.18 232 254 3647

continued
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Table |4.16|— continued

5 Million 250 Million 1 Billion
Pct Act Sim %> Act Sim %> Act Sim %>
4F-CAPM, Net Returns
1 -4.00 -2.48 0.16 -3.98 -2.50 0.51 -3.63 -2.59 4.17
2 -3.49 -2.13 0.13 -3.24 -2.13 0.57 -3.13 -2.17 2.03
3 -3.18 -1.92  0.15 -296 -1.92 048 -2.70 -1.95 3.30
4 295 -1.77 014 -2.73 -1.77 056 -2.59 -1.80 1.90
5 277 -1.65 0.13 -259 -1.65 050 -2.43 -1.67 1.96
10 -2.27 -126 0.07 -2.11 -126 034 -1.95 -1.27 1.87
20 -1.68 -0.81 0.03 -1.47 -0.81 0.69 -1.43 -0.82 1.46
30 -1.24 -0.49 0.02 -1.08 -0.50 1.01 -1.01 -0.51 2.47
40 -0.88 -0.23 0.04 -0.77 -0.24 1.10 -0.71 -0.24 2.51
50 -0.59 0.02 0.0 -0.50 0.01 1.01 -0.39 0.00 4.51
60 -0.31 027 0.10 -0.22 025 1.34 -0.09 024 6.82
70 0.00 054 0.20 0.10 0.51 268 0.17 0.51 7.19
80 041 085 1.63 048 0.83 6.81 0.61 0.83 20.37
90 1.02 1.31 14.29 097 1.28 13.17 1.13 1.29 32.40
95 1.50 1.70 26.58 1.47 1.67 27.75 1.59 1.69 41.27
96 1.61 1.82 26.84 1.54 1.79 23.04 1.76 1.81 48.19
97 1.83 198 36.26 1.64 195 1835 194 1.97 51.61
98 2.10 2.18 44.18 1.80 2.16 14.92 2.19 2.19 55.02
99 2.45 255 4374 206 2.52 11.01 2.45 2.61 42.30
3F-CAPM, Gross Returns
1 -3.16 -2.46 414 -2.92 -2.47 13.06 -2.75 -2.55 28.29
2 -2.75 -2.13 4.03 -2.54 -2.13 12.76 -2.46 -2.16 20.95
3 248 -1.93 475 -2.33 -1.93 12.01 -2.21 -1.95 22.72
4 -2.31 -1.78 499 -2.17 -1.78 11.84 -2.15 -1.80 15.45
5 -2.18 -1.67 484 -2.04 -1.66 11.85 -1.96 -1.68 19.13
10 -1.72  -1.28 535 -1.60 -1.28 12,57 -1.57 -1.29 16.89
20 -1.11 -0.83 10.31 -0.99 -0.83 24.14 -1.00 -0.83 25.14
30 -0.67 -0.51 21.98 -0.58 -0.51 35.85 -0.57 -0.52 40.18
40 -0.35 -0.24 29.60 -0.28 -0.24 42.32 -0.19 -0.25 60.77
50 -0.03 0.01 4442 0.03 0.01 56.60 0.05 -0.01 61.32
60 0.31 0.26 62.26 030 0.25 61.38 0.38 0.24 75.79
70 0.65 053 73.79 061 0.52 6828 0.66 0.51 76.63
80 1.03 0.85 79.11 0.96 0.84 7225 095 0.82 72.29
90 1.58 1.31 85.08 1.50 1.29 79.74 1.47 1.28 76.70
95 2.04 1.70 87.87 192 1.68 80.16 1.94 1.67 80.88
96 2.18 1.82 8345 206 1.79 81.86 2.06 1.79 80.25
97 240 1.96 91.16 226 1.94 84.48 229 194 84.97
98 2.62 216 91.15 250 2.14 8574 239 2.15 76.56
99 299 250 90.63 280 248 81.26 2.66 2.53 66.88
continued
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Table |4.16|— continued

5 Million 250 Million 1 Billion

Pct Act Sim %> Act Sim %> Act Sim %>

4F-CAPM, Gross Returns

1 -3.23 -2.54 387 -2.78 -2,50 2190 -2.78 -2.59 29.81
2 -2.73 -2.17  4.84 -250 -2.13 14.89 -230 -2.17 33.98
3 -2.46 -1.96 585 -2.22 -192 1814 -2.02 -1.96 40.46
4 -2.26 -1.81 6.74 -2.05 -1.77 18.63 -1.88 -1.80 37.98
) -2.10 -1.69 817 -1.92 -1.65 1885 -1.73 -1.68 40.58

10 -1.62 -1.29 10.62 -1.50 -1.26 19.84 -1.42 -1.28 30.51
20 -1.05 -0.83 1834 -0.90 -0.81 3495 -0.90 -0.83 38.35
30  -0.62 -0.50 30.70 -0.55 -0.50 40.60 -0.52 -0.51 47.49
40  -0.28 -0.23 4256 -0.24 -0.24 48.66 -0.17 -0.25 63.45
50 0.00 0.02 4775 0.01 0.01 5233 0.10 -0.01 68.73
60 029 0.27 5584 031 0.25 6338 042 024 7877
70 0.63 0.55 66.15 064 051 7275 0.67 050 76.67
80 1.01 087 7341 095 083 70.64 1.09 0.82 84.81
90 1.57 134 8088 1.46 128 76.04 1.62 1.28 86.90

95 2.06 174 85.05 193 1.67 81.38 213 1.68 90.00
96 220 1.86 86.34 208 179 8291 227 181 90.17
97 238 2.01 86.80 225 194 83.13 234 197 85.40
98 2.62 222 8761 243 215 80.34 256 2.19 83.65
99 299 260 8587 278 252 7736 283 2.61 7295
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Chapter 5

False Discoveries in Time-varying Mutual

Fund Performance

5.1 Introduction

In Chapter [d] we have shown that, using a multi-regression model with time-varying re-
gression parameters to estimate fund alphas, the distributions of fund ¢(«) estimates shifts
rightwards, suggesting more evidence of manager skill for both net and gross returns than
previously documented in the literature. While Chapter {4 examined fund performance
qualitatively, this chapter aims to quantify the number of skilled and unskilled managers.
In particular, we aim to find how many actively managed fund managers within the entire
sample have truly abnormal performance that produces positive, negative or zero alphas,
and where these funds are located in the cross-sectional distribution of ¢(«) estimates.
This can be important for investment purposes since knowing the proportion of skilled
funds in the population and their location within this cross-section distribution provides

important information for investors to find the funds that offer excess returns.
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To control for the role of luck, this chapter uses a False Discovery Rate (FDR) tech-
nique so that the false discoveries (luck) can be controlled in a multiple hypothesis test;
in this study the multiple hypothesis to be tested is that each fund has a zero alpha.
Given the multitude of funds in our sample, we are in a situation of testing a number of
hypotheses, each at a fixed significance level. While individual test error rate can be eas-
ily controlled at the significance level, it doesn’t control the experiment-wise error rate.
Using the FDR rate to estimate the proportion of lucky (unlucky) funds, Barras, Scaillet
and Wermers (2010) (hereafter BSW) are able to estimate the number of U.S. mutual
funds whose managers generate excess returns due to their superior stock selecting skill.

However, the regression parameters (fund alphas and betas) in the extended versions
of the CAPM used by BSW are assumed to be time-invariant. As was pointed out in
Chapter [4], Section [£.3.1] this does not hold in these models for a number of reasons that
are discussed there. Hence, to extend BSW’s study to allow for time-variation in the
alpha and betas, we use a non-parametric change point test introduced in Chapter [4]
Section to detect possible time-variation in these regression parameters. Using this
novel test is better than using the conditional method of |[Ferson and Schadt| (1996) as
BSW point out that using the Ferson-Schadt conditional model to control for time-varying
beta does not alter their results.

Using the information provided by the change point tests, in particular which of the
parameters changed and the estimated date of that change, we are able to estimate a
multi-regression model that reflects the time-variation. After allowing for time-variation
in the regression parameters, the estimated proportion of skilled and unskilled managers
increases dramatically for both net and gross returns, relative to those using the tradi-

tional model with time-invariant parameters. More specifically, the estimated proportion
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of skilled funds - funds that have superior selecting skill to generate positive excess re-
turns net of all costs, is 8.4%. When returns are measured before expenses, i.e. fund
manager skill is disentangled from the fund’s expense policy, more funds are found to be
skilled. This overturns several results of BSW who find that only 0.6% of the funds in
their sample are skilled.

This chapter also evaluates performance of funds within different investment styles.
These styles are classified as aggressive growth, growth, and growth & income. Since
these different styles of funds employ different strategies and take different levels of risk,
it is important to know the proportion of funds that are skilled which is compared across
the different styles. According to our results, aggressive growth funds have the highest
proportion of skilled fund managers net of all costs (12.8%), and growth & income funds
have the highest proportion of skilled fund managers before expenses (22.1%).

The rest of the chapter is arranged as follows: Section [5.2| reviews past studies that
have used the FDR technique. Section describes the categories classified based on
fund performance and investment styles. Section describes the mutual fund data
used in this chapter. Section briefly explains the FDR approach. Section [5.6| reviews
the model with time-varying alpha and betas introduced in more detail in Chapter [4]
Section [4.3.2] In Section [5.7, we present the results and robustness checks. The final

section concludes.

5.2 Review of Studies on the FDR Technique

In statistical testing environments, often a number of hypotheses are tested simultane-
ously, each with a given type I error rate. In such cases, the problem of controlling the

experiment-wise error rate is more complicated. The traditional approach is to control
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the family-wise error rate (FWER) when testing many hypotheses; FWER is defined
as the probability of incorrectly rejecting at least one of the null hypotheses. However,
FWER is often criticized for being too stringent and conservative since it controls the
probability of falsely rejecting the null hypothesis in at least one of the tests. Because of
this, the probability of falsely rejecting an individual test can be too small so that none
of the individual hypotheses are rejected.

In pioneering work, |Benjamini and Hochberg| (1995) (BH) proposed the false discovery
rate (FDR) as an alternative measure to be controlled; it can be interpreted as the ex-
pected proportion of falsely rejected null hypotheses among all rejections. The controlling
procedure of Benjamini and Hochberg| (1995)) involves testing all the null hypotheses and
sorting their corresponding p-values in an increasing order, and these ordered p-values
are generally written as Py, P, ..., P,, (P < P, < ... < B,,), with m denoting the number
of hypotheses. Then, the BH procedure goes from a small p-value to a large one until the
largest p-value (Py) is found, such that P, < %q*, hence FDR is controlled at ¢*. They
show via a simulation that controlling the FDR can have substantial power gains when
there are a large number of hypotheses to test. Because of these gains, controlling the
FDR can be superior to controlling the FWER.

After that, the FDR approach has been developed further. |Storey| (2003)) introduces
the positive false discovery rate (pFDR), with the term “positive” relating to the fact that
it conditions on the presence of at least one positive finding. pFDR has a simple form
making it tractable in applications. To overcome some weaknesses of the BH procedure,
Storey| (2002) proposes the use of a fixed rejection region when estimating the error rate.
He argues that the BH procedure requires the estimation of k in the P, so that the

procedure can perform badly in practice if the estimate of k becomes variable, i.e. the
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reliability of k is in doubt. Furthermore, the BH procedure does not use any information
on the number of true null hypotheses in the data, which can be estimated from the
observed p-values. [Storey| (2002) proposes a measure that fixes the rejection region (k) and
then estimates the significance level. Storey| (2002)) has shown that doing so produces well-
behaved estimates for both FDR and pFDR. [Storey et al.| (2004)) further prove that the BH
procedure of Benjamini and Hochberg| (1995) and the fixed rejection region approach of
Storey| (2002) are essentially equivalent under both finite sample and asymptotic settings.

Generally, the measures listed above require independent test statistics, which is not
often the case in practice. Hence, several studies explored the asymptotics of FDR un-
der dependent test statistics. These studies have proved that FDR can be used under
some specific dependence structures, such as positive regression dependency in which
test statistics are positively dependent (Benjamini and Yekutieli, 2001), and weak de-
pendence where test statistics can be dependent in types such as dependence in finite
blocks or mixed distributions (Storey et al.; 2004)), many of which are not covered in pos-
itive regression dependency. (Clarke and Hall (2009) demonstrated that FDR controlled
used dependency is asymptotically equivalent to that under independence when the null
distributions of test statistics are light-tailed, for example, when they approximate nor-
mal or t-distributions. These explorations of asymptotics of test statistics under certain
dependence structures allow a wider application of the FDR technique in practice.

In the economics literature, FDR has applications in several contexts such as finance
as it leads to tests with more power than comparable tests that control family-wise error
rates, such as predictive ability of linear structural exchange rate models (McCracken
and Sapp), [2005), data mining in stock returns (Bajgrowicz and Scaillet, 2012)), connected

trading in investment banks (Griffin et al.| 2012)), and hedge funds (Criton and Scaillet,
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2011).

BSWE] is the first study to apply the FDR technique to examine mutual fund perfor-
mance. They separate 2076 US mutual funds as three groups based on manager’s skill
which is classified into skilled, unskilled or zero skilled. They use the FDR method to deal
with multiple tests performed on the alphas of the factor models estimated. As argued
in the previous paragraph, control of the FDR can lead to a testing procedure that has
greater power than those tests that control only the family-wise error rates. After adjust-
ing for false discoveries - false positive and negative - BSW find that 75% of U.S. mutual
fund managers have zero skill - on average they produce zero excess return. Only 0.6%
of the U.S. mutual fund managers are skilled - able to generate excess returns. The rest
are unskilled - generate negative excess returns. They also split their entire sample into
several five-year subintervals so as to examine fund performance over the short periods.
When they do this, they find that the number of skilled fund managers increases to 2.4%.

Using U.S. mutual fund data, Kim and In|(2012)) employ the FDR approach to examine
volatility timing ability of mutual fund managers. |(Cuthbertson et al.| (2012)) and Bredin
et al.| (2014) follow a similar procedure as BSW, but look for skilled managers of UK
investment trusts - this includes open-ended and closed-ended equity trusts. 3.7% of
open-end funds and 16% of closed-end UK funds are able to produce an alpha that more
than covers their costs. Studies on mutual fund performance in other countries like
Germany (Otamendi et al.; [2008)), China (Tang et al., 2011) and Korea (Suh and Hongj,
2011)) follow similar procedures as BSW to account for false discoveries.

Based on previous studies, this chapter aims to estimate the proportions of skilled,

unskilled or zero-alpha U.S. actively managed fund managers using the FDR approach of

IBSW paper first become available on-line as a working paper in 2005.
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Storey| (2002)) and BSW. Differently from BSW, we relax the assumption of time-invariant
regression parameters in the factor models applied in previous studies and estimate fund
alphas using the model described in Chapter [, Section to allow for time-variation
in betas as well as in alpha. Furthermore, we use an updated dataset compared to BSW,

which is more relevant for today’s investors.

5.3 Fund Categories

Following BSW, we split the funds into different categories according to fund performance
and funds’ investment styles. We explained the difference in interpretation of the results
when returns are measured net and gross of managers skill in Chapter [2| Section [2.3.2]
For convenience, this interpretation is repeated here. When returns are measured net of
expense and transaction costs, the fund alpha estimates tell us whether managers have
sufficient skill to cover all costs, whereas the ones based on gross returns disentangle a
manager’s skill from a fund’s expense policy so that we know if managers are able to
cover those costs missing from the expense ratios, mainly trading costs. Three groups of

fund are then defined based on manager performance as follows:

1. Unskilled funds: funds where managers lack sufficient stock-picking skill to cover
all their costs, resulting in a negative alpha (a < 0),

2. Zero-alpha funds: funds that have managers with just sufficient stock-picking skill
to cover all their costs (o = 0),

3. Skilled funds: funds that have managers with stock-picking skill that more than

cover all costs (a > 0).
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When returns are measured gross of expenses, i.e. expenses are added back to returns,

performance categories are defined as:

1. Unskilled funds: funds where managers lack sufficient stock-picking skill to cover
costs excluded from the expense ratios, resulting in a negative alpha (a < 0),

2. Zero-alpha funds: funds with managers that have just sufficient stock-picking skill
to cover the costs excluded from the expense ratios (a = 0),

3. Skilled funds: funds that have managers with stock-picking skill that results in
a positive alpha, more than simply covering the costs excluded from the expense

ratios (a > 0).

Furthermore, funds can also be divided into different groups according to their self-
declared investment styles. It is of interest to perform tests on these different groups of
funds so that investors know how many funds generate abnormal performance in different
investment styles, and more importantly which category has the highest proportion of
skilled or unskilled funds. Previous studies tend to come to different conclusions on the
existence of skilled managers in different investment styles. Many studies have shown
that growth-oriented funds, especially aggressive growth funds, are able to outperform
the passive benchmarks, and aggressive growth funds have the highest proportion of
skilled funds among all styles of funds.

Specifically, (Grinblatt and Titman| (1989) and Elton et al.| (1996]) show that aggressive
growth and growth funds generate, on average, positive returns. Hendricks et al.| (1993),
Daniel et al.| (1997), Wermers (2000)), Kosowski et al.| (2006) and Huij and Verbeek] (2007))
find that stock picking skill is more prevalent among growth-oriented funds. However,
Becker et al.| (1999) argue that growth funds and income funds have no major difference

in average returns. Therefore, we revisit this issue by applying the FDR approach used
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by BSW to estimate the proportions of skilled, unskilled and zero-alpha managers, for
three styles of funds: aggressive growth, growth and growth & income. Based on their
self-declared investment styles, or key words in their namesﬂ7 we group funds into three

categories:

1. Aggressive growth funds: funds that aim to achieve the highest capital gains and
generally have the greatest risk. They usually hold investments with high growth
potential as well as great price volatility.

2. Growth funds: funds that aim to achieve capital appreciation and often have above
average risks. By investing in growth stocks instead of those paying dividends, they
gain the benefit of large capital increases.

3. Growth & income funds: funds that value both capital growth and dividend income.
They invest in a range of products that are able to provide investors income through

dividends as well as capital gains.

5.4 Mutual Fund Data

We use monthly return data obtained from CRSP. To focus on the performance of active
managers, we include only actively managed mutual funds that invest primarily in U.S.
common stocks. More information on how to identify funds that are actively managed
and mainly invest in U.S. equities can be found in Appendix [A] Differently from the
dataset used in Chapter {4} in order to compare our results to those of BSW, we keep a
fund in this sample if it has at least 60 months of return history. E| Hence, we have fewer

funds in this chapter and there are 3673 funds in the sample.

2 Appendix |A| gives a full explanation on how to identify funds’ investment styles.
3In Chapter [4, we included a fund in the sample if it has at least 8 months of return history. This
sample selection issue will be further elaborated in Chapter @ Section
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To examine performance in different investment styles, we split our funds into three
categories according to their self-declared investment styles. Our sample of 3673 funds
contains 306 aggressive growth funds, 2458 growth funds and 1419 growth & income

fundsf

5.5 False Discovery Rate

5.5.1 Hypothesis

This study aims to examine how many actively managed U.S. mutual funds outperform or
underperform the market, or have zero skill, when compared to passive benchmarks. Pre-
viously, to assess the overall performance of the mutual fund industry, studies suggested
a procedure that counts the number of observed significant funds, without controlling
for luck (Ferson and Schadt, 1996); therefore the FDR is in fact assumed to be zero in
those studies. BSW first try to account for false discoveries using the FDR approach in
a multiple hypothesis test to examine mutual fund performance. We will briefly explain
the FDR methodology here. To assess the performance of a single fund (fund ), the null
hypothesis is that the fund has no abnormal performance (a zero-alpha fund), and the
alternative is that the fund provides either positive (a skilled fund) or negative abnormal

performance (an unskilled fund):

Hy:0;=0,Hy:a; #0; (5.1)

4The number of funds from all three categories in total is more than the number of funds in the
entire sample. This is because funds may change their investment styles during their life. When the
entire sample is split into different investment categories. There are some funds that may have parts of
their return history in two or even three different investment categories. This has little impact on the
interpretation of our results.
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In the above case, the type I error (false positive) is controlled at a predetermined signif-
icance level. To assess performance in the sample, this test should be applied across all
funds simultaneously. Therefore, a joint hypothesis test is established, which is given in

Equation

HO,l Loy = O, HAJ e 7é 0, (52)
(5.3)
HO’NI(){N:O,HA’NIO{N#O; (54)

5.5.2 Computation of Statistics

To account for false discoveries, the FDR approach of [Storey| (2002)) is used here. Ap-
pendix [5.A] Section shows a detailed account of how luck is controlled for in a
multiple fund setting using the FDR approach, so we shall be brief here. To begin with,
at a given significance level v, the probability of a true zero-alpha fund exhibiting luck
equals /2. Accordingly, the probability of a true zero-alpha fund being unlucky is also
v/2 E| Suppose that the proportion of true zero-alpha funds in the population of N funds

is 7y, then the expected proportion of true zero-alpha funds being lucky or unlucky is:

B(F}) = B(Fy) = m0(7/2); (55)

Knowing the proportions of funds which are lucky or unlucky, i.e. generate abnormal
performance by chance but are truly zero-alpha funds; we are able to estimate the pro-
portion of truly skilled (unskilled) funds by subtracting this proportion of false positives

(negatives) from the population of funds. Given a significance level v, we denote a fund as

5Refer to BSW, Figure 1 for detailed explanation.
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a “significant fund” if the ¢-statistic is smaller than the negative threshold (¢7) or greater
than the positive threshold (¢). After estimating the expected proportion of significant

funds (£(S;)) in the sample, we can determine the expected proportion of skilled funds

(E(T;)) and unskilled funds (E(T;)) by adjusting E(S}) and E(S]) for the existence

of lucky and unlucky funds in the following way:

E(T}H) = B(SH) — E(FY) = B(SH) — 79 x /2, (5.6)
B(T;) = B(S;) ~ B(F;) = B(S;) — 70 x 1/2 (57)

The variable of choice here is the significance level v. Using different levels of v allows
us to see how the proportion of truly skilled or unskilled funds increases with ~. For
instance, if the expected proportion of skilled funds (E(7)) increases slightly as we
change the value of v from 0.1 to 0.2, then most of the skilled funds should lie in the
extreme right tail since the majority of the additional significant funds are merely lucky.

However, if skilled funds are dispersed randomly throughout the right tail, then we would

expect to see a more significant increase in E(T. ¥ ) as 7y increases.

