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Abstract
This thesis contributes to three aspects of the rich literature on mutual fund perfor-

mance evaluation and portfolio selection. In the first study, we examine the effects of

uncertainty on the distribution of mutual fund returns. We find a widening return dis-

persion in response to high uncertainty while the average return is unaffected. Examining

fund flow data, we show that investors do not react to changes in uncertainty. We also

demonstrate that a strategy that invests in momentum during stable periods yet takes a

contrasting position during volatile periods generates outstanding returns. In the second

part of our study, we investigate how uncertainty affects the impact of environmental,

social and governance (ESG) ratings on mutual fund performance and flow. We construct

fund-level ESG scores based on their stock holdings and show a significant U-shaped ef-

fect of ESG score on risk-adjusted returns (value at risk), which changes during times of

peak uncertainty. In addition, we identify a drastic shift in investors’ ESG preferences in

response to uncertainty levels. In the final chapter, we empirically examine whether the

data envelopment analysis (DEA) can be used as a tool to generate investment plans.

We identify a significant positive impact of the current DEA score on subsequent fund

returns. Constructing DEA-sorted fund portfolios, we demonstrate significant practical

value of the DEA method in fund selection and propose the DEA-momentum strategy

that can deliver superior performance compared with traditional strategies and can be

used by both retail and institutional investors.
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1 | Introduction

1.1 Motivation and Contribution

When individuals seek an external money manager, they will likely end up with a mutual

fund, particularly an actively managed mutual fund. It is reported that US household

investors put a median value of $126,700 into four mutual funds, accounting for 89% of the

overall market (Investment Company Institute, 2021). This significant level of interest

from individual investors has extensively stimulated the expansion of the market, and

there are now over 7,000 mutual funds available for investors to choose from. In sharp

contrast to this wide range of available funds, most investors only take notice of simple

investment signals, primarily past returns, when making investment decisions (Choi and

Robertson, 2020). As a consequence, it is no surprise that retail investors are commonly

labelled “dumb money” and, on average, lose their capital in the long run (e.g., Frazzini

and Lamont, 2008; Feng et al., 2014; Akbas et al., 2015).

Some studies blame mutual funds for this poor realized performance. Beginning with

Jensen (1968), the academic literature has found little economic value in an active man-

agement style. Carhart (1997) find no evidence of skilled or informed mutual fund man-

agers who are able to consistently outperform the market, and it has become conventional

15



wisdom that: (1) an average fund yield provides a negative return, net of fees; (2) the

best performing funds do not persist; and (3) very few managers have a skill level higher

than the fees they charged (Cremers et al., 2019). Wermers (2000) conclude that, even if

fund managers can outperform their benchmarks, a significant portion of earnings went

to the managers themselves, which left investors with below benchmark returns. This

unconditional negative average performance of mutual funds exacerbates the difficulty for

investors in understanding mutual funds’ performance and making the correct investment

decisions.

In searching for the value of active management, Moskowitz (2000) first raise the

argument that actively managed funds may provide added value during market down-

turns. Glode (2011) argue that investment managers were skilful yet only willing to use

their potential when their work would be better recognised and paid for by investors,

this being conditional on the economy is in a poor state. They document that active

funds outperform their passive benchmarks during recessions, highlighting the effect of

the market environment on the performance of investment assets. While these studies

imply a counter-cyclical performance pattern of active mutual funds, they mainly focus

on the value of active style management. In the meantime, little of the literature has

sought to comprehensively investigate the effect of the market environment on the per-

formance distribution of actively managed mutual funds. In one effort, Bali et al. (2014)

study the impact of macroeconomic uncertainty, a counter-cyclical macroeconomic factor

that rises during recessions and falls during expansions, on individual mutual fund perfor-

mance and found no significant relationship. However, their study focuses only on average

fund returns and does not address potential fund performance deviations resulting from

16



macroeconomic uncertainty.