5.5.3 Estimation of m

To compute the above statistics, the key is to estimate the proportion of truly zero-
alpha funds (mg) in the population of N funds. To calculate mg, we use the fact that the
truly skilled or unskilled funds should have small p-values (alpha) since their estimated
t-statistics tend to be more extreme, i.e. far from zero (the blue area in Figure |5.1)).
Alternatively, p-values of those truly zero-alpha funds should be uniformly distributed

over [0,1] (cf. BSW page 187, footnote 8). This fact allows us to estimate 7y without
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Figure 5.1: Histogram of Fund p-values

knowing how p-values of skilled and unskilled funds are distributed. Therefore, 7y is

estimated as follows:

A

W) 1
N U

To(A") = (5.8)

Where A\* is a threshold (optimal A to be determined later), after which the histogram of
p-values as shown in Figure becomes flat reflecting the fact that the p-values greater
than the threshold (the grey area) should all come from the group of truly zero-alpha
funds. % is the part of the histogram after the threshold A*. To extrapolate the area
(%) over the entire interval from zero to one, we divide it by (1 —\*). To estimate 7,
we have to compute the p-value for each fund first. In fact, p-values of funds are the only
inputs to estimate my. Given that the t-statistic is more likely to be asymmetric in our

case, as shown in the CDF distribution of ¢-statistic in Chapter [4 Table [£.3] a bootstrap

procedure is used to compute the fund p-values. Specifically, we compute fund p-values

following the approach proposed by Davidson and MacKinnon! (2004)):

122



B B
1 — Y 1 —~ e
~ _ . - *b ) = *b ) .
Di = 2 X min (B g ]{ti >tz},B g ]{ti <tz}) : (5.9)

b=1 b=1
Where B is the number of bootstrap runs (B=1000), and {t/l*\b > t:} takes the value one
if the estimated t-statistic (f;) is lower than the bootstrapped t-statistic (t/j\b)

After having the bootstrapped p-values, we implement the bootstrap approach pro-
posed by Storey| (2002) to choose the optimal A and then to estimate the proportion of
truly zero-alpha funds in the population using Equation[5.8] To select the optimal A, first,
7;(\)\) is computed for each of the A\ values (A=0.30, 0.35, 0.40, ..., 0.70). Then, we draw
with replacement from the N x 1 vector of all fund p-values to form 1000 bootstrapped
samples. For each bootstrapped sample, the bootstrapped m (b=1,2,...,1000) is com-

puted. Finally, the optimal A (A*) is chosen to minimize the estimated Mean Squared

Error (MSE), which is as follows:

1000
—_— 1 N L~ 2
MSE(\) = oo {wgm = mino(V)] (5.10)
b=1

Now that we have the estimated value of my, all the statistics listed below can be com-

puted:

Ff = F7 = #o(v/2); (5.11)

Then the estimated proportion of skilled and unskilled funds with respect to the signifi-

cance level v is:

DY =8 - B} =8~ a2 5.1)
T =85 —F =87 — i xv/2 (5.13)
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Finally, we have the estimated proportion of skilled and unskilled funds in the population

of N funds as:

il =T, (5.14)
in =T (5.15)

Where v* is the optimal significance level that has the minimum MSE of 7§ and 7. To
choose the optimal level of v, a bootstrap approach similar to the process of choosing
optimal X is used. First, for a range of v values (v = 0.05,0.10,...,0.50), we compute
the proportion of skilled funds (77} (y)). Then, we resample with replacement from the
N x 1 vector of p-values to produce 1000 bootstrap replications of 771 (y). Finally, the
estimated MSE of () is computed as :

. | lovo 2

VS () = g 3 |4 () =m0 (5.16)
We choose optimal 4+ to minimize ]\75\E+(’y). Accordingly, we also compute ]\75\E_(fy)
for each significance level ~. If minvmty < minpyl\js\E’_ (7), then we choose v to
minimize @Jr(v). To preserve the equality (1 = mo + 74 + 74 ), T4(7*) = 1 —
7o — T4(7*). Otherwise, we choose the optimal v that minimizes A?S’\E_(v) and set
7h(v*) =1—75 — 74(v*). The computation of standard errors of the above mentioned

estimates is shown in Appendix [5.A] Section [5.A.2]
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5.6 The Model Framework with Time-varying Parameters

In Section 5.5, we have shown that the only inputs to estimate m, the proportion of
truly zero-alpha funds, are the bootstrapped individual fund p-values. To consistently
estimate fund alphas, we apply the change point test of [Pouliot| (2016) to detect time-
variation in the parameters of the factor models considered here. Then we construct a
multi-regression model that essentially involves estimating different 4F-CAPMs over the
subsamples formed from the original time-series and divided according to the dates of
the changes in alpha and betas. Chapter 4] Section provided a detailed account of
the multi-regression model, so we will be brief here.

Since we have shown in Chapter [4] Section that different versions of the CAPM
produce similar fund alpha estimates, we use the 4F-CAPM here as the baseline model
to perform the change point test. For convenience, the functional form of the 4F-CAPM

is repeated here:
Rz‘,t - R{ =« + 611(R;n - R{) + BQiSMBt + ﬁgiHMLt + ﬁ4iMOMt + 61'715, (517)

where R;; is the return for month ¢ of fund <, R{ is the risk-free rate, which is the 1-
month U.S. treasury bill rate, R}" is the market return constructed with a VW portfolio
of NASDAQ, NYSE and Amex stocks, SM B; and HM L, are the size and value-growth
returns constructed following Fama and French| (1993), M OM; is the momentum return
of|Carhart| (1997)), a; (the estimate of «;) is the return left unexplained by this benchmark
model, i.e. the extra return generated by funds and ¢;; is the regression residual. All the

benchmark factors are obtained from Kenneth French’s websitef]

Shttp://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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Details of how this test is implemented and why this test is useful in our context
are described in Chapter [ Section [£.3.2 After estimating the 4F-CAPM on each of
the funds in the sample, the change-point method of [Pouliot| (2016]) is used to test for
changes in the alpha and betas. If a change in one or more of these parameters is detected
then the date of these changes are estimated. Using information on the dates of change,
different versions of the 4F-CAPM are estimated on the fund that reflect one or more
changes in these parameters as shown in Chapter [4, Section [4.3.2

It should be noted that BSW examine both the long-term and short-term performance
of mutual funds. Specifically, they estimate fund p-values over the entire sample period
to evaluate the long-term performance, and then the sample is further split into several
five-year sub-intervals to examine performance over the short run. Each of these five-
year sub-intervals is then treated as a separate fund record in their study. As a result,
they find higher proportions of skilled funds over the short run than over the long run.
The rationale of this approach to examine short-term performance is similar to our multi-
regression model. However, according to|Kon and Jen| (1978)), any attempt to partition the
time-series into successive intervals would impose the prior assumption that parameters
are constant for such subintervals. We divide sample series according to the estimated
dates of the change points inherently existing in the data, rather than set them arbitrarily

at a five-year span, which is more reasonable.
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5.7 Results: Time-varying vs. Time-invariant Parameters

5.7.1 Results of Change Points Tests

We begin the empirical analysis by running the change point test on each fund in the
sample. Generally, we find no more than three changes in either alpha or betas over the
entire sample period, and no more than five changes in all parameters. The summary

statistics of results of the tests for change points are shown in Table [5.1] and Table
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Table 5.1: Summary of Results on Tests for Change Points in the Slopes and the Intercept:
1984-2015 (4F-CAPM)

Forward tests Backward tests
First test

Ist  2nd  3rd 1st 2nd 3rd
Net returns
Number of funds
Change in intercept & slopes 307 45 4 0 12 3 0
Change in slopes 204 57 14 1 36 2 0
Change in intercept 302 127 32 7 56 11 2
No change 2860 3444 3623 3665 3569 3657 3671
Proportions
Change in intercept & slopes 8.0 1.0 0.0 0.0 0.0 0.0 0.0
Change in slopes 6.0 2.0 0.0 0.0 1.0 0.0 0.0
Change in intercept 8.0 3.0 1.0 0.0 2.0 0.0 0.0
No change 78.0 94.0 99.0 100.0 97.0 100.0 100.0
Gross returns
Number of funds
Change in intercept & slopes 317 52 5 0 15 2 0
Change in slopes 202 52 12 1 37 3 0
Change in intercept 320 133 32 8 52 11 1
No change 2834 3436 3624 3664 3569 3657 3672
Proportions
Change in intercept & slopes 9.0 1.0 0.0 0.0 0.0 0.0 0.0
Change in slopes 5.0 1.0 0.0 0.0 1.0 0.0 0.0
Change in intercept 9.0 4.0 1.0 0.0 1.0 0.0 0.0
No change 77.0 94.0 99.0 100.0 97.0 100.0 100.0

From Table around 22% of the total funds in the sample have at least one param-
eter change for the net returns. Tests for gross returns have a similar number of change
points. This is not surprising since gross returns are returns with expense ratios added
back to net returns. As long as there are not many changes in the expense policy of

mutual funds, we should see a similar number of change points in these two return series.
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As we run the test again, both forward and backward from the change point, we find
further changes in the parameters. For example, around 6% of the total funds are found
to have further parameter change when we run the test on the subsample prior to the
first change, and around 3% of the total funds have further parameter change when the
test is run on the subsample after the first change. Finally, no more than three changes
are found in either alpha or betas as we continue to run the tests until no more changes
are found. Next, we show the number of funds in different scenarios with different com-
binations of parameter changes in Table |5.2] For example, for net returns, there are 276
funds with only one change in alpha and one in the betas, and they account for 7.5% of

all the funds in the sample.

Table 5.2: Statistics on Different Combinations of Change Points: 1984 to 2015 (4F-
CAPM)

Net returns Gross returns
Different cases of combinations
funds Per(%) funds Per(%)
Total number of funds 3673 3673
No change 2663 72.5 2639 71.8
1 change in both s and « 276 7.5 289 7.9
1 change in 8s and no change in « 216 5.9 210 5.7
1 change in « and no change in s 358 9.7 373 10.2
2 changes in #s and no change in « 15 0.4 14 0.4
2 changes in 8s and 1 change in « 24 0.7 22 0.6
2 changes in s and 2 changes in « 22 0.6 25 0.7
1 change in s and 2 changes in « 46 1.3 50 14
0 change in 8s and 2 changes in « 39 1.1 36 1.0
3 changes in 8s and 0 change in « 1 0.0 1 0.0
3 changes in 8s and 1 change in « 1 0.0 1 0.0
3 changes in s and 2 changes in « 1 0.0 0 0.0
3 changes in s and 3 change in « 1 0.0 2 0.1
2 changes in s and 3 changes in « 4 0.1 2 0.1
1 change in s and 3 changes in « 5 0.1 6 0.2
0 change in s and 3 changes in « 1 0.0 1 0.0
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After we have the results of the change points test, we split the data according to
the estimated dates of the change points and run the separate models based on different
scenarios listed in Chapter , Section to estimate fund alphas (¢-statistics). After
that, p-values of individual funds are computed using Equation [5.9f Once the p-values
are calculated, we estimate the proportion of truly zero-alpha funds (my) and further
compute all the rest statistics <Fv_’ Fj , TV_ and TA;F ). Results based on net returns are

shown in Table [5.3] and those on gross returns are presented in Table [5.4]

5.7.2 Net Returns

As shown in Table [5.3], in the upper block of Panel A, we show that for the traditional
4F-CAPM, over the entire life of funds, 67.2% of the funds are estimated to be zero-
alpha funds. These funds deliver skill just sufficient to cover all the costs. Furthermore,
we find 32.0% of funds are unskilled funds, which means this proportion of funds are
unable to produce expected returns to cover their costs, echoing the results in BSW that
24% of funds are truly unskilled funds. BSW find it puzzling that a large proportion
of negative-alpha funds exists, and that their underperformance does persist for a long
time period, as investors should have enough time to identify them as underperforming
funds. Therefore, BSW argue that these investors either lack sufficient information to
know they have been overcharged or they have been prohibited from switching to other

funds. Finally, 0.8% of funds in the sample are skilled funds.
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Table 5.3:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Net Re-
turns, Time-varying vs. Time-invariant Parameters)

Performance of funds is estimated using the 4F-CAPM over the entire sample period from January 1984
to March 2015. Panel A shows the estimated proportions of zero-alpha (), unskilled (7 ) and skilled
(frj;) funds using the FDR approach based on the entire sample of 3673 funds and on net returns. Panel
A also presents the detailed results including significant funds (S‘; , S',Jyr ) across the distribution of funds
in the left tail and right tail using four different significance levels (v = 0.05,0.1,0.15,0.2). Furthermore,

significant funds are decomposed into unlucky ( ) and unskilled (7) funds in the left tail, and lucky
(F) and skilled (T3") funds in the right tail. At the bottom of Panel A, we show the FDR in the left
and right tail at different significance levels. Panel B shows results using the multi-regression model with
time-varying regression parameters.

Panel A: Model with time-invariant parameters

Zero alpha (79)  Unskilled (7) Skilled (7})

Proportions 67.2 (0.02) 32.0 (0.02) 0.8 (0.00)
Number of funds 2469 1176 28
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(v) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(y)
Signif.S; (%) 14.0 195 24.6 285 73 59 43 25  (%)Signif.S
0.01 0.01 0.01 o0.01 0.00 0.00 0.00 0.00
Unlucky F. (%) 1.7 34 50 6.7 6.7 50 34 1.7 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 72 (%) 123 16.1 19.6 21.8 0.6 09 1.0 08 (%)Skilled 7>
0.01 0.01 0.01 o0.01 0.01 0.00 0.00 0.00
FDR™ 12.0 172 20.5 23.6 91.8 853 776 68.6 FDR*

Panel B: Model with time-varying parameters

Zero alpha (79)  Unskilled (7) Skilled(7})

Proportions 57.5 (0.02) 34.1 (0.02) 8.4 (0.01)
Number of “funds” 2726 1618 399
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(v) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(y)
Signif.S; (%) 19.0 245 29.1 32.6 142 125 105 7.9  Signif.SF (%)
0.01 0.01 0.01 o0.01 0.01 0.00 0.00 0.00
Unlucky £ (%) 14 29 43 57 5.7 43 29 14  Lucky N (%)
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled T;(%) 176 21.6 24.7 26.8 8.4 82 7.7 6.5 Skilled Ti(%)
0.01 0.01 0.01 o0.01 0.01 0.01 0.00 0.00
FDR™ 7.5 117 148 17.7 40.6 345 273 18.1 FDR*
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In the lower block of Panel A, as we switch to different significance levels (y =
0.05,0.10,0.15,0.20), we show the proportion of significant funds in the left and right
tails (5‘7_ and gf{ ), funds being unlucky and lucky (Fv_ and Fj ), and funds that are truly
unskilled or skilled (7. - and T 7). Consistent with BSW, we have found a significant
proportion of significant alpha funds in the right tail, with the highest level of 7.3% when
v is 0.20. However, most of these significant alpha funds are not truly skilled, but merely
lucky to have extreme returns. This leads to the observation that only a small proportion
of funds are found to be truly skilled and this proportion of skilled funds does not change
much for different significance levels, ranging from 0.6% to 1.0%. Therefore, most of
the significant alpha funds in the right tail are truly zero-alpha funds who appear to be
lucky and none of these funds present skill to outperform the market given that Tj is
not significantly different from zero at any significance level. As for the left tails, the
proportion of unskilled funds increases as we switch to higher significance levels.

Generally, all the above results based on the traditional 4F-CAPM are consistent with
BSW. However, we have shown in Chapter {4 that the traditional model is not valid and
may lead to biased conclusions. In fact, results change dramatically as we switch to the
model that allows for time-variation in betas and alpha. After incorporating the change
points of the regression parameters into the model, the proportion of the truly zero-alpha
funds decreases to 57.5%, with fewer funds identified as zero-alpha funds whose managers
present skill just enough to cover all the costs. Instead, we find more unskilled and skilled
funds, 34.1% and 8.4% respectively.

Our results confirm that our multi-regression model with time-varying parameters is
able to separate parts of a fund’s history when managers outperform relative to parts

of its history when it performs badly, or, it allows the evaluation of fund managers
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performance over the short run before investors compete away their performance with
capital inflows. Based on the results from the multi-regression model, we argue that there
is indeed a significant proportion of skilled fund managers in the population. Therefore,
prior results based on the traditional models with time-invariant parameters are biased
towards more pessimistic conclusions, i.e. no managers are able to deliver expected
returns that outperform the market. Specifically, when we decompose the significant
alpha funds into lucky and skilled funds, as shown in the lower block of Panel B, the
proportion of skilled funds increases slowly as we move to higher significance levels. This
suggests that most of the skilled funds should locate in the extreme right tail since the
majority of the additional significant alpha funds are lucky funds as v is increased from

0.10 to 0.20.

5.7.3 Gross Returns

For net returns, a fund is identified as a skilled fund if the manager is able to generate
a positive alpha net of all costs. Since parts of mutual fund costs are reflected in the
expense ratios (advisory fees, administrative costs, other operating expenses, etc.), the
rest of fund costs missing from the expense ratios are mainly trading costs. Given that
mutual fund managers may have little control of a fund’s expense policy, it seems more
interesting to examine the results before expenses are deducted so that fund managers’
stock picking skill can be distinguished from funds’ expense policy. To achieve that,
we estimate the proportions of skilled, unskilled and zero-alpha funds using the FDR
technique using gross returns, which are created by adding back the monthly expenses
to the net returns. Generally, results for gross returns are more promising.

As shown in Table [5.4] the estimated proportion of zero-alpha funds is 80.3%, higher
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than that of net returns, which is reasonable given that fund managers are only required to
cover costs missed in the expense ratios to achieve zero alphas for gross returns. Further,
the estimated proportion of skilled funds increases to the level of 12.6% compared to 0.8%
based on net returns. This suggests that the pessimistic results based on net returns are
mainly due to high fees charged by funds. Some fund managers may be able to deliver
positive alphas to more than compensate for costs missed in the expense ratios, mainly
trading costs, but the surplus is offset by the high expenses of fund companies. Using
gross returns, we also see a sharp decrease of the proportion of unskilled funds (7.1%),
which again echoes our argument that expenses are the main reason why we observe a
large group of unskilled fund managers (32.0%) in terms of net returns.

When we incorporate change points into the 4F-CAPM to allow for time-variation
in the alpha and betas, the estimated proportions of skilled and unskilled funds increase
compared to those using the 4F-CAPM with constant alpha and betas. Specifically,
the skilled funds account for 19.8% of the entire sample and the proportion of unskilled
funds increases to 11.9% in this case. Additionally, the decomposed results at different
significance levels show that the estimated proportions of both skilled and unskilled funds
increase slowly as the value of v increases. Therefore, both skilled funds and unskilled
funds should be located in the extreme tails, which is consistent with the findings on net

returns.
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Table 5.4:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Gross
Returns, Time-varying vs. Time-invariant Parameters)

Performance of funds is measured using the 4F-CAPM over the entire sample period from January 1984
to March 2015. Panel A shows the estimated proportions of zero-alpha (), unskilled (7 ) and skilled
(7}) funds using the FDR approach based on the entire sample of 3673 funds and on gross returns. Panel
A also presents the detailed results including significant funds (S‘; , S',Jyr ) across the distribution of funds
in the left tail and right tail using four different significance levels (v = 0.05,0.1,0.15,0.2). Furthermore,

significant funds are decomposed into unlucky ( ) and unskilled (7) funds in the left tail, and lucky
(F) and skilled (T3") funds in the right tail. At the bottom of Panel A, we show the FDR in the left
and right tail at different significance levels. Panel B shows results using the multi-regression model with
time-varying regression parameters.

Panel A: Model with time-invariant parameters

Zero alpha (79)  Unskilled (7) Skilled (7})

Proportion 80.3 (0.01) 7.1 (0.01) 12.6 (0.01)
Number of funds 2951 261 461
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(v) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(y)
Signif.g,;(%) 41 6.6 9.3 11.1 196 16.1 129 8.3 (%)SignifS;r
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky £ (%) 20 40 6.0 8.0 8.0 6.0 40 2.0 (%)Lucky Fjr
0.00 0.00 0.00 0.00 0.00  0.00 0.00 0.00
Unskilled 72 (%) 21 25 32 3.1 11.6 10.1 89 6.3 (%)Skilled Tj
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR~™ 489 61.2 65.1 72.1 409 373 31.1 24.1 FDR*

Panel B: Model with time-varying parameters

Zero alpha (79)  Unskilled (7) Skilled(7})

Proportion 68.3 (0.01) 11.9 (0.01) 19.8 (0.01)
Number of “funds” 3258 568 947
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(v) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(y)
Signif.g;(%) 9.0 12.3 15.1 17.6 24.6 21.8 18.7 14.5 (%)Sigmif.g;r
0.00 0.00 0.01 0.01 0.01 0.01 0.01 o0.01
Unlucky F~(%) 1.7 34 51 638 6.8 51 34 1.7 (%)Lucky Fj

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Unskilled 7 (%) 7.3 88 10.0 10.7 177 167 153 12.8 (%)Skilled T3
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.01

FDR~- 19.0 278 339 389 278 235 182 11.8 FDR*
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5.7.4 Performance for Different Investment Styles of Funds

Mutual fund managers usually have different investment styles that can best suit the
investors’ objective. We categorize funds in the sample into three investment categories:
aggressive growth, growth and growth & income funds. Aggressive growth funds usually
take the highest risk to achieve the highest capital gains and tend to be rewarded with
more extreme returns. More moderate than aggressive growth funds, growth funds gen-
erally have above average risk and return volatility that targets fast capital appreciation.
In the last category, growth & income funds pursue a dual strategy of income generation
and capital gain. We divide funds into the three above mentioned investment styles to
examine whether different investment styles of funds differ in their performance.

First of all, we run the three versions of the CAPM on equal and value weighted
portfolios of the three categories of funds; results are shown in Table 5.5l We can see
that for both EW and VW portfolios, aggressive growth funds have the lowest value of
estimated fund alpha on net returns, -1.69 and -1.86 respectively, and growth & income
funds have the highest estimated alpha. However, estimated fund alphas on net returns for
all categories, for both EW and VW portfolios are negative, indicating that none of these
categories are able to beat the passive benchmarks after all costs. For pre-expense returns,
growth and growth & income funds on average are able to deliver positive alphas, for both
EW and VW portfolios, ranging from 0.3 to 0.86; however, the estimated coefficients are
insignificantly different from zero.

As to the factor loadings, aggressive growth funds have the highest exposures to the
size factor compared to the other styles. This is because aggressive growth funds target
high capital appreciation and tend to invest in small cap companies that have the highest

potential growth. We see the highest exposures to the value (book-to-market) factor for
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growth & income funds, which is consistent with the fact that growth & income funds
target both capital gain and income generation, and invest mainly in value stocks.

Next, we turn to individual funds to estimate the proportion of skilled and unskilled
funds in each investment style. When the traditional 4F-CAPM is estimated, as shown in
Table [5.6] in terms of net returns received by investors, aggressive growth funds have the
highest proportion of skilled funds (6.3%), which is consistent with previous literature.
Growth funds show similar results to the entire population of funds: 64.5% are truly zero-
alpha funds, 34.6% are unskilled funds and only 0.9% of funds are skilled. It is surprising
that we find a higher proportion of skilled funds in growth & income funds than in the
growth funds category, which is different from the findings in BSW where no growth &
income funds are skilled. We argue that the results are reasonable given that fees are the
main reason to attribute to fund underperfomance, and growth & income funds usually
charge the lowest fees ﬂ

When we switch to pre-expense returns, the number of zero-alpha and skilled funds
for all three categories increases and we see fewer unskilled funds. Growth & income
funds have the highest proportion of skilled funds (17.8%) and aggressive growth funds
have the lowest level (11.0%). This is reasonable due to the fact that aggressive growth
funds aim to achieve the highest capital gains and usually have the highest turnover
(Grinblatt and Titman, |1989; Wermers, 1999). Therefore, for pre-expense returns, when
fund managers are required to only cover trading costs to achieve zero-alpha, aggressive
growth funds could perform worse than the other two styles of funds.

After controlling for time-variation in the regression parameters, i.e. the change point

test is undertaken and the multi-regression model is estimated, the proportions of skilled

"This is reflected in Figure
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and unskilled funds increase for all three categories of funds and we see fewer zero-alpha
funds. Specifically, in terms of net returns, aggressive growth funds have the highest
proportion of skilled funds (12.8%). The proportions of skilled funds for growth funds
and growth & income funds are 8.8% and 10.0%, respectively. When returns are measured
before expenses, growth & income funds, rather than aggressive growth funds, have the
highest proportion of skilled funds (22.1%), which can be explained by the fact that
aggressive growth funds tend to have higher transaction costs (higher turnover) than the
other two styles of funds.

Generally, our results confirm that aggressive growth funds have the highest propor-
tion of skilled managers net of all costs, which is consistent with the literature (Grinblatt
and Titman| 1989; Hendricks et al., [1993; Daniel et al., |1997). However, we find growth
& income funds outperform the other two categories of funds when returns are measured
before expenses, i.e. when fund performance is disentangled from its expense policy. This
is contrary to the results of BSW, who argue that no growth & income funds are skilled.
We believe that our results are reasonable given that growth funds usually have more
turnover, thus more transaction costs than income-generating funds. Therefore, when
returns are measured after costs missed in expense ratios, mainly transaction costs, i.e.
fund managers are required to cover trading costs only to achieve zero-alpha, growth &

income funds are very likely to perform better than those growth-oriented funds.
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Table 5.5:

Intercepts and Slopes in the 4F-CAPM for Equal-Weight (EW) and Value-
Weight (VW) Portfolios of Actively Managed Mutual Funds (1984-2015,
Different Investment Styles)

This table provides the annualized intercepts (12*&) and t-statistics for the intercepts (t(Coef))
for the 4F-CAPM estimated on an equal-weight (EW) and value-weight (VW) portfolio, and on net and
gross returns based on three panels of actively managed mutual funds that invest mainly in equities.
Regressions slopes (/3’1, B, B3, and 34) for the corresponding factors (RM — Rf, SMB, HML, and
MOM) are also shown in the table. It should be noted that for the market slope, t(Coef) tests the null
hypothesis that 5 is equal to 1. Net returns are returns reported in the CRSP mutual fund database,
and the gross returns are net returns plus 1/12%" of a fund’s expense ratio at that year end. When a
fund’s expense ratio for a year is missing, we replace it with the expense ratio of the fund that has
the same investment style and has similar assets under management (AUM). As for those funds with
zero expense ratios, we manually check some of their annual reports and confirm that they in fact have
positive expense ratios. Regression results are shown for funds in different categories, namely aggressive
growth, growth and growth & income funds.

12*& (%)

Net Gross Bl Bg Bg 34 R?
EW Returns
Aggressive growth funds
4F-CAPM Coef -1.69 -0.32 1.03 0.45 -0.18 0.06 0.96
t(Coef) -2.58 -0.48 2.7 24.89 -9.09 4.78
Growth funds
4F-CAPM Coef -0.56 0.79 0.98 0.26 -0.08 0.02 0.98
t(Coef) -1.29 1.82 -2.48 21.13 -6.27 2.97
Growth & income funds
4F-CAPM Coef -0.33 0.86 0.91 0.07 0.25 -0.04 0.98
t(Coef) -0.77 1.99 -9.81 6.08 20.21 -4.85
VW Returns
Aggressive growth funds
4F-CAPM Coef -1.86 -0.80 1.06 0.38 -0.26 0.05 0.95
t(Coef) -2.36 -1.01 3.83 17.53 -11.09 3.21
Growth funds
4F-CAPM Coef -0.72 0.30 0.98 0.14 -0.11 0.02 0.98
t(Coef) -1.57 0.64 -1.99 11.16 -8.19 2.54
Growth & income funds
4F-CAPM Coef -0.50 0.37 0.90 -0.05 0.25 -0.04 0.98
t(Coef) -1.31 0.97 -12.3 -4.54 22.62 -6.00
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Table 5.6:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Different
Investment Styles, Time-varying vs. Time-invariant Parameters)

Performance of funds is measured using the 4F-CAPM with time-invariant parameters and the multi-
regression model with time-varying parameters, over the entire sample period from January 1984 to
March 2015. The table shows the estimated proportions of zero-alpha (7), unskilled (77 ) and skilled
(7}) funds on net and gross returns using the FDR approach for each category of funds, namely aggressive
growth, growth, growth & income funds.

Net returns Gross returns
Tnvestment styles Time-invariant Time-varying Time-invariant Time-varying
parameters parameters parameters parameters

0 T4 ﬁj 0 N ﬁj 0 T ﬁj 0 N ﬁj
Aggressive Growth
Proportion 68.1 256 6.3 59.6 276 128 73.7 153 11.0 59.6 23.1 17.3
Number of funds 209 78 19 217 100 47 226 47 33 217 &4 63
Growth
Proportion 64.5 346 09 581 331 88 8.1 3.0 119 729 11.0 16.1
Number of funds 1586 851 21 1809 1030 274 2091 74 293 2287 315 505
Growth & Income
Proportion 66.7 299 34 599 30.1 100 8&0.2 2.0 178 700 7.9 221
Number of funds 947 424 48 1060 5H33 177 1138 28 253 1247 140 394

5.7.5 Robustness Checks

In order to test if our results are robust to different versions of the CAPM that are used
to estimate fund alphas, we also estimate the proportion of skilled, unskilled and zero-
alpha funds based on the 3F-CAPM. The results are shown in Table 5.7 As we can
see, generally, the results based on the 3F-CAPM are similar to those of the 4F-CAPM.
For instance, in terms of net returns received by investors, the estimated proportions of
skilled, unskilled and zero-alpha funds for the 3F-CAPM are 9.1%, 33.0% and 57.9%,
similar to those based on the 4F-CAPM: 8.4%, 34.1% and 57.5%.

When returns are measured before expenses, we have 23.2% out of the entire sample
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as skilled funds, 12.4% as unskilled funds, and 64.4% as zero-alpha funds based on the
estimates from the 3F-CAPM, which are similar to the proportions based on the 4F-
CAPM. If we turn to decomposed results for different significance levels, the results of
the 3F-CAPM are also similar to those of the 4F-CAPM. Specifically, the proportions of
significant funds (S,(%)), lucky funds (Fj (%)), unlucky funds (ﬁv_ ), skilled funds (le )
and unskilled funds (TV_ ) are similar to the ones based on the 4F-CAPM. We also observe
a slight increase in the proportions of skilled funds and unskilled funds when we switch
from lower significance levels to higher ones, which implies that skilled and unskilled
funds are more likely to locate in the extreme tails. These results using the 3F-CAPM

are similar to those using the 4F-CAPM, hence, we conclude that our results are robust

to different versions of the CAPM.
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Table 5.7:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (3F-
CAPM, Time-varying Parameters)

Performance of funds is measured using the multi-regression model based on the 3F-CAPM. Panel A
shows the estimated proportions of zero-alpha (1), unskilled () and skilled (7} ) funds using the FDR
approach on net returns. The lower block of Panel A displays the detailed results including significant
funds (S‘; , S’i ) across the distribution of funds in the left tail and right tail using four different signifi-

cance levels (y = 0.05,0.1,0.15,0.2). Furthermore, significant funds are decomposed into unlucky ( F; )

and unskilled (T,; ) funds in the left tail, and lucky (1317+ ) and skilled (T,;r ) funds in the right tail. The
bottom of the Panel A shows the FDR for each significance level. Panel B shows results on gross returns.

Panel A: Net Returns
Zero alpha (79)  Unskilled (7)) Skilled (7})

Proportion 57.9 (0.02) 33.0 (0.02) 9.1 (0.01)
Number of “funds” 2814 1605 440
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(’y) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(’y)
Signif.S; (%) 19.6 25.0 29.1 322 149 134 115 89  (%)Signif.SF
0.01 0.01 0.01 o0.01 0.01 0.00 0.00 0.00
Unlucky £ (%) 14 29 43 58 5.8 43 29 14  (%)Lucky £
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled T{(%) 18.2 221 24.8 264 9.1 9.1 8.6 7.5 (%)Skilled Tj
0.01 0.01 0.01 o0.01 0.01 0.01 0.00 0.00
FDR™ 74 11.6 14.9 18.0 38.9 324 252 16.2 FDRT

Panel B: Gross Returns

Zero alpha (79)  Unskilled (7) Skilled (7})

Proportion 64.4 (0.02) 12.4 23.2
Number of “funds” 3140 603 1131
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(~) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(~y)
Signif.S’;(%) 9.6 12.7 15.6 18.1 25.0 22.1 193 154 (%)Signif.g,;r
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.01
Unlucky £ (%) 1.6 32 48 64 6.4 48 32 1.6 (%)Lucky Fj

0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 737 (%) 80 9.5 108 11.7 185 17.2 161 13.8 (%)Skilled T3
0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01
FDR~ 167 254 309 356 25.8 219 16.7 10.5 FDR™*
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Figure 5.2: Proportions of Zero-alpha, Skilled and Unskilled Funds over Time

5.7.6 Evolution of Mutual Fund Performance over Time

Since we confirmed that some funds have time-varying manager skill based on the results
of change point tests, it is of interest to examine how the proportions of skilled, unskilled
and zero-alpha funds evolve over time. To do that, we build subsamples that include
funds until the end of each year from 1998 to 2014. Then, we estimate the proportions of
zero-alpha, skilled and unskilled funds for each subsample using the FDR technique and
plot the values in Figure [5.2

As shown in the figure, the proportion of zero-alpha funds remains relatively constant,
fluctuating from 70% to 80%. The proportion of skilled funds continues to drop over these
years, from a peak of 15.5% in 1999 to 0.7% in 2014. Accordingly, the proportions of
unskilled funds increase from around 10% in the early years to around 30% in recent
years. This is generally consistent with the findings of BSW. It is interesting that we find
a dramatic drop of the proportion of unskilled funds, and an increase of proportion of

skilled funds, during the financial crisis period, which echoes the argument of
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(2011)) that funds tend to generate higher alpha in recession periods than in expansion
periods. Generally, these results have shown that the proportions of skilled and unskilled
managers vary dramatically over the years. This also provides justification of using the
change point test to detect time-variation in fund alphas in our study as manager skill is

shown to vary over time.

5.8 Conclusions

Using monthly CRSP mutual fund data, this chapter applied the false discovery rate
technique to estimate the proportion of skilled, unskilled and zero-alpha funds over a
sample of 3673 actively managed mutual funds that invest primarily in U.S. equities.
Differently from the study of BSW, where the traditional 4F-CAPM with time-invariant
regression parameters is applied, we implemented a non-parametric change point test to
detect possible time-variation in fund alphas and betas. Results from the test show that
around 20% of funds in the sample have at least one change in either the alpha or the
betas. Based on the results of the change point test, the data series is then split into
several subintervals according to the estimated dates of the changes detected, which is
referred to as a non-linear multi-regression model.

After factor loadings and fund alphas are allowed to have changes, more skilled and
unskilled funds are found: 8.5% of the funds are shown to be skilled and 34.4% of the
funds are unskilled. The proportion of zero-alpha funds is 57.1%. These results go
counter to many of BSW'’s conclusions; the way we account for time-variation is the main
difference of our study from theirs. We show that the multi-regression model is able to
capture time-variation in the regression parameters and hence to estimate fund alphas

more accurately. Furthermore, a robustness check using the 3F-CAPM show that the
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estimated proportions of skilled, unskilled and zero-alpha funds are similar to those using
the 4F-CAPM.

When we divide our sample into different investment styles and examine their perfor-
mance respectively, aggressive growth funds have the highest proportion of skilled funds
(12.8%) after all costs. Growth funds and growth & income funds have 8.8% and 10.0%
skilled funds, respectively. When returns are measured before expenses, growth & income
funds, rather than aggressive growth funds, have the highest proportion of skilled funds
(22.1%). This is reasonable given that aggressive growth funds aim to achieve the highest
capital gains and usually have the highest turnover. Therefore, for pre-expense returns,
when fund managers are required to cover the costs missed in expenses, mainly trading
costs, to achieve zero-alpha, aggressive growth funds could perform worse than the other
two styles.

To summarize, this study conducted a change point test to detect time-variation in
the regression parameters, which remains a problem in the literature. Our results go
counter to many of the conclusions of previous studies including BSW, that are based on
the traditional factor models. We confirm that there is a significant proportion of skilled
managers out there that can produce excess returns to beat the passive benchmarks; this,
to some extent, may explain why investors continue to invest in actively managed mutual
funds. However, the proportion of skilled managers decreases dramatically when returns
are measured after trading costs as well as expenses, indicating that a fund’s expense

policy can play an important role in the underperformance of mutual funds.
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Appendix 5.A  Details on the False Discovery Rate Approach

This appendix explains how luck is controlled for using the False Discovery Rate (FDR)
approach of |Barras, Scaillet and Wermers| (2010) (hereafter, BSW), which is based on
the approach of |Storey| (2002)). This appendix also shows the equations to compute the
standard errors of relevant estimates. The main objective of the FDR approach is to
build a framework to estimate the proportions of mutual funds that truly outperform the
passive benchmarks. Rather than controlling for the rate of false discoveries, which is
what this method is originally designed for, BSW focus on estimating the proportions of
false discoveries. In other words, the approach implemented here does not offer “control”
of FDR. This may seem counter-intuitive in the traditional multiple test setting, however,
it can make sense in this context. In fact, we are more interested in obtaining the
proportion of funds that falsely exhibit significant estimated alphas, than in controlling
for it. Having this information, we can then estimate the proportions of mutual funds

that truly outperform the benchmarks.

5.A.1 The Impact of Luck in a Multiple Fund Setting

As shown in Chapter [5], Section [5.3) mutual funds can be categorized into three perfor-
mance groups: unskilled, zero-alpha and skilled funds. Of course, we are not able to
observe the true alphas of funds in the population. Therefore, to infer the existence of
each of the aforementioned performance groups, we base on individual funds’ performance
estimates. To begin with, we use the t-statistic (£; = &;/64,) of funds as the performance
measure. Second, a significance level v (e.g. 5%) is chosen to observe whether #; lies

outside the thresholds implied by v (t; = —1.65 and tI = 1.65) and we label it as
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“significant” if it is such an outlier. As we have 3673 fund in the sample, this proce-
dure applied across all funds simultaneously, becomes a multiple hypothesis test, which

is given in Equation [5.18}

H071 Lo = 0, HA,1 Oy 7é 0, (518)
(5.19)
H07NIO[N:O,HA7NIOZN7£O; (520)

However, a simple count of significant ¢(a) funds does not adjust for the role of luck
in such a multiple hypothesis test setting as many funds can have significant estimated
t(a) estimates due to luck. To control for luck in this multiple test context, i.e. false
discoveries, we base on the fact that given a significance level ~, the probability of a
zero-alpha fund showing luck equals v/2, and the probability of a zero-alpha fund being
unlucky is also /2. These lucky and unlucky funds have significant estimated #(«)
estimates, but all are zero true alpha funds and hence are “false discoveries”. Therefore,
the main virtue of the FDR approach is simple: the only parameter needed to determine
the proportions of false discoveries, is the proportion of zero-alpha funds in the population
(denoted 7). Previous studies tend to impose a prior assumption on w9, BSW estimate
it using a straightforward approach that is based on the p-values of individual fund alpha
estimates alone.

Once the proportion of true zero-alpha funds (m) is estimated, we can compute the
proportion of funds being unlucky (having significant negative alpha estimate, but are true
zero-alpha funds) or lucky (having significant positive alpha estimate, but are true zero-

alpha funds). Hence, we can further compute the proportions of truly skilled (unskilled)
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funds by subtracting the proportion of lucky (unlucky) funds from significant positive

(negative) alpha estimates funds.

5.A.2 Standard Errors of Statistics

To get the standard errors of the estimates in Chapter [5 Section [5.5.3 the following
equations are used to compute oz, Gﬁ, EJ'\S;L, 8@ and /a\ﬁ. Formal justification for these

formulas can be found in the Internet Appendix of BSW:

- _(Few -
OF0 = ( N3(1 — \¥)2 ) ’ (5.21)

where W(A*) denotes the number of funds that have p-values greater than \*. Then we

have:
Opr = (7/2)0, (5.22)
SH(1 — ST\ 2
Ogr = (—”( N ”)) : (5.23)
~ ~ R 2) WO\’
Op+ = (O-ﬁf + (’7/2)20?0 + 21(7_//\)* S:— ]\(]2 )> , (5.24)

and if 7* = 4T, the standard errors of 7 is computed as g7+ . To reserve equality, 8%2
’Y*

is given by:

=

R SO 1 W s
%A:<G;X+J;O(A*)_2<1_A*>s; a0 /2>a%o> SCES

*

In the case where v* = ~7, the superscripts are reversed to obtain all the standard

deviations.
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Chapter 6

Data Selection, Conditional Models and
Bootstrap Methods in Mutual Fund Studies:

A Critical Evaluation

6.1 Introduction

This chapter discusses three important issues related to mutual fund studies in general.
These issues remain controversial in the literature, hence we revisit these issues in this
chapter, and aim to provide a critical evaluation that sheds new light on these issues.
First, this chapter looks at sample selection issues associated with mutual fund data
used to evaluate performance of U.S. mutual funds. These issues can be grouped into
three types: the first of this taxonomy concerns the minimum number of months a fund
must have before it is included in the sample; the second is the incubated returns of
funds, i.e. the attractive return history established when they are given the seed money

by their fund families; and the last type addresses the newly established funds in the
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sample. Different rules are used in previous studies to include funds in their samples, and
as a consequence some of them have come to contradictory conclusions. For example,
Fama and French (2010)) (hereafter F&F) include a fund into their sample if it has at
least 8 months of return history, whereas Barras, Scaillet and Wermers (2010) (hereafter
BSW) require a fund to have at least 60 months of returns history to be included. Hence,
it is of interest to examine how different ways of constructing datasets lead to different
conclusions.

Using the CRSP survivor-bias free data, we construct several different datasets that
allow us to examine the effects of different treatments regarding incubated returns, new
funds, and funds with short return history, on the cross-sectional distribution of ¢(«)
estimates. The results from the regressions show that including incubated returns pro-
duces slightly smaller individual fund alpha estimates compared to the other funds. More
importantly, the use of a longer minimum return history a fund has, produces a larger
alpha estimate on an aggregate equal-weighted portfolio, and shift the cross-sectional
distribution of alpha (¢(«)) estimates to the right. This implies that the requirement of
a longer minimum return history would induce more survivor-bias given that funds with
short return history are excluded from study. The effect of this is to bias findings towards
existence of managers with stock selecting skills.

The second issue concerns the methods used in conditional performance evaluation.
It has been traditional to measure fund performance by the average excess return, net
of a fixed benchmark return over some historical period. However, it is well-known
that fund managers may apply dynamic trading strategies including adjusting portfolio
weights to respond to the changing market, hence betas can be time-varying. Based on

this, [Ferson and Schadt| (1996]) developed a conditional CAPM where the market beta
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is a linear function of some public information variables. Although they confirm that
these information variables are statistically significant, and the use of their conditional
model improves the performance of funds in their sample, recent studies by |[Blake and
Timmermann| (1998), Kacperczyk et al.| (2005)), [Kosowski, Timmermann, Wermers and
White (2006) (hereafter, KTWW), |Cuthbertson et al. (2008), BSW and |Cuthbertson
et al.| (2012) argue that the Ferson-Schadt conditional model produces estimates of fund
alphas that not significantly different from unconditional versions of these models. This
motivates us, as described in Chapter 4, to use a novel approach to capture time-variation
in the alpha and betas.

Since |[Ferson and Schadt| (1996)) and later studies that used the Ferson-Schadt condi-
tional model come to differ, we aim to revisit this model and estimate fund alphas with it
on our data. Results produced here suggest that Ferson-Schadt conditional model yields
similar ¢(«) estimates relative to those from the unconditional models. [Ferson and Schadt
(1996) takes a reduced-form approach to model time-variation in the market beta of the
CAPM, i.e. the market beta is a linear function of the macroeconomic variables. While
this simplifies the model and facilitates estimation, this specification may not capture
other forms of time-variation that cause the market beta to vary over time. Because of
this, it is argued here that a more appropriate method to model this time-variation is to
test for changes in the regression parameters of the various versions of the CAPM, using
a nonparametric test, as shown in Chapters 4 and 5. With this information, it is a simple
process to estimate those factor models that allows the regression parameters to take
discrete change over a fund’s time-series of returns. This allows us to take an agnostic
view on the nature of the relation between risk factors and the information variables.