Motivated by this significant gap in the literature and the importance of selecting the

correct investment assets during market downturns, Chapter 2 seeks to understand

the effects of macroeconomic uncertainty on mutual fund performance from a cross-

sectional perspective, particularly at the dispersion level. The potential widened cross-

sectional return dispersion is implied from two channels. Beaudry et al. (2001) show

that uncertainty affected the cross-sectional firm profitability. As firm-level earnings

were considered to have a positive effect on stock performance (Bali et al., 2008), this

could also imply deviated stock returns. Moreover, Bali et al. (2017) uncover empirical

evidence that individual stocks react differently to macroeconomic uncertainty. Thus,

as uncertainty increases, stocks with positive or negative uncertainty exposure would

increase or decrease in price, thus causing a widening return dispersion and, ultimately,

transmitting to the mutual fund level. Based on these previous findings, we hypothesize

a widening return dispersion over increased macroeconomic uncertainty.

The first set of empirical results discussed in Chapter 2 confirms our hypothesis. It

shows a widening cross-sectional return dispersion as the level of uncertainty increases,

which indicates both risk and opportunities for individual investors. To help investors

improve their fund selection ability, we define a simple buy-and-hold investment strat-

egy that changes with uncertainty and has a principal guideline for making investments

subject to macroeconomic uncertainty. To our knowledge, while Dobrynskaya (2019)

shows that switching from momentum investing to the contrarian strategy after a market

crash helps stock investors to avoid the momentum crash, none of the current studies

uses macroeconomic indicators to determine proper investment strategies. Thus, this
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newly developed strategy is vital to all market participants, as our empirical evidence

shows that, in general, investors do not react to the level of macroeconomic uncertainty.

Building on the momentum strategy, we show that investors will achieve a better result if

they change to a contrarian strategy when macroeconomic uncertainty exceeds a partic-

ular threshold, which helps them avoid the momentum crash and emerge from the crisis

period in a better position.

In Chapter 2, we use US domestic equity mutual funds as the sample, which forms part

of the investigation of non-constrained investment assets. In the next chapter, we further

explore the impact of uncertainty on mutual fund performance within the constrained

investment sector, particularly the sustainability constraint. In recent years, with the

increasing awareness of environmental, social and governance (ESG) standards among

investors, sustainability-themed investing has been the fastest growing sector within the

industry. The proportion of sustainable investment assets to total managed assets in the

US doubled from 2014 to 2020 (Management and Robeco, 2020). It is also reported that

one in three dollars in the US asset management industry is managed in accordance with

a level of sustainability criteria (SIF, 2020). A survey by Morgan Stanley shows that

only 5% of their clients do not embrace sustainable investment.1 Such a high proportion

of assets indicates a tremendous level of interest from investors, which will also have a

substantial effect on corporate behaviour (Heinkel et al., 2001).

This staggering expansion of the sustainable investing segment has garnered attention

from academic researchers seeking to identify a rational explanation and justification

for the value of green investing. However, after 30 years of theoretical and empirical
1See “7 Insights from Asset Owners on the Rise of Sustainable Investing”, available at https://www.

morganstanley.com/ideas/sustainability-investing-institutional-asset-owners.
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examination, no consensus has been found on how sustainable investing would affect the

performance of mutual funds. Essentially, the key factor making sustainable investment

distinct from conventional investment in the mutual fund industry is the added layer of

investment constraints that shrink the managers’ access to certain assets, limiting the

portfolio’s diversification ability. Sustainable investment also incurs additional research

costs, which transmit into higher fees for investors (Duanmu et al., 2018) and, based

on neoclassical economic theory, sustainable capital brings costs to the firm as it must

spend extra capital on non-profit-driven activities, which reduces profitability and thereby

harms stock performance (e.g., Hong and Kacperczyk, 2009; Renneboog et al., 2008a;

El Ghoul and Karoui, 2017; Duanmu et al., 2018; Barber et al., 2021).