A further issue of concern are the bootstrap methods that have been widely used
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in mutual fund studies. We have seen different bootstrap methods applied in previous
studies. The most frequently used are bootstrap by residuals, bootstrap by pairs, and
block bootstrap. KTWW and BSW use bootstrap by residuals that resamples from the
residuals of fitted regression models to produce bootstrapped cross-sectional alpha (¢(«))
estimates. Given that resampling from residuals is undertaken for each fund separately,
F&F argue that bootstrap by residuals would lose any effect of cross-fund correlation in
the simulation. Instead, F&F use bootstrap by pairs that resamples from a fund’s returns
and explanatory returns jointly as a pair, and resamples for all funds simultaneously.
Furthermore, to capture possible autocorrelation effects in the time series, BSW use a
block bootstrap method that resamples from blocks of residuals.

Different choices of resampling procedure has an important impact on the cross-
sectional distribution of #(«) estimates and could affect the inferences made regarding
the existence of skilled managers. To examine this impact, we redo the analysis of F&F
and BSW on our data using the aforementioned three bootstrap methods, respectively.
Results from the simulations show that, overall, bootstrap by residuals tends to produce
less extreme simulated ¢(«) estimates, and autocorrelation effect is only a minor issue in
our study.

The rest of the chapter is organized as follows: Section explores the sample selec-
tion issues. Section [6.3 examines the Ferson-Schadt conditional model and Section [6.4]

evaluates the bootstrap methods. The final section concludes.

6.2 Data Selection Issues

Although the CRSP mutual fund database has been widely used in the literature (Carhart,

1997} Daniel et al., [1997; Kosowski et al., 2006 Wermers|, 2000; Ferson and Schadt|, [1996;
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Berk and Green, 2004; |[Elton et al. 2007} [French, 2008; Evans, 2010; Fama and Frenchl
2010; Barras et al., [2010), previous studies have applied different rules when selecting
funds to include in their samples. For example, F&F include funds in their sample as
long as the fund has at least eight months of return history, Pastor and Stambaugh| (2002)
require funds in the sample to have at least 12 months of return history, Wermers (2000))
include a fund only if it has survived for at least 24 months, and funds in the sample of
Sirri and Tufano| (1998), KTWW and BSW have a minimum 60 months of return history.

In this section, we examine data selection issues based on two recent studies: F&F
and BSW, where they differ in their data lies in which funds from CRSP that they include
in their research. Specifically, as described previously, F&F and BSW include funds that
have different minimum return history, and fewer funds are included in BSW’s data (60-
month rule) compared to F&F’s (8-month rule). A consequence of this is that the results
of BSW will trade off the effects of more survivor bias for more accurate estimates of
parameters. They also have different treatments regarding incubated returns of funds.
F&F argue that “incubation” bias arises because funds are often given seed money by
a management company to develop an appealing return history, and these returns are
included in the sample. F&F offset the effects of this bias on their results by setting
an asset under management (AUM) threshold that a fund must exceed in order to be
selected, whereas BSW do not correct for this bias. A last source of their differences in
the data used in their research is due to different treatments of new funds that appear
less than five years before the end date of the sample. F&F exclude these new funds,
whereas BSW did not exclude them. Therefore, to examine how different methods of
constructing datasets lead to different estimates of fund alphas in F&F and BSW, two

datasets have been constructed here: one based on F&F’s selection rules and the other
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one based on BSW.

6.2.1 Regression Framework

Firstly, we reproduce the baseline models used to estimate fund alphas. Three baseline
models are used here to estimate fund alphas, and these are the CAPM, the 3F-CAPM

and the 4F-CAPM. Their respective forms are given below:

Ri; — R = o + Bu(R" — R) + .4, (6.1)
R — Rf =o; + (R — Rf) + BoiSM By + Bsi HM Ly + €4, (6.2)

Rit — R = o + Bu(R" — R) + ByiSM B, + B3 HM Ly + By MOM; + £;4,  (6.3)

where R;; is the return for month ¢ of fund 7, R{ is the risk-free rate, which is the
one-month U.S. Treasury bill rate, R}" is the market return constructed with a value-
weighted portfolio of NASDAQ, NYSE and Amex stocks, SM B; and HM L, are the size
and value-growth returns constructed along the lines of [Fama and French| (1993)), M O M,
is the momentum return of Carhart| (1997), «; (the estimate of «;) is the return left
unexplained by this benchmark portfolio, i.e. the extra return generated by funds and
€;¢ is the regression residual. The four factors that appear in the augmented versions of

the CAPM are obtained from Kenneth French’s websitedl

6.2.2 Aggregate Performance on Datasets Using Different Selection Rules

First, interest here concerns aggregate fund performance of these two datasets. In par-

ticular, fund monthly returns are averaged in two ways to characterize aggregate fund

'http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

154


http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

performance. An equal-weight portfolio of monthly fund returns is formed by averaging
monthly returns for funds in the sample. This will allow assessment of fund performance
on average. Also of interest is the performance in terms of return of aggregate wealth
invested in U.S. mutual funds. This is assessed by a weighted average of monthly returns
of funds where the weights are the values of funds’ beginning-of-month assets under man-
agement. We run regressions using the CAPM, the 3F-CAPM and the 4F-CAPM and

results from these regressions are presented in Table [6.1]
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Table 6.1:

A Comparison of Intercepts and Slopes in Variants of Regression for
Equal-Weight (EW) and Value-Weight (VW) Portfolios of Actively Managed
Mutual Funds (F&F vs. BSW Datasets)

This table provides the annualized intercepts (12*&) and t-statistics for the intercepts (t(Coef))
for the CAPM, the 3F-CAPM, and the 4F-CAPM estimated on an equal-weight (EW) and value-weight
(VW), net and gross returns based on two panels of actively managed mutual funds. One panel of funds
is established following the methods in F&F and the other one following BSW. Regressions slopes (Bl,
B, B3, and 34) for the corresponding factors (RM — Rf, SMB, HML, and MOM) are also shown in
the table. It should be noted that for the market slope, t(Coef) tests the null hypothesis that 3 is equal
to 1. Net returns are returns reported in the CRSP mutual fund database, and the gross returns are
net returns plus 1/12%" of a fund’s expense ratio at that year end. When a fund’s expense ratio for a
year is missing, we replace it with the expense ratio of the fund that has the same investment style and
has similar assets under management (AUM). As for those funds with zero expense ratios, we manually
check some of their annual reports and confirm that they in fact have positive expense ratios. Hence, we
treat zero expense ratios as missing values. Our sample covers the period from January 1984 to March
2015.

12%6 (%)
Net Gross B Bo B3 B4 R? (%)

Section A: Comparison of Results on EW Returns

F&F Dataset

CAPM Coef -0.88 0.41 0.99 0.96
t(Coef) -1.60 0.74 -0.87
3F-CAPM Coef -0.87 0.42 0.96 0.21 0.02 0.98
t(Coef) 217 1.03 489 1810 153
4F-CAPM Coef -0.88 0.41 0.96 0.21 0.02 -0.00 0.98
t(Coef) -2.14 1.00 -4.73 18.06 1.51 0.06
BSW Dataset
CAPM Coef -0.80 0.51 1 0.96
t(Coef) -1.50 0.95 -0.41
3F-CAPM Coef -0.78 0.53 0.97 0.20 0.02 0.98
t(Coef) -2.05 1.38 -4.52 18.75 1.34
4F-CAPM Coef -0.80 0.51 0.97 0.20 0.02 0.00 0.98
t(Coef) 2.05 1.31 432 1871 134 0.4

continued
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Table |6_1| — continued

12%6 (%)
Net Gross By Ba Bs B R? (%)

Section B: Comparison of Results on VW Returns
F&F Dataset
CAPM Coef -1.01 -0.03 0.98 0.98
t(Coef) -2.59 -0.08 -3.24
3F-CAPM Coef -0.96 0.01 0.96 0.09 -0.00 0.98
t(Coef) -2.72 0.04 -5.53 9.04 -0.12
4F-CAPM Coef -0.98 -0.01 0.96 0.09 -0.00 0.00 0.98
t(Coef) -2.73 -0.02 -5.29 9.02 -0.06 0.33
BSW Dataset
CAPM Coef -1.02 -0.05 0.98 0.98
t(Coef) -2.76 -0.14 -2.93
3F-CAPM Coef -0.97 0.00 0.97 0.09 -0.00 0.99
t(Coef) -2.88 0.00 -5.32 9.10 -0.35
4F-CAPM Coef -0.99 -0.02 0.97 0.09 -0.00 0.00 0.99
t(Coef) -2.90 -0.07 -5.07 9.07 -0.30 0.37

As shown in Table [6.1], in terms of net returns received by investors, the performance

Regarding the differences of results for the F&F and BSW datasets, for EW portfolios
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returns and negative for VW returns, both being insignificant from zero.

of funds is generally not promising. For gross returns, fund alphas are positive for EW

where funds are weighted equally, we see that the BSW dataset produces slightly more
promising results than that of F&F generally. The annualized alphas for the F&F dataset
are from -0.88 to -0.87, and the BSW dataset has annualized alphas that range from -0.78
to -0.80. When returns are measured before expenses, annualized alphas based on F&F
are between 0.40 and 0.41, which are smaller than alphas using the BSW dataset, being

0.51-0.53. As to VW portfolios, the annualized alphas are similar for both datasets. This



is not surprising given that fund returns that are not included in the BSW dataset are
incubated returns and funds with short return histories; these funds tend to have small
assets under management, so their contribution to an value-weighted aggregate portfolio

is much smaller compared to an equal-weighted portfolio.

6.2.3 A Further Examination of Sample Selection Issues

To explore further the sample selection issues, in particular, the exact source that leads to
the different results on aggregate portfolios, we construct a further three panels of funds,
along with the F&F dataset, where: (i) Panel A is the F&F dataset, or the benchmark
dataset, which excludes newly established funds within 5 years before the end of our
sample period March 2015, incubated returns of funds when they do not pass a $5 million
AUM bound, and funds that have less than 8 months of returns history; the construction
of the other three panels follows F&F’s methodology, but (ii) Panel B includes new funds;
(iii) Panel C includes incubated returns of funds; (iv) Panel D excludes funds that have
less than 60 months of return history. Estimates for the three versions of the CAPM

using EW and VW portfolio of funds in the respective sample are reported in Table [6.2]
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Table 6.2:

Intercepts and Slopes in Variants of the CAPM for Equal-Weight (EW) and
Value-Weight (VW) Portfolios of Actively Managed Mutual Funds (Different
Sample Selection Rules)

This table provides the annualized intercepts (12*&) and t-statistics for the intercepts (¢(Coef)) for the
CAPM, the 3F-CAPM, and the 4F-CAPM estimated on an equal-weight (EW) and value-weight (VW),
net and gross returns based on four different panels of actively managed mutual funds that are built
according to different sample selection rules. Regressions slopes (Bl, Bg, Bg, and 34) for the corresponding
factors (RM — Rf, SMB, HML, and MOM) are also shown in the table. It should be noted that for
the market slope, t(Coef) tests the null hypothesis that § is equal to 1. Net returns are returns reported
in the CRSP mutual fund database, and the gross returns are net returns plus 1/12%" of a fund’s expense
ratio at that year end. When a fund’s expense ratio for a year is missing, we replace it with the expense
ratio of the fund that has the same investment style and has similar assets under management (AUM).
As for those funds with zero expense ratios, we manually check some of their annual reports and confirm
that they in fact have positive expense ratios. Hence, we treat zero expense ratios as missing values. All
the panels cover the period from January 1984 to March 2015.

12*%& (%)
Net Gross B Ba Bs Ba R? (%)
Panel A: F&F dataset (Benchmark dataset)
EW Returns
CAPM Coef -0.88 0.41 0.99 0.96
t(Coef) -1.60 0.74 -0.87
3F-CAPM Coef -0.87 0.42 0.96 0.21 0.02 0.98
t(Coef) 217 103 489 1810  1.53
4F-CAPM Coef -0.88 0.41 0.96 0.21 0.02 -0.00 0.98
t(Coef) -2.14 1.00 -4.73 18.06 1.51 0.06
VW Returns
CAPM Coef -1.01 -0.03 0.98 0.98
t(Coef) 259 008  -3.24
3F-CAPM Coef -0.96 0.01 0.96 0.09 -0.00 0.98
t(Coef) -2.72 0.04 -5.53 9.04 -0.12
4F-CAPM Coef -0.98 -0.01 0.96 0.09 -0.00 0.00 0.98
t(Coef) -2.73 -0.02 -5.29 9.02 -0.06 0.33

continued

159



Table |6_2| — continued

12%6 (%)
Net Gross By Bo Bs B R? (%)
Panel B: Including new funds

EW Returns

CAPM Coef -0.89 0.40 0.99 0.98
t(Coef) -1.62 0.72 -0.93

3F-CAPM Coef -0.88 0.41 0.96 0.20 0.02 0.98
t(Coef) -2.20 1.01 -4.98 18.09 1.51

4F-CAPM Coef -0.89 0.40 0.96 0.20 0.02 0.00 0.98
t(Coef) -2.17 0.98 -4.81 18.05 1.50 0.06

VW Returns

CAPM Coef -1.01 -0.04 0.98 0.98
t(Coef) -2.61 -0.09 -3.28

3F-CAPM Coef -0.97 0.01 0.96 0.09 0.00 0.98
t(Coef) -2.74 0.03 -5.58 9.02 -0.14
4F-CAPM Coef -0.99 -0.01 0.96 0.09 0.00 0.00 0.98
t(Coef) -2.75 -0.03 -5.33 8.99 -0.08 0.32

Panel C: Including incubated returns

EW Returns

CAPM Coef -1.02 0.32 0.99 0.98
t(Coef) -1.85 0.58 -1.12
3F-CAPM Coef -1.02 0.32 0.96 0.21 0.02 0.98
t(Coef) -2.54 0.79 -5.21 18.20 1.67
4F-CAPM Coef -0.99 0.35 0.96 0.21 0.02 0.00 0.98
t(Coef) -2.43 0.85 -5.14 18.18 1.56 -0.39

VW Returns
CAPM Coef -1.01 -0.03 0.98 0.98
t(Coef) -2.59 -0.08 -3.23
3F-CAPM Coef -0.96 0.01 0.96 0.09 0.00 0.98
t(Coef) -2.72 0.04 -5.54 9.05 -0.12
4F-CAPM Coef -0.98 -0.01 0.96 0.09 0.00 0.00 0.98
t(Coef) -2.74 -0.02 -5.29 9.02 -0.06 0.33

continued
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Table |6_2| — continued

12%G (%)

Net Gross B Ba Bs B R? (%)

Panel D: Using the 60-month rule

EW Returns
CAPM Coef -0.70 0.56 1.00 0.98
t(Coef) -1.30 1.04 -0.10
3F-CAPM Coef -0.70 0.57 0.97 0.21 0.02 0.98
t(Coef) -1.80 1.47 -4.06 18.93 1.60
4F-CAPM Coef -0.74 0.53 0.97 0.21 0.02 0.00 0.98
t(Coef) -1.88 1.34 -3.80 18.88 1.68 0.58
VW Returns
CAPM Coef -1.02 -0.05 0.98 0.98
t(Coef) -2.74 -0.14 -2.86
3F-CAPM Coef -0.97 0.00 0.97 0.09 0.00 0.98
t(Coef) -2.89 -0.01 -5.25 9.24 -0.27
4F-CAPM Coef -0.99 -0.02 0.97 0.09 0.00 0.00 0.98
t(Coef) -2.90 -0.07 -5.01 9.21 -0.20 0.36

As shown in Table a comparison of results based on the other three panels to
those based on the benchmark sample (F&F dataset) suggests the following conclusions:
compared to the benchmark sample, (i) the sample including new funds (Panel B) gen-
erates similar alpha estimates; (ii) including incubated returns (Panel C), i.e. without
excluding pre-release returns, gives more negative net alpha and less positive gross alpha

estimates for the EW portfolio; (iii) using the 60-month rule (Panel D) gives less negative

net alpha and more positive gross alpha estimates for the EW portfolio.

It should be noted that, in terms of the incubated fund returns, our results are con-
trary to the findings of Evans| (2010) and F&F where they assert that incubated funds

should have enhanced performance, hence, including incubated returns would lead to
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greater values of alpha estimates. However, Panel C that includes incubated fund re-
turns produces more negative net alpha and less positive gross alpha estimates relative to
the benchmark sample. This suggests that the included incubated funds underperform
the other funds. Therefore, we show that incubated funds in aggregate do not deliver
enhanced performance, and excluding incubated funds, i.e. the part of return history
when funds do not pass a certain AUM bound, does not correct for “incubation” bias as
suggested by F&F. We argue that this is reasonable given that funds could underperform
in “incubated” times as they just enter the market and usually have lower levels of assets

under management, hence are more vulnerable to risks or distresses.
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Table 6.3: Percentiles of Actual t(a) Estimates: 1984-2015 (Different Sample
Selection Rules)

This table shows the values of ¢(«) estimates at selected percentiles (Pct) of the distribution of ()
estimates for net and gross returns, for four panels using different sample selection rules. Panel A is a
replication of F&F dataset and the other panels follow the methodology of F&F but (i) Panel B does not
exclude new funds; (ii) Panel C includes incubated returns; (iii) Panel D use a 60-month rule instead of
8-month rule for the requirement of minimum return history. Panel A that uses the F&F dataset serves
as a benchmark dataset. Fund ¢(a) estimates are estimated using the 4F-CAPM. There are 5006 funds
in Panel A, 5435 funds in Panel B, 5392 funds in Panel C and 3553 funds in Panel D. All panels cover
the period from January 1984 to March 2015.

Net returns Gross returns

Pct Panel Panel Panel Panel Panel Panel Panel Panel
A B C D A B C D

1 -3.79 -3.76 -3.80 -3.52 -2.99 -3.00 -3.03 -2.66
2 -3.26 -3.26 -3.34 -3.13 -2.53 -2.56 -2.54 -2.33
3 -2.99 -2.99 -3.01 -2.95 -2.32 -2.32 -2.31 -2.05
4 -2.86 -2.86 -2.88 -2.81 -2.11 -2.11 -2.11 -1.93
5 -2.71 -2.70 -2.73 -2.68 -1.99 -2.00 -1.99 -1.84
10 -2.23 -2.23 -2.23 -2.20 -1.54 -1.55 -1.54 -1.37
20 -1.68 -1.67  -1.66 -1.65 -0.93 -0.94 -0.96 -0.78
30 -1.24 -1.24 -1.24 -1.23 -0.53 -0.55 -0.55 -0.39

40 -0.91 -0.91 -0.92  -090 -0.22 -0.23 -0.23  -0.07
50 -0.61 -0.61 -0.61 -0.59 0.09 0.08 0.08 0.24
60 -0.32 -032 -0.32 -0.30 0.38 0.37 0.36 0.54
70 0.01 0.01 0.01 0.04 0.71 0.70 0.71 0.87
80 0.40 0.40 0.41 0.47 1.10 1.09 1.12 1.29
90 1.00 1.00 1.00 1.09 1.73 1.71 1.73 1.92

95 1.49 1.47 1.50 1.56 2.26 2.23 2.24 2.39
96 1.62 1.60 1.62 1.68 2.40 2.38 2.38 2.56
97 1.85 1.82 1.83 1.92 2.63 2.59 2.58 2.75
98 2.12 2.11 2.08 2.15 2.89 2.86 2.89 3.08
99 2.56 2.52 2.53 2.58 3.40 3.33 3.43 3.51

We also estimate the alpha for individual funds to see if the distribution of cross-
sectional ¢(«v) estimates vary among the above four panels. As shown in Table [6.3]
compared to the F&F dataset (Panel A), Panel B that includes new funds, and Panel
C that includes incubated returns, produce similar percentiles of cross-sectional ()

estimates. Panel D that uses a 60-month rule generates less negative t(«) estimates in
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the left tail and more positive t(«) estimates in the right tail compared to the F&F dataset
that uses a 8-month rule. This confirms our argument that requiring a longer minimum
return history for a fund to be included in the sample would induce more survivor bias
given that funds with short return history are excluded from the sample. Hence, using
a 60-month rule as suggested by BSW biases their conclusions towards more promising

inferences on the manager skill of mutual funds.

6.2.4 A Re-examination of F&F’'s and BSW's Analysis Using Different Sam-

ple Selection Rules

6.2.4.1 Different Minimum Return History Requirements

Knowing that different selection rules could lead to different results, we further redo the
analysis of F&F based on a dataset using the 60-month rule, and the analysis of BSW
based on a dataset using the 8-month rule. This allows us to further understand possible
consequences of applying different rules to select funds in their analysis. Since various
version of the CAPM tend to give similar results as shown in Section [6.2.2] for brevity,
we use the 4F-CAPM to estimate fund alphas here.

To replicate F&F’s analysis based on a dataset using the 60-month rule, we construct
a new dataset according to F&F’s methodology except we exclude funds that have less
than 60 months return history, and perform the simulations described in Chapter [4]
Section on this new dataset. Results are shown in Table Generally, using the
60-month rule produces more positive actual t(«) estimates in the right tail and less
negative actual ¢(«) estimates in the left tail, for net and gross returns, compared to
those using the 8-month rule. Similarly, the likelihoods are greater for the dataset using

the 60-month rule. This suggests that different rules of selecting funds in the sample can
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alter the inferences on the existence of skilled and unskilled funds. A rule that requires
longer minimum return history that funds should survive before they can be included in
the sample, rules out those funds with short return histories; it hence produces larger ¢(«)
estimates, indicating larger probabilities of funds being skilled in the right tail and smaller
probabilities of funds being unskilled in the left tail of the cross-sectional distribution of

t(«) estimates.
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Table 6.4: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2015
(8-month vs. 60-month Rule)

This table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns jointly as a pair. Panel A shows the comparison of
percentiles of net return ¢(a) estimates on a dataset using an inclusion rule of 8 months to those on a
dataset using an inclusion rule of 60 months, and the comparison for gross returns are shown in Panel B.
There are 5006 funds in the sample using an inclusion rule of 8 months; when funds are required to have
at least 60 months of return history to be included in the sample, we have 3553 funds in the dataset.
Both datasets cover the period from January 1984 to March 2015.

Panel A: net returns Panel B: gross returns

8month rule 60-month rule 8-month rule 60-month rule
Pct Act Sim %> Act Sim %> Act Sim %> Act Sim %>

-3.719 -246 0.01 -3.52 -232 0.10 -2.99 -247 340 -2.66 -2.33 13.00
-3.26 -2.12  0.01 -3.13 -2.05 0.10 -253 -2.13 580 -2.33 -2.06 16.05
-299 -193 0.01 -296 -1.88 0.10 -232 -1.93 584 -2.05 -1.89 23.85
-2.86 -1.7v8 001 -281 -1.75 0.05 -211 -1.79 859 -1.93 -1.76 23.00
-2.71 -1.67 0.01 -268 -1.65 0.10 -1.99 -1.68 846 -1.84 -1.65 21.30

U s W N+~

10 -223 -1.29 0.01 -220 -1.28 0.20 -1.54 -1.29 11.80 -1.37 -1.29 33.00
20 -1.68 -0.84 0.02 -1.65 -0.84 030 -093 -0.85 31.68 -0.78 -0.85 59.30
30 -1.24 -0.52 0.02 -1.23 -0.53 0.45 -0.53 -0.53 48.10 -0.39 -0.53 72.85
40  -091 -0.25 0.03 -0.90 -0.26 0.75 -0.22 -0.26 57.56 -0.07 -0.26 79.95
50 -0.61 -0.00 0.03 -0.59 0.00 075 0.09 -0.01 6944 0.24 -0.01 85.95
60 -0.32 025 004 -030 025 08 038 025 7757 054 0.25 89.00
70 0.01 052 0.09 004 052 155 071 052 8439 087 0.52 91.40
80 040 084 040 048 084 6.05 110 0.84 9030 1.29 0.83 9595
90 1.00 1.29 657 1.09 1.28 2455 1.73 129 97.14 192 1.27 98.60

95 149 168 19.20 156 1.65 41.20 2.26 1.68 98.61 239 1.64 99.05
96 1.62 1.80 2214 1.68 1.75 44.10 240 1.79 98.76 256 1.74 99.20
97 1.85 194 3798 192 188 5860 263 194 99.10 275 1.87 99.55
98 212 214 50.18 215 2.06 67.06 289 214 99.36 3.08 2.04 99.80
99 2.56 249 63.18 258 233 81.25 340 249 99.67 3.51 2.32 99.90

We further replicate the analysis of BSW to quantify the proportion of skilled and
unskilled funds based on another new dataset, which is built according to BSW’s method-

ology except that funds are included if they have more than 8 months of return history.
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We estimate fund alphas using the 4F-CAPM, and perform the FDR technique as de-
scribed in Chapter [5], Section to estimate the proportion of skilled, unskilled and
zero-alpha funds. The results are shown in Appendix [6.A] Table

For net returns, the proportion of skilled funds increases slightly from 0.7% to 1.7%
when we switch from an inclusion rule of 60 months to 8 months. We also look at the
decomposed results as shown in the lower block of Panels A and B, i.e. the proportion
of unskilled funds at different levels of v. Compared to Panel A (14.0%, 19.5%, 24.6%,
28.5% at significance level v = 0.05,0.1,0.15, 0.2, respectively), Panel B that uses the 8-
month rule indeed produces smaller proportions of unskilled funds (17.9%, 23.4%, 28.3%,
32.1% at significance level v = 0.05,0.1,0.15,0.2, respectively). For gross returns, the
proportion of skilled funds decreases dramatically from 12.7% to 6.6% and the proportion
of unskilled funds increases from 3.1% to 8.4%. Generally, these results suggest that when
funds are required to have a longer minimum return history to be included in the sample,
more unskilled funds are discovered. This is consistent with our argument that funds
which survived less than 60 months tend to underperform the passive benchmarks, hence

most of them will be identified as unskilled funds if they are included in the sample.

6.2.4.2 Different Treatments on Incubated Fund Returns

To examine the impacts of different treatments on incubated returns, we redo the analysis
of F&F and BSW based on a dataset with incubated returns included in the sample,
and compare to the dataset that has the incubated returns opted out. Recall that the
incubated returns are return history of funds when their assets under management (AUM)
do not pass a certain bound, and the definition of the AUM bound is given in Appendix[A]

Section [ALT]
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Results of the comparison based on F&F’s analysis are shown in Table [6.5] Generally,
the dataset with the incubated returns produces similar actual ¢(«) estimates, and slightly
more negative simulated ¢(«) estimates in the left tail and more positive simulated ¢(«)
estimates in the right tail at selected percentiles. As a results, the likelihoods are slightly
greater for the left tail percentiles and smaller for the right tails for the dataset with the

incubated returns, although the difference is trivial.
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Table 6.5: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2015
(With and without Incubated Returns)

This table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns jointly as a pair. Panel A shows the comparison of
percentiles of net return ¢(«) estimates on a dataset without incubated returns to those on a dataset
with incubated returns, and the comparison for gross returns are shown in Panel B. There are 5006
funds in the sample without incubated returns and 5390 funds in the dataset with incubated returns
from January 1984 to March 2015.

Panel A: net returns Panel B: gross returns
Without With Without With
incubated returns incubated returns incubated returns incubated returns

Pct Act Sim %> Act Sim %> Act Sim %> Act Sim %>

Net Returns Gross Returns

1 -3.79 -246 0.01 -3.82 -254 0.09 -299 -247 340 -3.03 -2.53 4.64
2 -3.26 -2.12  0.01 -3.34 -2.18 0.07 -2.53 -2.13 580 -255 -2.17 7.14
3 -299 -193 001 -3.01 -1.97 0.07 -232 -1.93 584 -231 -1.97 7.79
4 -2.86 -1.78 0.01 -2.88 -1.83 0.07 -2.11 -1.79 859 -2.11 -1.82 10.42
5 -2.71 -1.67 001 -2.73 -1.71 0.07 -199 -1.68 846 -1.99 -1.70 10.19

10 -223 -1.29 0.01 -223 -1.32 0.06 -1.54 -1.29 11.80 -1.54 -1.31 13.75
20 -1.68 -0.84 0.02 -166 -0.86 0.03 -0.93 -0.85 31.68 -0.96 -0.86 28.32
30 -1.24 -0.52 0.02 -1.24 -0.53 0.04 -0.53 -0.53 48.10 -0.55 -0.53 42.70
40 -091 -0.25 0.03 -0.92 -0.26 0.05 -0.22 -0.26 57.56 -0.23 -0.26 53.61
50 -0.61 -0.00 0.03 -0.61 0.00 0.06 0.09 -0.01 6944 0.08 0.00 67.23
60 -0.32 025 004 -032 026 006 038 025 7757 0.36 0.26 72.66
70 0.01 052 0.09 001 053 008 071 052 8439 071 0.53 82.66
80 040 084 040 041 086 034 1.10 0.84 90.30 1.12 0.86 89.87
90 1.00 129 6.57 100 132 464 173 129 9714 173 132 96.36

95 149 168 19.20 150 1.72 16.34 226 1.68 98.61 224 1.72 97.89
96 1.62 1.80 2214 1.62 1.84 1812 240 1.v9 98.76 238 1.84 98.01
97 1.85 194 3798 183 199 2584 263 194 99.10 259 199 98.43
98 212 214 50.18 208 2.20 3441 289 214 99.36 2.89 220 98.92
99 2.56 249 63.18 255 258 51.10 3.40 249 99.67 3.44 2.57 99.08

We further replicate the analysis of BSW to quantify the proportion of skilled and

unskilled funds based on this two datasets, and the results are shown in Appendix [6.4]
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Table Generally, the results using the dataset with the incubated returns included
are similar to those using the dataset with the incubated returns opted out, except that
for the gross returns, when the incubated returns are included, we find a slightly smaller
proportion of skilled funds.

Knowing that different rules in constructing data could lead to different inferences on
fund performance, and to avoid any biases caused by data issues, we mainly follow F&F’s

methodology to construct our data, and the details are shown in Appendix [A]

6.3 The Conditional Approach of Examining Fund Performance

6.3.1 The Ferson-Schadt Model Framework

The second issue of interest is the conditional approach of estimating Jensen’s alpha.
We aim to test whether the market beta of mutual funds is correlated with the public
information variables, and whether using the Ferson-Schadt conditional model produces
different alpha estimates from those using the unconditional ones. Given that different
versions of the CAPM generate similar alpha estimates, as shown in Section [6.2.2] for
brevity, we construct the Ferson-Schadt conditional model based on the 4F-CAPM only.
Specifically, the conditional model assumes that the coefficient (beta) before the market
portfolio depends linearly on a set of lagged public information variables Z;_;. Recall

that the functional form of the 4F-CAPM is:

Riy — Rl = a; + Bu(R" — R]) + BuSM B, + Bs; HM Ly + B MOM, + ¢;4;  (6.4)
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In the model of Ferson and Schadt| (1996), the market beta depends linearly on the
information variables:

Bii = bo+ B'z_q + 825 (6.5)

where l;o is the unconditional beta, 2z, 1 is a vector of deviations of the lagged informa-
tion variables Z;_; from its unconditional mean, and B’ is a vector of coefficients. The
remaining variables are as described earlier in Equation [6.3] According to [Ferson and
Schadt| (1996), the information variables are: (i) the 1-month Treasury bill yield; (ii) the
dividend yield of the CRSP value-weighted stock index, which is calculated as the sum
of dividend payments on the CRSP value-weighted index for the previous 12 months,
divided by the price level of the index at the end of the previous month; (iii) the term
spread, which is calculated as the difference in yield between the 3-month Treasury bill
and the 10-year Treasuries; (iv) the default spread, which is proxied by the difference
between yields on Moody’s Baa-rated and Aaa-rated corporate bonds. Data on these
information variables are obtained from CRSP. A simple calculation yields the following
functional form of the conditional beta model:

Riy — Rl = + bo(R" — RI) + B2.:SM B, + 3, HM Ly + 4, MOM, 60
6.6

+ B'(z-1- R") + €y
We first estimate the aggregate alpha estimate of the equal-weighted portfolio of funds
using the Ferson-Schadt conditional model and the 4F-CAPM, and the results are shown
in Table Generally, the alpha estimates of the conditional model are slightly more
positive relative to those based on the unconditional 4F-CAPM, but the difference is
trivial. For example, The aggregate equal-weighted alpha estimates for net and gross

returns are -0.82 and 0.51 for the conditional model, and -1.01 and 0.33 for the 4F-
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CAPM, respectively.

Table 6.6:

Intercepts and Slopes in 4F-CAPM for Equal-Weight (EW) and Value-Weight
(VW) Portfolios of Actively Managed Mutual Funds (Conditional vs. Uncon-
ditional Model)

The table provides the annualized intercepts (12*&) and t-statistics for the intercepts (¢(Coef)) estimated
on an equal-weight (EW) and an value-weight (VW), net and gross returns based on the 4F-CAPM and
the Ferson-Schadt conditional model, respectively. Regressions slopes (Bl, Bg, 33, and ,5’4) for the corre-
sponding factors (RM — Rf, SMB, HML, and MOM) are also shown in the table. It should be noted
that for the market slope, t(Coef) tests the null hypothesis that § is equal to 1. Net returns are returns
reported in the CRSP mutual fund database, and the gross returns are net returns plus 1/12" of a fund’s
expense ratio at that year end. When a fund’s expense ratio for a year is missing, we replace it with the
expense ratio of the fund that has the same investment style and has similar assets under management
(AUM). As for those funds with zero expense ratios, we manually check some of their annual reports and
confirm that they in fact have positive expense ratios. Hence, we treat zero expense ratios as missing
values. Our sample covers the period from January 1984 to March 2015.

12*a& (%)
Net Gross B Ba Bs B R* (%)

EW Returns

4F-CAPM

Coef -1.01 0.33 0.96 0.21 0.02 0.00 0.98
t(Coef)  -2.46 0.81 522 1816 154  -0.38
Conditional model

Coef -0.82 0.51 0.96 0.20 0.00 0.00 0.98
t(Coef) -2.05 1.27 -4.93 17.36 0.13 0.21

VW Returns

4F-CAPM

Coef -0.99 -0.01 0.96 0.09 0.00 0.00 0.98
t(Coef) -2.75 -0.03 -5.34 8.99 -0.08 0.32
Conditional model

Coef -0.80 0.18 0.96 0.08 -0.02 0.01 0.98
t(Coef) -2.26 0.51 -5.54 8.08 -1.86 1.30
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6.3.2 A Re-examination of F&F's and BSW'’s Analysis Using the Conditional

Approach

To examine whether the Ferson-Schadt conditional model provides different cross-sectional
distributions of ¢(«) estimates, we redo the analysis of F&F and BSW using the Ferson-
Schadt conditional model, and compare the results to those of the 4F-CAPM. Specifically,
we follow F&F and perform the simulations described in Chapter ] Section to pro-
duce a cross-sectional distribution of #(«) estimates on fund returns and 10,000 empirical
cross-sectional distributions of #(«) estimates on bootstrapped returns. The alpha es-
timates are estimated using the 4F-CAPM (Equation and the conditional models
(Equation , respectively. There are 4910 funds E] in the sample covering the period
from January 1984 to March 2015.

F tests on the joint significance of the coefficients in the Ferson-Schadt conditional
model suggest that around 35% of the funds have at least one estimate of the parameter
associated with the information variable that is statistically significant. To reduce the
effect of model misspecification, we only include information variables with statistically
significant parameter estimates.

Selected percentiles of the cross-sectional distribution of #(«) estimates on actual
returns and of the averaged cross-section of t(a)) estimates on bootstrapped returns,
for the conditional model and the 4F-CAPM, are shown in Table [6.7, Panel A shows
the comparison between the conditional model and the 4F-CAPM on net returns and
Panel B on gross returns. This table also shows the percentages (likelihoods) of the

10,000 simulation runs that produce smaller values of () at the selected percentiles than

2 Since a maximum of four information variables are included in the conditional model, in order to
obtain accurate alpha estimates, we include a fund in the sample if it has at least 12 months of return
history
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those observed for actual fund returns. Generally, the Ferson-Schadt conditional model
produces similar ¢(«) estimates, and likelihoods on the selected percentiles, relative to
those from the 4F-CAPM. Only for the extreme right tail percentiles, we see that the
Ferson-Schadt conditional model tends to produce slightly more positive t(«) estimates

and greater likelihoods.
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Table 6.7: Percentiles of Actual and Simulated t(a) Estimates: 1984 to 2015
(Conditional vs. Unconditional Model)

The table shows values of actual (Act) t(«) estimates at selected percentiles (Pct) of the distribution of
t(a) estimates for net and gross returns. The table also shows the fractions of the actual ¢(«) estimates
that are greater than the average values of ¢(«) estimates from the 10000 simulation runs at selected
percentiles (%>). Sim is the average value of ¢(«) at the selected percentiles from the simulations. We
bootstrap by resampling fund and factor returns jointly as a pair. Panel A shows the comparison of
selected percentiles of ¢(«) estimates distribution between the unconditional 4F-CAPM model and the
Ferson-Schadt conditional model on net returns, and Panel B shows the comparison on gross returns.
The sample has 4910 funds who have at least 12 months of return history, covering the period from
January 1984 to March 2015.

Panel A: net returns Panel B: gross returns

Unconditional Conditional Unconditional Conditional
Pct Act Sim %>  Act Sim %> Act Sim %> Act Sim %>

-3.75 -242  0.06 -3.75 -244 0.02 -296 -243 3.63 -3.04 -244 214
-3.24 -211 0.11 -3.35 -2.12 0.03 -2.51 -2.12 6.53 -2.62 -2.13 3.24
-299 -193 011 -3.06 -1.93 003 -232 -1.93 645 -233 -1.93 5H.77
-286 -1.79 0.09 -293 -1.79 0.03 -210 -1.79 990 -2.14 -1.79 7.50
-2.71 -1.68 0.09 -2.77 -1.68 0.03 -1.99 -1.68 9.62 -2.02 -1.68 7.52

Ul W N~

10 -223 -1.30 0.08 -2.26 -1.30 0.03 -1.54 -1.30 13.30 -1.56 -1.30 11.25
20 -168 -0.8 006 -1.66 -0.85 0.03 -0.93 -0.85 33.02 -0.92 -0.85 33.59
30  -1.25 -0.53 007 -1.23 -0.53 0.05 -0.53 -0.53 48.05 -0.51 -0.53 51.65
40 -092 -0.25 0.0r -0.89 -0.25 0.07 -0.22 -0.26 56.20 -0.19 -0.26 64.09
50 -0.62 0.00 0.05 -0.58 0.00 0.07 0.09 0.00 6842 0.14 0.00 78.73
60 -0.33 026 002 -029 025 007 039 025 7638 044 0.25 84.82
70 -0.01 053 002 006 052 032 072 053 8341 0.80 0.52 91.55
80 039 08 036 048 085 181 1.11 0.85 89.17 1.22 0.85 96.13
90 1.00 131 6.54 113 130 21.05 174 130 96.27 188 1.30 99.08

95 149  1.69 19.62 1.66 1.68 49.57 2.26 1.69 98.38 241 1.69 99.62
96 162 1.80 23.60 188 1.80 67.72 241 180 9856 2.65 1.80 99.81
97 1.85 194 39.14 2.05 194 7135 2.63 194 99.04 285 194 99.83
98 212 213 5223 233 213 8134 292 213 9944 3.14 214 99.89
99 256 245 69.18 2.71 245 8495 340 244 99.75 3.65 2.46 99.94

We also apply the Ferson-Schadt conditional model to BSW’s analysis to quantify the
proportion of skilled, unskilled, and zero-alpha funds. Specifically, we estimate individual
fund alphas using the Ferson-Schadt conditional model and the 4F-CAPM, and then

perform the FDR technique as described in Chapter 5 Section 5.5. The results are shown
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in Appendix[6.A] Table[6.11] Our results suggest that the proportions of skilled, unskilled,
and zero-alpha funds using the conditional model are overall similar to those using the
4F-CAPM. For example, after costs, the proportions of skilled, unskilled and zero-alpha
funds are 3.2%, 29.9% and 66.9%, respectively, for the conditional model, relative to
proportions of 0.8%, 32.0% and 67.2% for the unconditional 4F-CAPM. Using the FDR
approach of BSW, the conditional model is able to locate a few more percentages of
skilled funds.

Therefore, we confirm that, in general, the Ferson-Schadt conditional model pro-
duces similar results, either on the aggregate alpha estimates or the cross-section of
t(«)estimates, relative to those of the unconditional approach. Hence, using the condi-
tional model does not alter the inferences of F&F and BSW on manager skill. This implies
that allowing the market beta to depend linearly on the information variables may not
capture its time-variation appropriately. Hence, to better control for time-varying betas,
as shown in Chapters |4 and we left the nature of the relation between risk factors
and the information variables undefined, and implemented a non-parametric change point
test to detect time-variation in the betas. More importantly, we also applied the change
point test to capture possible time-variation in fund alphas, which is not considered in

the Ferson-Schadt conditional model.

6.4 Bootstrap Methods in Mutual Fund Studies

6.4.1 Review of Studies Using Bootstrap Methods

According to the results on the aggregate performance of mutual funds in Section [6.2]

we can see that active funds on average do not outperform the market. However, under-
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performance in the aggregate does not suggest there is no evidence of individual skilled
fund managers. In order to track skilled and unskilled fund managers, previous mutual
fund studies turn to estimation of individual fund alphas, which is more interesting than
inferences on the performance of aggregate fund portfolios.

However, as argued by KTWW and F&F, the difficulty of examining individual fund
performance is to control for cross-fund correlation as well as to contain luck. Previous
studies that rely on p-values of individual fund alphas to identify skilled funds do not
specifically control for any cross-sectional correlations in returns given that mutual funds
may hold similar stocks. Therefore, KTWW use a cross-sectional bootstrap to model the
empirical cross-sectional distribution of fund alphas to infer the existence of skilled and
unskilled funds in the tails. More importantly, the use of bootstrap simulations does not
require prior knowledge of the distribution of fund alphas, hence controlling for possible
non-normalities in the cross-sectional distribution of fund alphas.

Furthermore, previous studies on mutual fund performance do not explicitly account
for the role of luck in the outcomes. Given the multitude of funds and the long period of
fund history included in modern mutual fund studies, there might be funds with extreme
returns by chance. Therefore, in order to detect the existence of skilled and unskilled fund
managers, it is crucial to distinguish manager skill from luck. The use of a cross-sectional
bootstrap technique helps construct two sets of world, as shown in Chapter [4] Section [4.4]
so that luck can be contained when comparing the actual cross-sectional distribution of
t(«) estimates to the simulated ones. KTWW argue that by applying the bootstrap
method, some results of |Carhart| (1997) are rejected, in which the standard parametric
t-tests are used. Differently from the pessimistic conclusions of |Carhart| (1997), they find

that skilled managers with sufficient skill to generate excess returns do exist, especially for
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growth-oriented funds. |Cuthbertson et al.| (2008) apply this bootstrap approach to UK
equity mutual funds and confirm the existence of stock picking skill for the top performing
UK funds that account for 5% to 10% of the population.

The bootstrap approach of KTWW requires resampling with replacement of the resid-
uals obtained from regressing returns on the 4F-CAPM, and then constructing a time-
series of excess returns by randomly attaching resampled residuals to factor returns. F&F
improve the bootstrap technique of KTWW to account for possible cross-fund correla-
tions. They argue that by resampling residuals for each fund separately, any potential
correlation across funds in the simulation is lost. Therefore, to capture this effect, F&F
resample with replacement of the fund returns and factor returns jointly as a pair, and
for all funds simultaneously. They find that few funds present manager skill net of all
costs.

Given the controversies in the literature, this section examines the above mentioned
two bootstrap methods: bootstrap by residuals and bootstrap by pairs. The bootstrap
method was first proposed by Efron| (1979)) and the basic idea of the bootstrap is to get
inference of a population from the sample through resampling the sample data. Generally
speaking, a bootstrap is useful when a theoretical distribution of a statistic is either
unknown or too complex. Therefore, in our case, the bootstrap measure allows us to
examine the fund performance without imposing prior assumptions on the parametric
distribution of fund returns. To bootstrap regression models, one can either treat the
regressors as fixed (bootstrap by residuals) and then resample from the residuals of the
fitted regression model, or treat the regressors as random (bootstrap by pairs) and then
resample from the observations (cf. |[Efron and Tibshirani (1994)), Section 9, page 113). We

compare these two bootstrap methods of bootstrapping regression models in this chapter
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to see if the results of simulations are sensitive to the choice of bootstrap techniques.

6.4.2 Simulations

To understand the consequences of applying different bootstrap methods, we redo the
analysis of F&F by resampling the residuals, and compare the results to those by resam-

pling the pairs of regressors.