In the meantime, academic studies have also identified some benefits to sustainable

investment which support the expansion of the industry, including the observation that it

may outperform in the long-run (e.g., Gil-Bazo et al., 2010; Edmans, 2011; Eccles et al.,

2014); deliver better performance during market crises (e.g., Albuquerque et al., 2019;

Pástor and Vorsatz, 2020); or else attract more capital investment from investors (e.g.,

Hartzmark and Sussman, 2019; Ammann et al., 2019; Xiong, 2021; Bauer et al., 2021).

These contradicting results indicate that the basic relationship between mutual funds’

sustainability ratings and performance is still unclear and requires further examination.

While previous studies have explored whether the cost or benefit of sustainable in-

vesting can dominate the other in the overall investment relationship, little attention has

been paid to whether they affect fund performance on different levels. Therefore, one of

the main objectives of Chapter 3 is to examine if the effect that sustainable investment

has upon mutual fund performance is non-linear. Studies on green stocks have shown
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that the cost of sustainable investing is immediate, while the benefit only arrives after

reaching a certain level of sustainability. This yields a U-shaped effect overall (Wang

et al., 2016). Barnett and Salomon (2006) investigate the screening intensity of sustain-

able mutual funds and show that fund manager should either fully embrace sustainable

investing or choose to refrain from it altogether. Building on these studies, Chapter 3

constructs a holding-based mutual fund ESG score to investigate the non-linear effect of

sustainability on fund performance. In doing this, a significant U-shaped impact of ESG

ratings on funds’ risk-adjusted returns and value at risk (VaR) is identified.

As Chapter 2 shows the effect of uncertainty on the cross-sectional distribution of

mutual fund returns, we also investigate how uncertainty affects the ESG performance

relationship. Our investigation is backed by studies that document the superior per-

formance of sustainable investments made during a market crisis (e.g., Nofsinger and

Varma, 2014; Ding et al., 2020; Pástor and Vorsatz, 2020), which indicates a changed

sustainability-performance relationship during such periods. To our knowledge, existing

studies examining the characteristics of sustainable investment conducted during eco-

nomic downturns mainly focus on major crises, such as the 2008 financial crisis or the

COVID-19 pandemic. Our work in Chapter 3 is the first to investigate how economic

conditions affect sustainability investment over time, which deepens the understanding

of sustainability investment and benefit both academic researchers and industry practi-

tioners.

In the second part of the chapter, we examine investors’ preferences toward sustain-

ability. Empirical evidence suggests investors value sustainable investing and are willing

to sacrifice financial returns for higher ethical standards in their investment portfolio
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(Renneboog et al., 2008a). However, no study has thus far examined whether investors’

preferences change with market conditions. Investor behaviour does, however, change sig-

nificantly during times of crisis (Guiso et al., 2018), and thus an evaluation of investors’

sustainability preferences should also consider the market environment. By examining

investors’ behaviour using net fund flows, we find supporting evidence that investors’ pref-

erence towards ESG changes significantly subject to uncertainty. They favour funds with

medium ESG scores during the calm time but deviate to the top and bottom ESG-scored

funds as uncertainty increases.

When measuring the risk-adjusted returns (performance) of mutual funds in the first

two empirical chapters, we follow the existing general literature and use the Fama-French

three-factor model (Fama and French, 1993). While this method is used by almost ev-

ery academic paper in evaluations of mutual fund performance, some have shown that

the model was subject to systemic biases, which could result in poor benchmarks when

evaluating mutual fund performance (Cremers et al., 2012). Thus, a new performance

evaluation method is needed, one which can inherit the benefits of the traditional factor

model but which can also improve on its drawbacks.

In searching for such an alternative measure, Murthi et al. (1997) proposes the use

of a data envelopment analysis (DEA) efficiency score. As a non-parametric linear pro-

gramming formulation, DEA has several advantages, including (1), it does not require

any theoretical models or interrelationships to arise between the variables examined; (2),

it does not require assumptions on the variables used; and (3), it is capable of incorporat-

ing multiple input and output variables within a single index, which attract considerable

interest from academia(e.g., Basso and Funari, 2001; Lamb and Tee, 2012; Galagedera
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et al., 2016; Goel and Mani, 2018; Galagedera et al., 2018). However, most of these stud-

ies mainly focus on applying innovative DEA models, and the question of whether funds’

DEA scores affect future fund performance has been largely ignored. As the predictabil-

ity of the DEA score has been proven in certain aspects of literature, such as equity

(e.g., Pätäri et al., 2010, 2012) and bankruptcy assessment (e.g., Premachandra et al.,

2009; Ouenniche and Tone, 2017), a positive effect on funds’ subsequent performance is

foreseeable, and gaining a greater understanding of it would be valuable to all market

participants.