6.4.2.1 Bootstrap by Residuals

First, following the methodology of KTWW, we show how bootstrap by residuals is
implemented to obtain the simulated cross-sectional distribution of ¢(«) estimates. Recall

that the 4F-CAPM is as follows:
rip = o + (R — Rf) + BoiSM By + Bsi HM Ly + Bii MOM; + € 4; (6.7)

definition of the variables are as described in Equation [6.3] For each fund 7, we draw
with replacement of the residuals after estimating the above 4F-CAPM equation, creating
a resampled time-series of residuals, e® = &8 &5 &b, ..., %, where b is the index number
for the bootstrapped sample (for example, b = 1 for bootstrapped sample 1) and n is
the number of funds in the entire sample. Since we resample with replacement, there
might be residuals that appear more than once in the bootstrapped time series. Next, a
time-series of adjusted monthly excess returns for fund ¢ (7‘3t) is created by adding the

bootstrapped residuals €® to the factor returns, imposing the null hypothesis of true alpha

and the intercept «; is not added to adjusted excess returns to reflect this:

= Bu(Ry — RI) + BySMB; + B3; HM Ly + B, MOM, + el (6.8)
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Next, we estimate the 4F-CAPM using the adjusted returns to generate the simulated
t(«) estimates. This process is conducted for every fund in the sample (n = 5006),
and is repeated 10,000 times (b = 10,000) for each fund. As a result, we have 10,000
sequences of cross-sectional empirical distribution of simulated ¢(«/) estimates. Finally, we
average across the 10,000 simulation runs to obtain the average cross-section of simulated
t(a)estimates, and we show some selected percentiles of these () estimates in Table [6.8]

As argued in Chapter [4 Section 4.4 Equation [6.8]suggests that this series of adjusted
returns has a true alpha equaling zero by construction. Therefore, there is no skill and
only luck exists in the simulated samples. If the estimated ¢(a) estimates on actual
monthly excess returns are far more extreme than the simulated #(«) estimates, we can

conclude that the extreme returns we observe are not due to luck alone.

6.4.2.2 Bootstrap by Pairs

As to bootstrap by pairs, it is referred to as the bootstrap technique that resamples the
fund returns and factor returns jointly as a pair to generate simulated cross-sections of
t(«) estimates. First, we obtain alpha estimates by regressing on the actual monthly
excess returns (r;;) using Equation . Next, we impose the null hypothesis of zero
alpha by subtracting the alpha estimates from the monthly excess returns to obtain a

series of adjusted returns to reflect it:

iy =i — o (6.9)

After creating the adjusted excess returns TZ?, we resample from replacement of the ad-
justed excess returns and factor returns jointly for all funds simultaneously. By regressing

the adjusted returns with the factor returns using the 4F-CAPM, we get a cross-sectional
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distribution of simulated #(«) estimates. By repeating this process 10,000 times, 10,000
cross-sections of simulated ¢(«) estimates can be obtained. Finally, we average across the
10,000 simulation runs to get the averaged simulated cross-section of ¢(«) estimates and

their selected percentiles as shown in Table

6.4.2.3 Block Bootstrap

Since we resample with replacement from the regression residuals by bootstrapping the
residuals, and from the adjusted returns and factor returns jointly by bootstrapping the
pairs, any correlation within the time-series is lost. To capture possible autocorrelation
effects, we implement the block bootstrap that resamples with replacement of a block
of observations so that correlation of time series within that block can be preserved.
Here, we choose the block length equal to Ts proposed by Hall et al. (1995). Given that
we have 375 months over the period from January 1984 to March 2015, the length is
approximately equal to 3. For example, suppose s;(t = 1,2,3,4,...,T) is the time series
that we aim to resample from, we select observations si, o, s3 to form the first block
and sg, 53,54 to form the second block. The blocks keep moving forward until the last
observation of this time-series is selected. Given T' = 375 in our sample, we have 373
blocks in total with blocks having observations that overlap.

Next, we resample with replacement from these 373 blocks to form the bootstrapped
time series s? that has the same length as the original time series. Hence the bootstrapped
series s? will have 125 (375/3 = 125) blocks and 375 observations. After obtaining
the bootstrapped adjusted returns (o« = 0) and factor returns, we estimate the 4F-
CAPM to generate the simulated cross-section of ¢(a) estimates. Similarly, this process

is repeated for 10,000 times and we average across these 10,000 simulation runs to get the
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average simulated cross-section of ¢(«) estimates and their selected percentiles are shown

in Table [6.8]
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Table 6.8: Percentiles of Actual and Simulated ¢(«) Estimates: 1984 to 2015 (Different Bootstrap Methods)
This table shows values of actual (Act) t(a) estimates at selected percentiles (Pct) of the distribution of ¢(«) estimates for net and gross returns.
The table also shows the fractions of the actual ¢(«) estimates that are greater than the average values of t(«) estimates from the 10000 simulation
runs at selected percentiles (%>). Sim is the average value of t(«) at the selected percentiles from the simulations. Panel A shows the comparison
of selected percentiles of ¢(«) estimates distribution between bootstrap by pairs and bootstrap by residuals on net returns, and Panel B shows the
comparison on gross returns. The sample has 5006 funds, covering the period from January 1984 to March 2015. ¢(«) estimates are estimated
using the 4F-CAPM. It should be noted that the actual ¢(«) estimates would be the same regardless of which bootstrap method we use.

Panel A: net returns Panel B: gross returns

By pairs By residuals By blocks By pairs By residuals By blocks
Pct  Act Sim %> Sim %> Sim %> Act Sim %> Sim %> Sim %>

-3.79 -2.46 0.01 -2.22 0.00 -2.54 024 -299 -247 340 -2.22 0.00 -2.62 13.34
-3.26 -2.12  0.01 -1.96 0.00 -2.19 0.29 -253 -2.13 580 -1.96 0.00 -2.24 17.13
-299 -193 001 -1.79 0.00 -1.98 030 -232 -1.93 584 -1.79 0.00 -2.03 15.86
-2.86 -1.78  0.01 -1.67 0.00 -1.83 0.18 -2.11 -1.79 859 -1.67 0.00 -1.88 19.90
) -2.71 -1.67 0.01 -1.57 0.00 -1.71 0.17 -199 -1.68 846 -1.57 0.00 -1.75 19.01

10 -2.23 -1.29 0.01 -1.22 0.00 -1.31 0.07 -1.54 -1.29 11.80 -1.22 0.00 -1.35 21.24
20 -1.68 -0.84 0.02 -0.80 0.00 -0.85 0.04 -0.93 -0.85 31.68 -0.80 0.00 -0.88 38.73
30 -1.24 -0.52 0.02 -0.50 0.00 -0.53 0.07 -0.53 -0.53 48.10 -0.50 3.85 -0.54 50.60
40 -091 -0.25 0.03 -0.24 0.00 -0.26 0.06 -0.22 -0.26 57.56 -0.24 88.25 -0.27 57.48
50 -0.61 -0.00 0.03 0.00 0.00 -0.01 0.03 0.09 -0.01 6944 0.00 100.00 -0.01 67.77
60 -0.32 025 004 0.24 0.00 024 005 038 025 7757 024 100.00 0.25 74.43
70 0.01 0.52 0.09 0.50 0.00 052 0.12 071 0.52 84.39 0.50 100.00 0.53 80.07
80 0.40 0.84 040 0.80 0.00 084 084 1.10 0.84 90.30 0.80 100.00 0.86 85.14
90 1.00 129 6.57 1.22 0.00 1.30 10.29 1.73 129 9714 1.22 100.00 1.33 92.98

95 1.49 1.68 19.20 1.57 023 1.70 22.66 226 1.68 98.61 1.57 100.00 1.74 95.37
96 1.62 1.80 22.14 1.67 5.54 1.82 25.06 240 1.79 98.76 1.67 100.00 1.86 95.54
97 1.85 194 3798 1.79 9576 197 378 2.63 194 99.10 1.79 100.00 2.01 96.64
98 2.12 214 50.18 196 100.00 2.18 4719 289 214 99.36 1.96 100.00 2.23 97.12
99 256 249 63.18 2.23 100.00 253 57.57 340 249 99.67 2.23 100.00 2.60 97.80

=W N =




6.4.3 A Re-examination of F&F's and BSW'’s Analysis Using Different Boot-

strap Methods

As shown in Table overall, bootstrap by residuals produces less negative t(«a) esti-
mates in the left percentiles and less positive ¢(«) estimates in the right percentiles than
those from bootstrapping by pairs. We also show the likelihoods, which are the per-
centages of the 10000 simulation runs that produce smaller values of ¢(«) at the selected
percentiles than those observed for actual fund returns, in Table [6.8] Since bootstrap
by residuals tends to produce less negative t(«) estimates in the left percentiles and less
positive t(«) estimates in the right percentiles, we see greater percentages (likelihoods) in
the right tail and smaller percentages (likelihoods) in the left tail by resampling residuals,
for both net and gross returns. This implies that using bootstrap by residuals tends to
give slightly less extreme simulated ¢(a) estimates, hence leading to stronger inference on
the existence of skilled and unskilled fund managers than that of bootstrap by pairs. It
is consistent with the argument of F&F that resampling the fund returns and explana-
tory returns jointly for all funds simultaneously can capture any cross-fund correlations
in the returns, whereas resampling the residuals from the fitted regression model is con-
ducted for each fund separately, hence losing any effect of cross-fund correlations during
simulations. Furthermore, percentiles of simulated ¢(«) estimates from block bootstrap
are similar to those using bootstrap by pairs. Therefore, autocorrelation effect is only a
minor issue for our data.

To further understand the differences in applying these bootstrap techniques, we quan-
tify the skilled and unskilled fund managers using the FDR approach of BSW. Specifically,
we apply the aforementioned two bootstrap techniques to compute p-values of individual

funds: one that resamples from the residuals of the fitted regression model to estimate
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bootstrapped t-statistics of fund alphas, whereas the other one resamples from the fund
returns and explanatory returns jointly. Details on the computation of fund p-values,

A A

proportions of zero-alpha funds (7o), skilled funds (777) and unskilled funds (777) are
shown in Chapter [5] Section The results are shown in Appendix [6.A] Table [6.12]
When the bootstrap technique that resamples the residuals is used, we see slightly greater
proportions of skilled and unskilled fund managers at different v levels, for both net and
gross returns, relative to those based on bootstrap by pairs, although the difference seems
to be trivial.

Furthermore, the appeal of using bootstrap by pairs in our scenario can also be ex-
plained by the underlying assumptions required by bootstrapping residuals. According
to |Efron and Tibshirani| (1994)) (cf. page 113, Chapter 9), by resampling the residuals
and creating adjusted returns using Equation [6.7], one implicitly assumes that the func-
tional form of the regression is correct. Furthermore, by randomly attaching resampled
residuals to the factor returns, the errors terms should be identically distributed and not
be correlated with the factor returns. This is a strong assumption that may fail in many
cases. Bootstrap by pairs, however, does not require these assumptions given that it
treats the regressors (factor returns) as random rather than fixed so that the functional
form of the regression needs not be correct.

Despite the advantages mentioned above, it should be noted that resampling for all
funds simultaneously has a cost. There is a possibility that a fund is not in the tests for
the entire sample given that we resample with replacement, and for the same reason, it is
also possible that a certain month’s return of a fund occurs repeatedly in a simulation run.
However, this effect can more or less be alleviated through considerably large numbers

of simulation runs. Therefore, generally, bootstrap by pairs is more appropriate to use
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when exploring the finite sample behavior in the cross-section of fund returns.

6.5 Conclusions

In this chapter, we addressed three issues that are important for mutual fund studies in
general and are also closely related to the research undertaken here. These issues remain
controversial in the literature and motived by this, we aim to shed new light on these
issues.

First, since different studies construct the portfolio of actively managed equity mutual
funds according to different criteria, we examined how different ways of constructing
datasets may lead to different inferences on fund performance. To do this, we constructed
two datasets based on two recent studies of F&F and BSW, respectively, and further
built another three panels to examine the effects of including incubated returns, new
funds, and excluding funds with short return history, on the aggregate and cross-sectional
distribution of alpha (t(«)) estimates.

Our results suggest that, generally, including new funds from the sample would gen-
erate similar alpha estimates to one excluding the new funds, and not correcting for
“incubation” bias gives more negative net alpha and less positive gross alpha for the
EW portfolio. More importantly, using a longer minimum return history for a fund to
be included in the sample gives less negative net alpha and more positive gross alpha
estimates for the EW portfolio. Hence, the way BSW constructed their data in general
would lead to more positive inference on aggregate performance of mutual funds. As for
the cross-section t(«) estimates, the requirement of a longer minimum return history for
a fund to be included in the sample produces more positive actual ¢(«) estimates in the

right tail and less negative actual t(«) estimates in the left tail, for net and gross returns,
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hence indicating larger probabilities of funds being skilled in the right tail and smaller
probabilities of funds being unskilled in the left tail of the cross-sectional distribution
of t(«) estimates. Therefore, to avoid any biases caused by sample selection issues, we
mainly follow F&F’s methodology to construct data.

The second issue we examined is the widely used Ferson-Schadt conditional model
based on public information variables. In line with the literature, we have shown that
the aggregate alpha estimates on equal-weighted portfolio returns based on the Ferson-
Schadt conditional model are similar to those using the traditional unconditional models
such as the 4F-CAPM. We also performed the simulations of F&F using the Ferson-Schadt
conditional model, and show that the conditional model produces similar cross-section
t(a) estimates and likelihoods on the selected percentiles, relative to those from the
4F-CAPM. A further analysis of BSW using the FDR technique also suggests that the
estimated proportions of skilled, unskilled, and zero-alpha funds in the sample using the
conditional model are similar to those using the 4F-CAPM. Therefore, we argue that the
reduced form of the Ferson-Schadt conditional approach may not properly capture time-
variation in the market beta. This motivates us to develop a non-parametric statistical
approach to detect time-variation in these regression parameters, which has been shown
in detail in Chapter [l

Finally, we compared three bootstrap methods to bootstrap regression models, which
are widely used in previous mutual fund studies to explore finite sample properties in
the cross-sectional distribution of fund alphas. Specifically, we performed the simulations
of F&F and compared selected percentiles of these averaged simulated t(«) estimates
using different bootstrap methods. Generally, the bootstrap approach that resamples

the regression residuals tends to give less negative t(«) estimates in the extreme left tail
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and less positive estimates in the extreme right tail, relative to those using the bootstrap
approach that resamples the fund returns and explanatory returns jointly for all funds
simultaneously. This is consistent with the argument of F&F that resampling residuals
cannot capture any cross-fund correlation in the simulation. We further examined the un-
derlying assumptions of bootstrap by residuals. To avoid any biases caused by violations
of these assumptions and to capture possible cross-fund correlations in the simulation,

bootstrap by pairs is preferred in our context.
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Appendix 6.A Additional Results on Estimated Proportions of Skilled,

Unskilled, and Zero-alpha Funds

This appendix shows the results using the FDR techinque, specifically, Table shows
the proportions of skilled, unskilled and zero-alpha funds based on different rules of
including funds in the sample; Table [6.10] shows the proportions of skilled, unskilled
and zero-alpha funds based on the dataset with incubated returns and the one without
incubated returns; Table shows the proportions of skilled, unskilled and zero-alpha
funds using the traditional unconditional 4F-CAPM and the Ferson-Schadt conditional
model; Table shows the proportions of skilled, unskilled and zero-alpha funds using

different bootstrap methods.
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Table 6.9:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Different
Minimum Return Histories)

Performance of funds is estimated using the 4F-CAPM. Panel A and Panel B show the estimated pro-
portions of zero-alpha (), unskilled (#) and skilled (7#7}) funds using the FDR approach, based on a
dataset of 3673 funds using the inclusion rule of 60 months, compared to those based on a dataset of 5750
funds using the inclusion rule of 8 months, for net returns. Panel C and Panel D show the comparison of
results on gross returns. Each panel also shows significant funds (S‘; , S,JYF ) across the distribution of funds
in the left tail and right tail using four different significance levels (y = 0.05,0.1,0.15,0.2). Furthermore,

significant funds are decomposed into unlucky ( ) and unskilled (77) funds in the left tail, and lucky

(F,Y+ ) and skilled (’_ZA’;r ) funds in the right tail. At the bottom of each panel, we show the FDR in the left
and right tail at different significance levels. Both dataset cover the period from January 1984 to March
2015.

Panel A: net returns, 60-month rule

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 69.6 (0.02) 29.7 (0.02) 0.7 (0.00)
Number of funds 2557 1090 26
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif. S5 (%) 14.0 195 246 285 73 59 43 25  (%)Signif.SF
0.01 0.01 0.01 o0.01 0.00 0.00 0.00 0.00
Unlucky /(%) 1.8 35 53 7.0 7.0 53 35 1.8 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 77 (%) 122 16.0 194 215 03 0.6 08 0.7 (%)Skilled 75
0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR™ 125 17.8 214 244 95.1 883 804 71.0 FDR™*

Panel B: net returns, 8-month rule

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 70.5 (0.02) 27.8 (0.02) 1.7 (0.00)
Number of funds 4050 1600 100
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.g;(%) 179 234 283 321 7.9 6.6 52 3.5 (%)Signifﬁ’;r
0.01 0.01 0.01 0.01 0.00 0.00 0.00
Unlucky F:7(%) 1.8 35 53 7.0 70 53 35 18 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled Tv_(%) 16.1 199 23.0 25.1 0.8 14 17 1.7 (%)Skilled TF
0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR~™ 99 15.0 187 219 89.4 795 68.0 504 FDR*

continued
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Table @‘ — continued

Panel C: gross returns, 60-month rule

Zero alpha (1)

Unskilled (7)

Skilled (77%)

Proportion 84.1 (0.02) 3.1 (0.01) 12.7 (0.02)
Number of funds 3092 113 468
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(ry) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 41 66 93 11.1 196 161 129 83  (%)Signif.5;
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky B2 (%) 2.1 41 62 82 82 62 41 21 (%)Lucky £
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 757 (%) 2.1 2.4 3.1 29 114 100 88 6.3 (%)Skilled T3
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 50.1 62.8 66.8 74.0 42.0 383 319 24.7 FDR™
Panel D: gross returns, 8-month rule
Zero alpha (7p)  Unskilled (7) Skilled (77)
Proportion 85.4 (0.01) 8.4 (0.01) 6.2 (0.01)
Number of funds 4909 481 360
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 84 114 144 16.6 180 150 123 86  (%)Signif.S+
0.00 0.00 0.00 0.00 0.01 0.00 0.00
Unlucky F:m (%) 2.1 43 64 85 85 64 43 21 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 727(%) 6.3 7.2 80 8.0 9.5 86 80 6.5 (%)Skilled Tj
0.00 0.00 0.01 0.01 0.01 0.01 0.00
FDR™ 25,5 374 444 515 474 428 34.7 248 FDR™
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Table 6.10:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Incu-
bated Returns)

Performance of funds is measured using the 4F-CAPM. Panel A and Panel B show the estimated pro-
portions of zero-alpha (), unskilled (#;) and skilled (7) funds using the FDR approach, based on
a dataset of 3673 funds with incubated returns, compared to those based on a dataset of 3475 funds
without incubated returns, for net returns. Panel C and Panel D show the comparison of results on gross
returns. Each panel also shows significant funds (S’,; , S’j ) across the distribution of funds in the left tail
and right tail using four different significance levels (v = 0.05,0.1,0.15,0.2). Further, significant funds

are decomposed into unlucky ( FA/_ ) and unskilled (Tv_ ) funds in the left tail, and lucky (Fj ) and skilled

(T,;r ) funds in the right tail. At the bottom of each panel, we show the FDR in the left and right tail at
different significance levels. Both datasets cover the period from .January 1984 to March 2015.

Panel A: net returns, with incubated returns

Zero alpha (7y)  Unskilled (7) Skilled (77)

Proportion 69.6 (0.02) 29.7 (0.02) 0.7 (0.00)
Number of funds 2557 1090 26
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(vy)
Signif.é’;(%) 14.0 19.5 24.6 28.5 7.3 59 43 2.5 (%)Signif.S’;r
0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00
Unlucky £ (%) 1.8 35 53 7.0 7.0 53 3.5 1.8 (%)Lucky Fj
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 777 (%) 12.2 16.0 194 21.5 0.3 0.6 08 0.7 (%)Skilled T:f
0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR™ 125 17.8 214 244 95.1 883 804 71.0 FDR™

Panel B: net returns, without incubated returns

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 68.7 (0.02) 30.7 (0.02) 0.6 (0.00)
Number of funds 2386 1066 23
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif. S (%) 14.2 197 245 284 71 57T 43 24 (%)Signif.SF
0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00
Unlucky £ (%) 1.7 34 51 6.9 6.9 51 34 17 (%)Lucky £
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 777 (%) 12.5 16.3 19.4 21.6 0.3 0.5 09 0.7 (%)Skilled T
0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR™ 12.1 174 21.0 24.1 96.2 904 795 719 FDR™*

continued
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Table 6.10[— continued

Panel C: gross returns, with incubated returns

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 84.1 (0.02) 3.1 (0.01) 12.7 (0.02)
Number of funds 3092 113 468
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(ry) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 41 66 93 11.1 196 161 129 83  (%)Signif.5;
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky B2 (%) 2.1 41 62 82 82 62 41 21 (%)Lucky £
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 757 (%) 2.1 2.4 3.1 29 114 100 88 6.3 (%)Skilled T3
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 50.1 62.8 66.8 74.0 42.0 38.3 319 24.7 FDR™

Panel D: gross returns, without incubated returns

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 82.9 (0.02) 3.5 (0.01) 13.6 (0.01)
Number of funds 2880 123 472
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif. S (%) 42 69 9.6 115 192 158 128 82  (%)Signif.S+
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
Unlucky F-7 (%) 2.0 4.0 6.1 81 81 6.1 40 20 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 757 (%) 22 28 3.6 3.4 1.1 97 87 6.2 (%)Skilled T3
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 48.4 58.7 63.1 70.6 42.0 384 31.6 245 FDR™*
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Table 6.11:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Condi-
tional vs. Unconditional Model)

Performance of funds is estimated using the 4F-CAPM with time-invariant parameters and the Ferson-
Schadt conditional model. Panel A and Panel B show the estimated proportions of zero-alpha (),
unskilled (7) and skilled (7}) funds using the FDR approach, based on a dataset of 3673 funds using
the 4F-CAPM, compared to those based on the Ferson-Schadt conditional model, for net returns. Panel
C and Panel D show the comparison of results on gross returns. Each panel also shows significant funds
(5’; , S,JYF ) across the distribution of funds in the left tail and right tail using four different significance

levels (y = 0.05,0.1,0.15,0.2). Furthermore, significant funds are decomposed into unlucky ( 13“7’ ) and

unskilled (T“/_) funds in the left tail, and lucky (Fj‘) and skilled (TW"') funds in the right tail. At the
bottom of each panel, we show the FDR in the left and right tail at different significance levels. The
sample covers the period from January 1984 to March 2015.