Chapter 4 examines how well a fund’s DEA score can serve as a performance eval-

uation measure in predicting future successful mutual funds. Existing studies examining

the effect of the DEA score on funds’ performance show that the DEA score positively

contributes to fund returns (Rubio et al., 2018). As DEA generally measures how well

a decision-making unit (DMU) can generate output using limited input in comparison

to its peers, it follows that funds with high DEA scores should generate higher returns.

Therefore, this chapter first extends this investigation to an inter-temporal setting and

shows that funds with a high DEA score do indeed generate higher fund returns. We

further propose the DEA-momentum strategy that focuses on the most efficient past

winners and demonstrate a significant increase in quarterly return of such strategy over

momentum profit and other commonly used investment strategies.

In summary, the overall objective of this thesis is to gain a deeper understanding of

mutual fund performance while providing some practical investment guidance for market

participants for both retail and institutional investors. The first task is to examine how

uncertainty affects the cross-sectional distribution of mutual fund performance, an area
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that has received surprisingly little attention from academia and is worthy of further

investigation. Having documented the widening return dispersion and insignificant in-

vestor reactions, we propose easy-to-follow strategies that help investors achieve better

returns during stable and volatile periods. Building on the empirical findings related to

the unconstrained diversified mutual funds, the second aspect of this thesis delves into

constrained investment, using sustainable investment as an example. Incorporating both

the costs and benefits of the ESG constraints, we find a U-shaped ESG performance and

flow relationship, which also changes with market uncertainty. Further, the traditional

performance evaluation measures used in the previous investigations may be subject to

bias. The final objective, therefore, is to examine how funds’ DEA efficiency scores, a

widely used alternative performance metric, affect subsequent fund performance with

empirical evidence suggesting a robust and positive effect of DEA score on the accuracy

of performance prediction.

1.2 Structure of the Thesis

The thesis is divided into five chapters. Chapter 2 details the investigation into the effect

of financial uncertainty on the cross-sectional distribution of mutual fund performance.

It also tests whether a private investor can outperform the market by adjusting their

strategy to consider the level of uncertainty.

Chapter 3 examines the effect of a sustainability rating on a mutual fund’s risk-

adjusted returns and VaR. It also covers the impact of policy uncertainty on the ESG

performance relationship and evaluates investor preferences towards a fund’s ESG score.

Chapter 4 investigates whether the efficiency score calculated using the non-parametric
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DEA model has any real financial implications. It provides a comprehensive examination

of the use of the DEA score as a formation criterion for mutual fund selections in a wide

range of simple buy-and-hold investment strategies. It also proposes a DEA-momentum

strategy that can deliver superior financial performance to traditional investment strate-

gies.

Finally, Chapter 5 summarises and concludes the study. It also indicates directions

for potential future research and certain limitations of this study.

24



2 | Uncertainty Effects on US Mu-

tual Fund Distribution and In-

vestment Strategies

2.1 Abstract

This chapter examines uncertainty effects on the distribution of mutual fund returns and

scrutinizes returns from momentum and contrarian investment strategies under uncer-

tainty. We find that uncertainty does not affect the cross-sectional mean of mutual fund

returns but does affect its dispersion. We also demonstrate that, although the average in-

vestor’s trading behaviour does not vary relative to changes in uncertainty, fund-portfolio

momentum investors can avoid the market and momentum crash and achieve higher re-

turns if they switch to a contrarian strategy as the level of uncertainty increases. Our

findings are robust to alternative specifications and uncertainty measures.
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2.2 Introduction