Panel A: net returns, unconditional model

Zero alpha (1))  Unskilled (7) Skilled (7))

Proportions 67.2 (0.02) 32.0 (0.02) 0.8 (0.00)
Number of funds 2469 1176 28
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(vy)
Signif.gv_(%) 140 19.5 24.6 285 7.3 59 43 25 (%)Signif..é’;L
0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00
Unlucky £ (%) 1.7 34 50 6.7 6.7 50 34 1.7 (%)Lucky Fj
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 777 (%) 12.3 16.1 19.6 21.8 0.6 09 1.0 0.8 (%)Skilled Tj
0.01 0.01 0.01 0.01 0.01  0.00 0.00 0.00
FDR~™ 12.0 17.2 20.5 23.6 91.8 853 776 68.6 FDR™*

Panel B: net returns, conditional model

Zero alpha (7p)  Unskilled (7) Skilled (7))

Proportion 66.9 (0.02) 29.9 (0.02) 3.2 (0.00)
Number of funds 2458 1097 118
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(vy)
Signif.g;(%) 13.9 193 24.1 279 9.5 7.8 58 3.8 (%)Signif.gfyr
0.01 0.01 0.01 0.01 0.00 0.00 0.00 0.00
Unlucky F.~ (%) 1.7 33 50 6.7 6.7 50 33 1.7 (%)Lucky Fj
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled T,y’(%) 12.2 159 19.0 21.2 2.8 28 25 22 (%)Skilled Tj
0.01 0.01 0.01 o0.01 0.01  0.00 0.00 0.00
FDR~™ 12.0 174 20.8 24.0 70.2 64.0 574 43.6 FDR™

continued
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Table 6.11|— continued

Panel C: gross returns, unconditional model

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 80.3 (0.01) 7.1 (0.01) 12.6 (0.01)
Number of funds 2951 261 461
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(ry) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 41 66 93 11.1 196 161 129 83  (%)Signif.5;
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky /(%) 2.0 4.0 6.0 8.0 8.0 6.0 40 20 (%)Lucky Ef
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled Tv_ (%) 21 25 32 31 11.6  10.1 89 6.3 (%)Skilled Tj
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 48.9 61.2 65.1 72.1 40.9 373 31.1 24.1 FDR™
Panel D: gross returns, conditional model
Zero alpha (7p)  Unskilled (7) Skilled (77)
Proportion 69.8 (0.02) 5.1 (0.01) 25.1 (0.01)
Number of funds 2565 187 921
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 43 66 88 11.0 227 195 159 11.1  (%)Signift.S+
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.01
Unlucky /(%) 1.7 35 52 70 7.0 52 35 1.7 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled T,y_(%) 26 3.1 3.6 4.0 15.7 143 124 94  (%)Skilled Tﬂj'
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.01
FDR™ 40.3 53.0 59.2 63.5 30.8 269 219 15.7 FDR™
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Table 6.12:

Proportions of Skilled, Unskilled, and Zero-alpha Funds: 1984-2015 (Different
Bootstrap Methods)

Fund alphas are estimated using the 4F-CAPM over the entire sample period from January 1984 to
March 2015. Panel A and Panel B show the estimated proportion of zero-alpha (7)), unskilled (7;)
and skilled (77) funds using the FDR approach, using the bootstrap technique that resamples from the
residuals compared to those using the bootstrap technique that resamples from the fund returns and
explanatory returns jointly for all funds simultaneously. Panel C and Panel D show the comparison of
results on gross returns. Each panel also shows significant funds (S’; , S',JYF ) across the distribution of funds
in the left tail and right tail under four different significance levels (v = 0.05,0.1,0.15,0.2). Further,
significant funds are decomposed into unlucky ( Fv_ ) and unskilled (Tv_ ) funds in the left tail, and lucky

(F“j ) and skilled (TW+ ) funds in the right tail. At the bottom of each panel, we show FDR rate in the
left and right tail at different significance levels.

Panel A: net returns, bootstrap by residuals

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 67.2 (0.02) 32.0 (0.02) 0.8 (0.00)
Number of funds 2469 1176 28
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif. S5 (%) 14.0 195 246 285 73 59 43 25  (%)Signif.SF
0.01 0.01 0.01 o0.01 0.00 0.00 0.00 0.00
Unlucky F:7 (%) 1.7 34 50 6.7 6.7 50 34 1.7 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 757 (%) 123 161 19.6 21.8 0.6 09 10 08 (%)Skilled T3
0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR™ 12.0 172 20.5 23.6 91.8 853 T77.6 68.6 FDR*

Panel B: net returns, bootstrap by pairs

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 69.6 (0.02) 29.7 (0.02) 0.7 (0.00)
Number of funds 2557 1090 26
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif. S5 (%) 14.0 195 246 285 73 59 43 25  (%)Signif.SF
0.01 0.01 0.01 o0.01 0.00 0.00 0.00 0.00
Unlucky F:7(%) 1.8 35 53 7.0 70 53 35 18 (%)Lucky Ff
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled Tv_(%) 122 16.0 194 215 0.3 0.6 08 0.7 (%)Skilled T
0.01 0.01 0.01 0.01 0.01 0.00 0.00 0.00
FDR~™ 125 178 214 244 95.1 883 804 710 FDR™

continued
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Table 6.12[— continued

Panel C: gross returns, bootstrap by residuals

Zero alpha (7p)  Unskilled (7) Skilled (77)

Proportion 80.3 (0.01) 7.2 (0.01) 12.5 (0.01)
Number of funds 2951 261 461
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level(ry) 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 41 66 93 11.1 196 161 129 83  (%)Signif.5;
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky /(%) 2.0 4.0 6.0 8.0 8.0 6.0 40 20 (%)Lucky Ef
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled Tv_ (%) 21 2.5 3.2 3.1 11.6  10.1 89 6.3 (%)Skilled Tj
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 48.9 61.2 65.1 72.1 40.9 373 31.1 24.1 FDR™
Panel D: gross returns, bootstrap by pairs
Zero alpha (7p)  Unskilled (7) Skilled (77)
Proportion 84.1 (0.02) 3.1 (0.01) 12.7 (0.02)
Number of funds 3092 113 468
Impact of Luck in the Left and Right Tails
Left Tail Right Tail
Signif.Level () 0.05 0.10 0.15 0.20 0.20 0.15 0.10 0.05 Signif.Level(v)
Signif.5; (%) 41 66 93 111 196 161 129 83  (%)Signit.+
0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.00
Unlucky FA/_(%) 2.1 4.1 6.2 8.2 8.2 6.2 4.1 2.1 (%)Lucky F7+
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Unskilled 757 (%) 2.1 24 3.1 29 114 100 88 6.3 (%)Skilled I
0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00
FDR™ 50.1 62.8 66.8 74.0 42.0 38.3 319 24.7 FDR™
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Chapter 7

Conclusions

This study set out to explore the central question of whether there is a group of skilled
and unskilled fund managers, which has generated much debate over the years and is of
considerable importance for both academic research and for practical decision-making.
Motivated by the contradictory conclusions on the existence of skilled managers in pre-
vious studies, we revisited this issue and attempted to make improvements to several
existing problems prevalent in the literature. In this concluding chapter, we summarize
our main findings and their implications, and show what existing views we challenged.
The final part of the chapter discusses several limitations of our study, and provides some

ideas for future research.

7.1 Main Findings and Implications

First, we extended the study of Fama and French (2010) in Chapter {4, by addressing
the time-variation in the regression parameters of factor models, which is considered a
“thorny” problem in |[Fama and French| (2010). We estimated individual fund alphas to

form a cross-sectional distribution of ¢(«/) estimates, and constructed two sets of worlds
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through bootstrap simulations: one referred to as the “real world” where skill and luck
coexist and t(a) estimates are obtained from regressing on fund returns; the other one
referred to as the “simulated world” in which true skill is assumed to be zero by setting
the true « to zero to reflect. By comparing selected percentiles of the cross-sectional dis-
tribution of ¢(«) estimates in these two worlds, we show that the simulated runs generate
far smaller ¢(«) estimates relative to those on actual returns at selected percentiles, hence
there are managers who are able to generate excess returns net of all costs, which cannot
be merely explained by luck.

Differently from the studies of |[Kosowski et al.| (2006) and [Fama and French (2010),
we developed a novel approach to address the time-variation issue. By implementing a
non-parametric change point test, we are able to capture any form of time-variation in
the regression parameters. Results from the test contain information on which parameter
changes and on the estimated date of the change. Using this information, we further con-
structed a multi-regression model that enables us to estimate fund alphas using separate
regressions on subintervals of the fund return series that are divided according to the
dates of the changes. Results from these regressions and simulations show that for net
returns, there are skilled fund managers located in the right tail above the 90" percentile.
For gross returns, the actual ¢(«) estimates are greater than those from simulations in
more than 70% of simulation runs for all right tail percentiles, especially for those above
the 90th, which show that actual ¢(«) estimates beat the average values in more than
99% of 10,000 simulation runs.

This implies strong evidence of manager skill for both net and gross returns. By fur-
ther comparing the results using our multi-regression model with time-varying parameters

to those using the traditional versions of the CAPM, we show that our model significantly
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improves the performance of funds in our sample. After conducting the simulations of
Fama and French| (2010) based on their sample period from January 1984 to September
2006, and comparing the results using our multi-regression model to theirs, we show that
the pessimistic results of Fama and French| (2010) are mainly due to their assumption of
time-invariant alpha and betas.

Second, to further quantify the proportions of skilled and unskilled managers, an
FDR technique is implemented in Chapter [5[ and allows us to control for false positives,
i.e. those truly zero-alpha funds that are falsely identified as funds with positive alphas.
Results show that 8.4% of the funds in the sample are skilled and 34.1% of the funds
are unskilled funds. Differently from the study of Barras et al.| (2010)), we implemented
the aforementioned change point test and the multi-regression model to control for time-
variation in the regression parameters. Our results overturn most conclusions of |Barras
et al.| (2010) where the estimated proportion of skilled funds is 0.7% in their sample.

The analysis in Chapters {4] and challenged the standard assumption of time-
invariant alpha and betas in the traditional models, including the 3F-CAPM and the
4F-CAPM. Indeed, our results from the change point test suggest that around 20% of
funds in our sample have at least one change in either alpha or betas. Hence, inferences
on the existence of skilled managers using the traditional models in previous studies
can be biased. Furthermore, we have shown that the Ferson-Schadt conditional model
produces similar alpha estimates compared to those using the traditional models, hence
their way of capturing time-variation in the market beta may be inappropriate and it is
better to leave the nature of the relationship between the market beta and the informa-
tion variables undefined. Previous studies on extended models to capture time-varying

parameters usually specify the source of time-variation, such as changing business cycles
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and economic conditions, whereas our multi-regression model with time-varying alpha
and betas is able to detect multiple changes in the parameters without specifying the
functional form of the nature of the time-variation, which is more powerful and has wider
applications in addressing time-variation issues in mutual fund studies.

Third, we have seen a significant difference between results on net and gross returns
in Chapters ] and [f Generally, results on gross returns are much more promising than
those based on net returns. For example, we have shown in Chapter 4| that, when returns
are measured after trading costs only, the estimated proportion of skilled managers is
19.8%; this proportion decreases dramatically to 8.4% when returns are measured after
all expenses and costs. This is reasonable given that manager skill defined on gross
returns mainly requires managers to cover the trading costs, whereas for net returns,
fund mangers are identified as skilled when they have sufficient skill to cover all expenses
and costs.

Recalling that gross returns are returns with expense ratios added back to net returns,
this suggests that funds’ expense policy plays an important role in the underperformance
of funds. Some fund managers may have enough skill to generate excess returns, however,
fund companies overcharge so that these funds generally underperform after all expenses
and costs. Although we have shown in the summary statistics of data that the assets-
weighted expense ratios are declining over the years, this is mainly due to the decline of
expense ratios of aggressive growth funds. Expense ratios of growth funds and growth
& income funds remain rather constant over these years, and these two kinds of funds
account for more than 90% of the entire sample. Therefore, there could be room for
improvement in fund performance if expenses can be reduced. Our results on net and

gross returns provide a view about the relationship between mutual fund expenses and
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fund performance, which practitioners and policy makers may find useful.

Fourth, when fund performance is examined for different investment styles in Chap-
ter 0], our results show that aggressive growth funds have the highest proportion of skilled
managers net of all expenses and costs. We also find that growth & income funds out-
perform the other two styles of funds when returns are measured before expenses, i.e.
when examination of fund performance is disentangled from funds’ expense policy. This
is contrary to the results of Barras et al| (2010, who argue that no growth & income
funds are skilled. Our results are reasonable given that growth funds usually have more
turnover, thus more transaction costs than income-generating funds. Therefore, when
returns are measured after transaction costs only, i.e. fund managers are required to
cover trading costs to achieve a zero-alpha, growth & income funds may perform better
than growth-oriented funds.

Fifth, in Chapter [ by estimating fund alphas using different datasets based on dif-
ferent sample selection rules, we show that including incubated returns of funds produces
slightly smaller individual fund alpha estimates compared to the case where incubated
returns are excluded. This is contradictory to the findings of Fama and French (2010)
and Evans (2010), who argue that funds have enhanced performance in their incubated
periods as incubated funds are provided with seed money from their management com-
panies to establish appealing return history. We argue that our results are reasonable
given that incubated funds are usually in the early stage of their return history, and are
vulnerable to risks and distresses, hence they could underperform relative to the other
funds. Furthermore, we have shown that using a longer minimum return history funds
must have before they are included, produces a larger alpha estimate for an aggregate

equal-weighted portfolio, and shifts the cross-sectional distribution of ¢(«) estimates to
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the right. This implies that the requirement of a longer minimum return history would
induce more survivor-bias given that funds with short return histories are excluded from
the sample. Therefore, different criteria in selecting funds could lead to contradictory
inferences on fund performance. Indeed, we have shown that the results of [Barras et al.
(2010) would be less promising if they chose to include funds with minimum 8 months
of return history, instead of 60 months. For example, the estimated proportion of skilled
funds after trading costs is 12.7% using the 60-month rule, compared to 6.6% using the
8-month rule.

Finally, regarding different bootstrap techniques used in previous studies, our results
in Chapter [6] show that the bootstrap technique that resamples from regression residuals
tends to produce less extreme simulated ¢(«) estimates, although the difference is trivial
for our data. Bootstrap by residuals requires that the functional form of the regression
model is correct. In particular, the resampling of residuals implicitly requires that the
regression residuals should be uncorrelated with the explanatory returns and should not
be correlated with each other. This is a strong assumption that can easily fail if het-
eroskedasticity is prevalent in the data, hence leading to poor finite sample behaviour of
the bootstrapped distribution of #(«) estimates. Therefore, to avoid this strong assump-
tion and to capture any cross-fund correlation in the simulations, the bootstrap technique
that resamples from fund returns and explanatory returns jointly as a pair for all funds
simultaneously is suggested in applications. Furthermore, results using the bootstrap
technique that resamples from blocks of residuals suggest that autocorrelation is a minor

issue in our study.
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7.2 Limitations and Future Research

Despite all the aforementioned contributions to the literature, our study has several lim-
itations. First, as explained in the background chapter, there are two major approaches
to measure manager skill: returns-based approaches and portfolio holdings-based ap-
proaches. Our study is mainly based on historical returns. Although returns are of
much higher frequency than portfolio holdings data and are easier to obtain, portfolio
holdings-approaches allow a security-level examination and a more precise construction
of benchmarks. As shown in our study, fund managers may have time-varying skill and
changing risk loadings, hence, information on portfolio holdings would provide insights
on the dynamic trading strategies of fund managers. Furthermore, a portfolio holdings
based approach allows an examination of fund performance before all costs, including
trading costs. Therefore, it is worth developing more powerful approaches that com-
bine historical returns and portfolio holdings together in the evaluation of mutual fund
performance when more detailed portfolio holdings data are available.

Another issue that could be addressed in future research is to explore the role of ex-
penses in fund performance. As we have shown in the results on net and gross returns,
alpha estimates obtained using gross returns improve dramatically relative to those using
net returns. This implies that funds’ expenses play an important role in the underper-
formance of funds. Hence, it would be of importance to further analyze the components
of expenses so as to figure out which source of expenses mainly impacts the performance
of mutual funds.

Finally, although we have shown that there is a group of fund managers who are able to
outperform the market, it is surprising that we also see a large number of fund managers

who underperform the passive benchmarks. As shown in Chapter [5], the proportion of

204



unskilled funds tends to increase over time. Given that investors should have enough
information to identify these unskilled funds over time and then switch to other funds,
it makes the existence of these unskilled funds puzzling. Previous studies argue that
investors may be unsophisticated, or that some investors are restricted to move to other
funds. Hence, further analysis of the behavior of investors and the constraints faced by

them when investing in mutual funds would help solve this puzzle.
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Appendix A

Construction of CRSP U.S. Survivor-bias Free
Actively Managed Equity Mutual Fund

Dataset

This appendix documents the details on how to construct a panel of equity U.S. mutual
funds that are actively managed. Specifically, Section will list the variables used
to construct the dataset. Section explains the way to identify U.S. equity mutual
funds. Section provides the detailed steps to exclude those passively managed funds.
Section assigns portfolio identifiers to single funds with different shareclasses. Sec-
tion merges funds characteristics variables with return history. Section creates
valued weighted net returns for a single fund, then funds are categorized into three invest-
ment styles and gross returns are generated. Section further screens funds to reduce

incubation bias effects. Finally, we show some statistics of our data in Section [A.§]
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A.1 Summary of Variables from CRSP

We list all the variables that are used to construct the panel of active U.S. equity mutual
funds in Table [A.1] A brief description is also provided in the table. It should be noted
that, some variables do not span our entire sample period (January 1984 to March 2015)

so that we also mark their availability.
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Table A.1: Summary of Variables from CRSP

Variable Description of the Variables Variable Availability
Name type
crsp_funno Unique identifier for a fund shareclass | Num
caldt Date Date
fund_name Fund name Char
crsp-portno Unique identifier for a fund Num
retail_fund Identify if a fund is a retail fund Char 12/1999-
indez_fund_flag| Identify if a fund is an index fund Char 06,/2008-
inst_fund Identify if a fund is an institutional | Char 12/1999-
fund
et_flag Identify if a fund is an ETF or ETN | Char
per_com The proportion of fund’s investments | Char
into common stocks
wbrger_obj_cd | Wiesenberger objective code Char 1984-1993
policy Main type of securities held by fund | Char 1984-1989
lipper_class Lipper classification code Char 12/1999-
lipper_obj_cd Lipper objective code Char 12/1998-
crsp-obj_cd CRSP objective code Char
si_obj_cd Strategic insight objective code Char 1993-1998
exp-ratio Annual expense ratios of a fund Num
mina Monthly Total Net Assets Num
mnav Monthly Net Asset Value Num
mret Total return per share as of month | Num

end
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A.2 Selecting the U.S. Equity Mutual Funds

Since we focus on a portfolio of U.S. equity mutual funds to measure fund performance,
all other funds should be excluded from our sample, including mortgage-backed funds,
balanced funds, international funds, global funds, municipal funds, bond funds, money
market funds and funds that invest in precious metals, as these kinds of funds generally
invest only a small portion into U.S. equities. In F&F, four variables are used to identify

U.S. equity mutual funds:

1. wbrger_obj_cd: Weisenberger fund types, available from 1962 to 1993, but is argued

to be imprecise in French| (2008);
2. policy: Policy codes, which are not available after 1990;

3. si_obj_cd: Strategic insights objective codes, previously known as Standard & Poor’s
objective codes, only available after 1993. They are argued to be the most reliable

in |French| (2008));

4. Area codes: They are no longer available in the CRSP database.

Except for area codes, wbrger_obj_cd, policy and si_obj_cd still remain in the CRSP
database. Furthermore, there are two new variables on fund style and objectives that
are available in CRSP now. In our study, we use the following five variables, including
the above three available variables, to select the U.S. equity mutual funds out of all the
funds in the CRSP database, namely wbrger_obj_cd, si_obj_cd, lipper_obj_cd, crsp_obj_cd
and policy. As described in Table [A 1] not a single variable of them spans the entire

sample period, hence our selection of equity funds is based on the following steps:
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1. Keep only observations that have at least one of the above 5 variables that is not

missing;

2. Funds that belong to at least one of the categories in Table are included in our

sample database;

3. According to French! (2008), the most reliable source of fund objectives are strategic
insight codes. Therefore, we exclude any funds that are declared as non-U.S. or

non-equity by strategic insight codes.

Table A.2: Fund Style or Objective Names Used to Identify U.S. Equity Mutual Funds

Weisenberger objective codes | G, GCI, IEQ, LTG, MCG, SCG

(wbrger_obj_cd)
Strategic insight objective | AGG, GMC, GRI, GRO, ING, SCG

codes (si-obj_cd)
Lipper objective codes | CA, EI, G, GI, MC, MR, SG

(lipper_obj _cd)

CRSP style codes | all that begin with ED or EDC or EDY,
(crsp-obj_cd) exclude EDYH, EDYS
Policy codes (policy) CS, Flex, I-S, TF, TFE

After the selection, 21459 shareclasses remain in the sample. It should be noted that,
there is one set of variables that tells the percentage of a fund’s assets invested in a certain
instrument in the CRSP database. For example, per_com tells the percentage of a fund’s
assets invested in common stocks. Previous studies use this variable to select U.S. equity

mutual funds, but with different standards. For instance, Evans| (2010) requires that
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only funds with an average of 90% or more assets held in common stocks can be included
in the sample based on the variable per_com provided in CRSP. However, |Kacperczyk
et al.| (2008) exclude funds that invest less than 80% or more than 105% of their assets
in common stocks. Furthermore, the variable per_com is not complete throughout the
sample period, with lots of missing observations. We therefore use a more moderate
standard to exclude funds as stated in [Kosowski et al.| (2006). Specifically, we exclude
funds that have less than 50% of their assets invested in domestic equities during the
majority of their return history.

Apart form the use of per_com, we mainly select equity funds based on their self-
declared investment objectives and fund names. It should be noted that there are miss-
ing values for funds’ self-declared investment objectives. Some studies replace missing
values with the prior non-missing value and then select funds based on complete self-
declared investment styles. For example, Barras et al| (2010) carry forward the prior
non-missing objective if an investment objective is missing. However, funds can change
their investment style, and according to our observations, there are 1835 fund shareclasses
that changed their investment styles during their lifetime, accounting for around 9% of
all equity shareclasses. Therefore, we only include a fund for a certain year if we are sure
it is a U.S. equity fund for that year, i.e. the fund should have a self-declared investment

style indicating it invests primarily in U.S. common stocks at that fiscal year end.