Mutual funds have gained significant popularity as an investment vehicle for institutional

and private investors in the US. According to the Investment Company Institute (2021),

the US mutual fund industry is the largest in the world, amounting to as much as 120%

of US GDP with assets of approximately $26 trillion as of 2020 and more than 9,800

funds from which 100 million active US investors can choose. Such a level of interest

in the market places all mutual fund managers in a highly competitive setting as they

strive to outperform their comparative benchmarks to retain their existing shareholders

and attract new investors. Considering that the skills and ability of managers, as well as

the performance of funds in the industry, can vary substantially, it is a daunting task for

an investor to select the right fund or portfolio of funds in which to invest. Indeed, as

the sectoral return dispersion can be wider than 5% per month, investors must carefully

consider which funds they invest.

This chapter examines the effects of macroeconomic uncertainty on the US mutual

fund sector from a different perspective than that of the existing literature. We initially

investigate the impact of macroeconomic uncertainty on the cross-sectional distribution

of mutual fund returns. Secondly, we scrutinize the average investor’s trading behaviour

by examining the changes in the first and second moments of fund flow data in relation

to movements in the level of uncertainty. Thirdly, we explore whether an investor could

construct a portfolio that would generate a better return than the market benchmark

as uncertainty changes over time. Answers to these questions are highly relevant and
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essential for strategic planning by fund managers and private investors.1

Our empirical approach relates to Beaudry et al. (2001), who uses a signal extrac-

tion framework to show both theoretically and empirically that uncertainty would affect

the cross-sectional dispersion of firms’ profitability. Their findings imply that the cross-

sectional dispersion of stock prices would react in a similar way to that of firm profitability

as the level of uncertainty varies. The widening distribution of stock returns in response

to changes in uncertainty can also be explained by the intertemporal capital asset pricing

model (ICAPM) (Campbell et al., 1993; Campbell, 1996). Given that uncertainty harms

future investment and consumption opportunities, investors increase their intertemporal

hedging demand to hold high positive uncertainty beta stocks by accepting lower returns,

while requiring compensation for stocks with negative uncertainty beta (Bali et al., 2017).

Therefore, mutual funds that are geared heavily towards firms whose profits are signif-

icantly affected by changes in uncertainty should see their return performance deviate

substantially from the sectoral norm.

We conduct our analysis using monthly data on US mutual funds from April 2003

to July 2017. We, first, show that macroeconomic uncertainty does not affect the cross-

sectional mean of mutual fund returns.2 When we turn to examine the uncertainty effects

on the dispersion of future cross-sectional fund returns, we find a significant positive

effect. That is, although the average mutual fund industry return does not change, the

cross-sectional mutual fund industry return dispersion widens when uncertainty increases
1A survey of the literature reveals that although several studies examined uncertainty effects on stock

and mutual fund returns, these studies mostly focus on equity stocks or hedge funds on asset categories
in contemporaneous settings, which are different from the aim of this chapter. (Bali et al., 2014, 2017;
Chang et al., 2017).

2The sectoral average performance is expected to stay unchanged when uncertainly varies over time
as a result of the canceling out effect (Bali et al., 2014).
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as some funds perform significantly better than the average while others do much more

poorly. To ensure that our findings are not driven by model-specification error, we control

for a variety of macroeconomic and fund-specific factors.

A sceptical reader could argue that investors would adjust their investment behaviour

as the level of uncertainty changes over time. That is, investors could respond to changes

in uncertainty by switching their investment from a poorly performing fund to another.3

If investors were to indeed adjust their holdings in reaction to changes in uncertainty,

the flow of funds data could be useful to capture such behaviour. We, therefore, examine

the distribution of fund flows data and find that macroeconomic uncertainty has no

significant effect on the first and second moments of fund flow data. This result suggests

that on average mutual fund investors do not adjust their trading behaviour in response

to changes in the level of uncertainty.4

To examine the third question as to whether an investor can achieve better returns

than the market, we focus on the use of a momentum strategy versus a contrarian strat-

egy.5 It is widely accepted that investors are heavily influenced by past returns (Jegadeesh

and Titman, 2001; Barber and Odean, 2013). Contrarily, several authors have highlighted

that momentum strategy crashes as the market index performs poorly (e.g., Barroso and