A.3 Excluding Index Funds

To focus on active management, we need to exclude those funds that are passively man-
aged. After section [A.2] we have all the U.S. equity mutual funds. Among these equity

funds, some are passively managed, mainly index funds and ETFs (Exchange-traded
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funds). CRSP does provide a variable named indez_fund_flag to identify index funds,
with character “D” representing pure index fund, character “E” representing enhanced
index funds and character “B” representing index-based funds. Another variable named
et_flag is to identify ETFs (Exchange Traded Funds) or ETNs (Exchange Traded Notes).
These funds are normally based upon the performance of a market index and are passively
managed, so we need to exclude them from our sample. However, these two variables are
only available from the year 2003, which does not fully cover our sample period. Further-
more, they are incomplete with missing values. Therefore, we select actively managed
funds based on variables index_fund_flag and et_flag, as well as occurrences of key words
in fund names. To summarize, there are overall five kinds of funds included in our dataset

so far:

1. Actively managed funds: Funds that are actively managed to achieve a higher

return to beat the market;

2. Ordinary index funds: Funds that are passively managed to mimic the unleveraged
performance of a benchmark index, such as the S&P 500. For brevity, we classify

ETFs and ETNs as ordinary index funds as well;

3. Leveraged index funds: Funds that aim to mimic the leveraged performance of a

benchmark index, for example, to achieve 300% of daily return of the S&P500;

4. Target-Date funds: Funds that automatically choose an asset portfolio of stocks,
bonds and cash equivalents based on a selected time period that is appropriate for

investors. For example, funds that target the date of retirement;

5. Enhanced index funds: Funds that select securities based on a broad-based index,

such as the S&P 500. Their managers apply the core theory of index investing,
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but usually go further to outperform the tracking index. Whether enhanced index

funds are actively managed or not is still a debate.

To better focus on active management, we exclude ordinary index funds, leveraged
index funds, target-date funds and enhanced index funds from our dataset. First, ordi-
nary index funds are set to mimic the performance of a market index to achieve low or
zero management expense ratio, so they are typically passively managed funds. Second,
instead of mimicking index returns like ordinary index funds, leveraged index funds use
derivatives to deliver a relatively higher investment exposure. Since they operate differ-
ently from other normal equity mutual funds, we do not include them in our actively
managed funds sample. As for target-date funds, some of these can be actively managed
to some extent, however the identifiers of actively managed target-date funds are not
available in the CRSP database. Therefore we exclude this kind of index funds from our
sample. For similar reasons, we exclude enhanced index funds as they are possibly semi-
actively managed, which means managing enhanced index funds involves limited stock
picking skills. Therefore we prefer to exclude them from our actively managed funds
sample.

To exclude the above passively managed funds from our sample, we need to identify

them first. Table shows the key words we use to identify index funds:
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Table A.3: Key Words to Identify Index Funds

index indx idx s& p schwab 1000
nasdaq-100 dow jones etf ishare
profound russell proshare powershare viper

spider spdr wilshare etn

exchange traded exchange-traded

Generally, any funds that have these key words in their names are very likely to be
index funds and hence are passively managed. However, there are exceptions. We put
together another list of key words in Table[A.4] and any funds that have these key words
in their names are more likely to be enhanced index funds even if they have some of the

key words in Table [A.3}

Table A.4: Key Words to Reject an Index Fund as a Passively Managed Fund

hedge manage enhance plus

Next, we identify target-date funds based on the key words in Table [A.5}

Table A.5: Key Words to Identify Target-date Funds

1970 1975 1980 1985 1990 1995
2000 2005 2010 2015 2020 2025
2030 2035 2040 2045 2050 2055
2060 target lifestyle

214



The key words to identify leveraged index funds from ordinary index funds are shown

in Table [A.GL

Table A.6: Key Words to Identify Leveraged Index Funds

inverse short ultra 1.25x 1.5x 2x
2.5X% 3x 4x Hx 6x x
8x Ox Ox

Any funds that have some of these key words in Table are likely to be leveraged

index funds. However, if a fund contains any of the following key words in Table [A.7] it

is not a leveraged index fund even if it has some of the key words in Table

Table A.7: Key Words to Reject a Fund as a Leveraged Index Fund

short term

short tm

short bond

short bnd

short bd

lg short

long /short

long-short

long short

Therefore, we identify a fund as a leveraged index fund if the fund contains at least

one word from Table but does not contain any word from Table [A.7]

To summarize, we identify funds in our dataset following the rules below:

1. We label a fund as a target-date fund if the fund

(a) contains a word in Table [A.5}
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(b) does not contain the word “russell 2000”, since “2000” is in Table [A.5] but
funds with the key word “russell 2000” may be funds that mimic the perfor-

mance of the russell 2000 index.
. We label a fund as a leveraged index fund if the fund

(a) contains a word in Table [A.6}

(b) does not contain any word from Table or Table
. We label a fund as an enhanced index fund if the fund

(a) contains a word in Table [A.3}

(b) contains a word in Table [A.4]
. We label a fund as an ordinary index funds if the fund

(a) contains a word in Table [A.3}

(b) does not contain any word from Table[A.4] Table Table or Table[A.7]

. If the fund is not labeled as the above four types, then we identify it as an actively

managed fund.

It should be noted that we assign labels to each observation of the funds, which

means there might be cases when the fund changed its index status during its lifetime,

i.e. multiple labels are assigned to the same fund. This is arguably sensible given that

some funds may change their investment strategies. After identifying index funds, we

have some suspect funds that

1. are not labeled as ordinary index funds by our key words but are suggested to be

index funds by the CRSP variable indez_fund_flag with character “D”;
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. are not labeled as enhanced index funds by our key words but are suggested to be

enhanced index funds by the variable indezr_fund_flag with character “E”;

. are not labeled as either index or enhanced index funds by our key words but are
suggested to be index-based funds by the variable index_fund_flag with character

LLB” .
I

. are not labeled as index funds by our key words but are suggested to be ETFs by

the variable et_flag with character “F”;

. are not labeled as index funds by our key words but are suggested to be ETNs by

the variable et_flag with character “N”;

. are labeled as ordinary index funds by our key words but suggested to be non-index

funds by the variable index_fund_flag with null character.

The above six types of funds are excluded from our sample temporarily. Then, we store

all these funds in a separate file and do robustness checks using the popular stock indexes

that index funds usually target. For those suspect funds and all the active managed funds

identified according to our classification explained above, we perform manual checks. We

also calculate the correlation between their historical monthly returns and returns of

those target stock indexes, such as S&P 500. If a correlation of more than 99% is found,

then we consider the fund as an index fund and exclude it from our sample. It should be

noted that we leave the robustness check to be done after we merge the fund characteristic

variables with returns in Section [A.4]

After robustness checks, several funds are known to be misspecified as index funds

by our standards and are added back to our sample. These funds usually have the key
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word “russell” or “dow” or “jones”. However, they are funds from “Russell Investment
Company” or “Endowments Trust Company” or “Badson Shadow Stock Fund” or “Jones
Villalta Opportunity Fund” and are in fact actively managed. Some funds that failed
to be identified as index funds by our standards but are in fact passively managed are
excluded from our sample. These funds usually have a correlation with the target stock

index of more than 99%.

A.4 Merging in Historical Returns

To merge the selected U.S. actively managed equity mutual fund shareclasses with the
monthly returns of these shareclasses into a single file, we focus on return history of
each shareclass, i.e. only merge in observations of the year/month when return data is
available. For variables such as investment objectives that are only available on a yearly
or quarterly basis, we fill in the monthly observations based on their year-end information.
As explained in [French| (2008), mutual fund shareclasses are selected only if they are U.S.
and equity shareclasses for that specific year for certain. For those shareclasses that have
quarterly information on investment styles, we only merge in observations of the monthly
returns if we are sure it is a U.S. equity fund shareclass by the end of that quarter. For
example, if a shareclass has an investment style for the first two quarters of a certain
year indicating that it is a U.S. active equity shareclass, then only returns of the first six
months are merged into our sample since we are not sure about its investment style for
the remaining two quarters of that year.

For monthly returns, they need not be contiguous, so missing returns [[| are excluded

w9

'Tt should be noted that, most missing returns are denoted as in CRSP, however, there are some

missing returns denoted as “R” that need to be excluded as well.
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from our sample. We also exclude the following-month return when we observe a missing
return as CRSP fills this with the cumulated return using the last non-missing Net Asset

Value (NAV). fIf]

A.5 Shareclasses and Portfolios

As the mutual fund industry evolves, funds start to provide different classes of shares so
as to attract investors with different preferences. Conferring ownership under the same
fund management company, the main differences among these shareclasses are fees and
expenses charged. Generally speaking, shareclasses that attract long-term investors may
offer a high load fee and a low expense ratio, while a low load fee and a high expense ratio
are often offered to attract short-term investors. Usually, shareclasses are categorized into
“Class A7, “Class B”, “Class C”, etc. for funds that have more than one shareclass. Class
A shares typically charge a front-end fees, Class B shares tend to impose a contingent
deferred sales charge, which means investors need to pay if they sell their shares within
a certain period, and Class C shares normally have no front-end sales charge, but only
small charges if investors sell their shares within short periods.

Since performance should be measured at the fund level to infer the existence of skilled
or unskilled fund managers, we need to merge different shareclasses into a single fund. A
new portfolio code called calc_portcode is assigned to different shareclasses of a fund in

our sample. This variable should be similar to crsp_portno provided by CRSP, but more

ZNet Asset Values (NAV) per share is computed based on the closing market prices of that shareclass,
not to be confused with Total Net Asset Values (TNA), which is the total amount of all investor dollars
invested in that shareclass.

3 According to |Survivor-bias-free US Mutual Fund Guide (2014), on page 14 section of “Notes about
returns 7, monthly return values are calculated as a change in NAV including reinvested dividends from
one period to the next. Therefore, if there is a missing NAV, both the return for that month and the
following-month return should be excluded.
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complete and uniquely identifies a portfolio/fund.

For funds that have more than one shareclass, their names in CRSP usually have
two segments. The first segment contains the actual name of the fund, while the second
segment contains the name of the specific subclass, and these two segment are often
separated by the symbol “;” or “ /7. For example, the fund named as “Spectra Fund,;
Class N Shares” has the first segment “Spectra Funds” which is the fund name, and
after the symbol 7, it has the second segment “Class N Shares” as the shareclass name.
Generally, subclasses of the same fund should have identical names in their first segments.
So one can build an algorithm to group together different shareclasses based on their first
segments of their names. Specifically, the following steps are conducted to assign the

portfolio codes to subclasses of the same fund:

1. Exclude observations with missing fund names;

2. Modify the shareclass names for each year and update them to the newest name
so that for the same shareclass it has only one name throughout its entire return
history. It is common that the shareclass may change its name slightly, however,

this makes it difficult for us to assign the portfolio code if the names are different;

3. Compress the names to remove the spaces between two letters, and capitalize the

names so that they are not case sensitive;

4. Extract the first segment of the observation names out of the whole name so that
the second segment of names containing the subclass information is removed and
only the part containing the actual name of the fund is retained. This step can be

done based on the fact that the two segments of names are often separated by the
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character “;” or “ /7 in CRSP;H

5. For each fund, find out if the fund has been renamed. If so, we change the old
name to the most recent updated name. Repeat this process until there are no

name discrepancies remaining within a single fund;

6. We use the “Levenshtein edit distance” to measure the distance between two strings
(names) and compare it with a predefined cutoff (cutoff = 2) to identify similar fund

names to avoid name typos in CRSP;

7. Finally, we check and make sure that the portfolio code we assign is not different

within the same shareclass.

After the portfolio codes are assigned to all the subclasses, we proceed to check their
credibility according to the variable crsp_portno. crsp_portno exists in the CRSP database
as a portfolio identifier for a single fund that has multiple shareclasses. Unfortunately, this
variable is missing for most funds, and that is why we need to construct our own portfolio
identifier to merge different shareclasses of a single fund into one portfolio. However, we
can still use those funds that have the crsp_portno available to check if our portfolio
identifier calc_portcode correctly assigns a unique code to a single fund portfolio, i.e. for
those funds that have non-missing crsp_portno, variables crsp_portno and calc_portcode
should simultaneously identify the same fund portfolio. In other words, there should not

be cases where the same crsp_portno is assigned to more than one calc_portcode. Finally,

41t should be noted that the position of the character are searched from right to left in case the
shareclasses names contain more than one of these two characters, e.g. there is one shareclass called
“ABN ARMO Funds:ABN ARMO/Montag & Caldwell Growth Fund; Class R Shares”. This name has
both symbols “/” and “” in it. If we search from left to right like most search statements in software
would do, then the position of “/” is returned as the result and then the segments of the name would
be incorrect. Instead, we should search from the right to the left. For example, we use the software SAS
9.4 in our study so that we choose the “findc” statement with modifier “b” denoted as searching from
right to left to do the job.
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we manually check funds with more than 6 shareclasses to make sure that the correct
portfolio codes are assigned. It should be noted that, after assigning portfolio codes, our

dataset should have the following characteristics:

1. It has a new variable called calc_portcode added into the dataset;

2. crsp_fundno uniquely identifies a single shareclass, and calc_portcode uniquely iden-

tifies a single fund portfolio.

A.6 Fund Style, Value Weighted Net and Gross Returns

Each monthly return for a single fund is calculated by weighting the net return of its
component share classes by their beginning-of-month total Net Asset Values (TNA).
After shareclasses are assigned portfolio codes, they are weighted by their total TNA of
that shareclass at the beginning of that month and are merged into a single fund. Before
doing that, we fill the missing values of the TNA with the average of adjacent non-missing
values before and after the missing ones. [

To further generate gross returns, we add monthly expense ratios back to the net
returns. Since only yearly expense ratios are available, to generate monthly gross returns,
we add 1/ 12t yearly expense ratios to net returns. However, expense ratios can be
missing for some funds in certain fiscal years. When a fund’s expense ratio for a year
is missing, it is assumed that the missing expense ratio is the same as other funds that
are actively managed and have similar Assets Under Management (AUM). Therefore, the
crucial step is to locate “similar funds”, which we define as funds in the same investment

style category with similar AUM. We assign three categories of investment styles to funds

5Tt should be noted that, in CRSP, there are some TNA observations values shown as “-99” in the
database and are in fact missing values. We treat them as missing observations.
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in our sample according to Barras et al. (2010): Aggressive growth funds, growth funds,
and growth & income funds. Aggressive growth funds usually take the highest risk to
achieve the highest capital gains. Growth funds tend to target fast capital appreciation
and are less moderate than aggressive growth funds. Growth & income funds pursue a
dual strategy of income generation and capital gain and are the least risky funds among
the three categories. We assign investment style categories to funds based on the following

variables:

1. CRSP style code (crsp-obj_cd);

2. Lipper class code (lipper_class);

3. Lipper objective code (lipper_obj_cd);

4. Strategic insights objective codes (si-obj_cd);
5. Wiesenberger objective code (wbrger_obj_cd);

6. Fund names (fund_name).

To be specific, we use style or objective codes to classify funds according to the

following standard in Table
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Table A.8: Fund Investment Styles Classified According to Objectives

Growth & in- | Growth Aggressive
come growth
CRSP style codes | EDYB, EDYI EDYG
(crsp_obj_cd)
Weisenberger objective | GCI, IEQ LTG, SCG MCG
codes (wbrger_obj_cd)
Strategic insight objective | GRI, ING GRO AGG
codes (si_obj_cd)
Lipper objective  codes | GI, EI G, CA
(lipper_obj _cd)
Lipper class codes | EIEI, LCVE, | G, LCGE,
(lipper_class) MCVE, MLVE, | MCGE, MLGE,
SCVE SCGE

Fund names can contain key words that indicate funds’ investment styles. We use the

key words in Table to identify growth & income funds:

Table A.9: Key Words to Identify Growth & Income Funds

growth and income

growth & income

income & growth

growth with income

income

value

income and growth

income with growth

val

Key words used to identify growth funds are shown in Table [A.T0}
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Table A.10: Key Words to Identify Growth Funds

growth

capital appre-

clation

appreciation

capital

prec

ap- | grth

Generally, any funds that have these key words in their names are very likely to be

growth funds. However, there are exceptions so we put together another list of key words

in Table to reject a fund as a growth fund:

Table A.11: Key Words to Reject a Fund as a Growth Fund
aggressive aggressive aggress growth growth and in-
growth come
growth & in- | income and | income & | growth with in-
come growth growth come
income with | value income
growth

Finally, we use the following key words in Table to identify aggressive growth

funds:

Table A.12: Key Words to Identify Aggressive Growth Funds

aggressive

growth

aggressive

aggress growth

aggr growth

To summarize, we use fund names to classify funds according to the following stan-

dard:
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1. A fund is denoted as a growth and income fund if its name contains one of the key

words in Table [A.9}

2. A fund is denoted as a growth fund if its name contains one of the key words in

Table but does not have the key words in Table [A.11}

3. A fund is denoted as an aggressive growth fund if its name contains one of the key

words in Table [A12]

After the above steps, the new variable fund_style should indicate the fund investment
style of funds in our sample. We denote fund types as missing when funds cannot be
identified using either style codes or fund names. Next, we fill in those missing expense
ratios with non-missing expense ratios from similar funds defined as funds in the same
investment styles and similar AUM. Finally, we create monthly gross returns by adding

in 1/12"™ expense ratios to monthly net returns.

A.7 Excluding New Funds and Correcting Incubation Bias

To avoid having many new funds in our sample, we only keep funds that have at least
five years of return history before the end of our sample period so as to remove new ones
with short return history. Since CRSP report return history at shareclass level, we only
exclude a new fund when the history of all of its shareclasses are less than five years.
We also correct for “incubation” bias which refers to the fact that funds are often
provided seed money to establish an appealing return history by fund management com-
panies in their pre-release period. Incubation bias arises when these returns are included
in our analysis. We exclude the part of return history of funds that are below a certain

AUM bound. This lessens the effects of “incubation” bias given that funds usually have
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low AUM in their pre-release period. Evans (2010) discussed this issue and suggests
that by using returns only after funds receive a NASDAQ ticker symbol, “incubation”
bias can be minimized. However, F&F argue that this ticker symbol information is only
available after 1998 and their results accounting for NASDAQ ticker dates turn out to be
no different from their original results.

Therefore, to solve the “incubation” bias problem, we follow F&F’s methodology to
limit tests to those funds that hold AUM of at least 5 million 2006 dollars. We set the
AUM bound to $6 million in 2015 after adjusting for inflation since F&F set the AUM
bound to $5 million in the year 2006. Similarly, the AUM bound in each year is adjusted
according to inflation rates, for example, a fund is included in 1984 if it has more than
$2.5 million of assets under management. Furthermore, to obtain accurate estimates of
fund «, we only keep funds that have at least 8 months of return history in our sample.
In the end, our sample has 5006 funds that span a period of 32 years with a maximum

range of 375 months from January 1984 to March 2015.

A.8 Summary Statistics of Data

To have a general picture of our data, we show some characteristics of the data including
number of funds, average total net assets of funds and average expense ratios. Since our
sample period covers the global financial crisis and the recovery of it, it is interesting to
see how these characteristics evolve over time. First, we split our sample data into several
sub-samples that contain the funds existing in each year from 1984 to 2015. Then, we
construct subsamples that have funds with return history up to the end of each year from
1998 to 2015. The number of funds in our sample existing in each year and number of

funds within the sample until a certain year are shown in Figure and Figure
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Figure A.1: Number of Mutual Funds per Year in Our Sample

Information on the number of funds existing in each year allows us to see how many
fund were in the market that year after some funds left the market and the entry of
new funds. As shown in Figure [A 1] the number of funds existing in each year gradually
increases and stops growing during the 2007-2008 financial crisis period, dropping to a
level below 2000. After the crisis, the market experienced a boom with the number of
mutual funds increasing sharply, peaking at approximately 3000. However, after 2010,
the number of funds in our sample continued to decrease every year, possibly due to the
ever-increasing market competition, especially the prevalence of index funds in recent
years. When the curve representing the number of funds till a certain year is plotted, we
see a similar pattern in the number of funds, dead and alive altogether, increases steadily
from 1998 to the point of the global financial crisis and then goes up after the crisis at
a higher rate. From 2010 to the end of our sample period, the total number of funds in
the sample remains relatively stable.

Furthermore, we also show the average Total Net Assets (TNA), assets-weighted av-

erage expense ratios of the funds existing in each year in our sample. As shown in
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Figure A.2: Number of Mutual Funds up to a Certain Year in Our Sample

Figure the average assets held by funds experienced two major reductions during
the Dot-com bubble in the early 2000s and the 2007-2008 financial crisis period, respec-
tively. At other times, the data show that mutual funds keep expanding in terms of total
assets. As to the expense ratios, Figure shows that overall, assets-weighted expense
ratios are declining over the years, although they fluctuate frequently during the entire
sample period.

Since funds have different investment styles: aggressive growth, growth and growth
& income, it is natural to wonder if different investment style categories show different
average TNA and expense ratios. Funds are assigned to different investment style cat-
egories based on their self-declared investment objectives and their fund names, details
of which are explicitly explained in Section [A.6 As shown in Figure [A.5] the number
of growth funds and growth & income funds keeps growing until the start of the global
financial crisis and then drops substantially. Growth funds have the highest number of
funds among the three groups, peaking at around 1600 in 2009. Before 1990, there are

no growth & income funds in the sample and their number increases from around 200 in
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Figure A.5: Number of Mutual Funds in Different Investment Styles per Year in Our
Sample

1990 to around 1000 in 2008 and then drops to 800 till 2015. The number of aggressive
growth funds remains relatively constant over these years, fluctuating around 100 and is
the lowest among the three groups of funds.

Regarding assets held by the funds, growth & income funds generally have the largest
amount of average assets under management, and aggressive growth funds have the lowest.

As to expense ratios, before the early 2000s, aggressive growth funds have the highest
annual assets-weighted expense ratios peaking at a value of around 0.16 and growth funds
have the second highest expense ratios. After around 2004, expense ratios of aggressive
growth funds start to decline and become the lowest among all investment style groups
from around 2007. Hence, we can see that aggressive growth funds play an important

role in reducing the expense ratios of active mutual funds in general in recent years.
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