Santa-Clara, 2015; Daniel and Moskowitz, 2016). To carry out the investigation, we spec-

ify volatile periods as being when uncertainty exceeds the 75th percentile of its historic

level. Then, we use the 1/N method, which is commonly used by retail investors (e.g.,
3Despite the research results which show that deviations from a benchmark under uncertainty could

affect fund performance positively, during periods of heightened uncertainty mutual fund managers do
not tend to change their portfolios (Petajisto, 2013; Starks and Sun, 2016; Wang et al., 2018).

4Holden and VanDerhei (2001) show that 401(k) plan holders, in general, did not reduce their invest-
ments during the 2000 market crash.

5We do not propose a third strategy to avoid the results to be driven by complexity.
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Benartzi and Thaler, 2001; Huberman and Jiang, 2006), in allocating weight to each

selected component. We report the net yield of each portfolio compared to the market

benchmark against different updating options. Our results show that the traditional mo-

mentum investment strategy only yields superior results for stable periods. However, the

added benefits of the momentum strategy reverses during volatile periods; our examina-

tion shows that investors can achieve higher returns if a contrarian investment strategy

is implemented during periods of volatility.

One may relate the latter part of our examination on the construction of small manage-

able portfolios under periods of uncertainty to studies on volatility timing. Our approach

differs from this literature in two key ways. Firstly, we argue that investors’ portfolio

formation strategies are driven by the changes in the cross-sectional dispersion of mutual

fund returns (second-moment effects) as a result of variations in macroeconomic uncer-

tainty. In contrast, volatility timing studies focus on managers’ incentives to increase

(or to reduce) the exposure of their portfolio in anticipation of higher (lower) market

volatility, given their forecasts of the response of average (first-moment) mutual fund re-

turns to market volatility (Fleming et al., 2001; Moreira and Muir, 2017). Secondly, our

proposed investment strategy allows a private (or an institutional) investor to construct

a manageable portfolio of funds. Volatility timing requires mutual fund managers to

adjust the asset allocation and security selection of their portfolios based on the level of

uncertainty and to examine the overall performance of different deciles or sub-samples of

mutual funds available in the sector. This is very complicated and challenging compared

to what we propose.

The chapter is organised as follows. Section 3 presents a review of the related litera-
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ture. Section 4 presents our empirical model and lays out the data. Section 5 provides

the empirical results. Section 6 examines portfolio design and performance. Section 7

reports the robustness of our analysis and Section 8 concludes the chapter.

2.3 Literature review and hypothesis design

It is widely accepted that during periods of uncertainty i) the variance of the expected

future returns from an investment project would increase and fixed investment expendi-

tures would be delayed (e.g., Guiso and Parigi, 1999; Bloom et al., 2007); ii) access to

external funds would diminish (e.g., Kim and Kung, 2016; Caglayan and Xu, 2019; Baum

et al., 2021); and iii) firm managers would fail to identify the optimum investment oppor-

tunities, thus, causing the dispersion of firm profits to widen (Beaudry et al., 2001). All

these factors, in turn, impact stock returns and ultimately, the mutual fund returns. For

instance, using the variance risk premium as a proxy for economic uncertainty, Bali and

Zhou (2016) find equity portfolios to be highly correlated with economic uncertainty and

that they carried a significant 8% risk-adjusted premium compared to portfolios with low

correlation. Bali et al. (2017) show that stocks sensitive to macroeconomic uncertainty

perform poorly under conditions of heightened uncertainty. Research has also shown that

fund style (active versus passive) could also play an important role in the performance

of a fund as the economy evolves over time. Glode (2011) argue that active management

yields better returns than a passive benchmark during recessions. De Souza and Lynch

(2012) suggest that performance superiority during recessions is a matter of funds’ style

and find that the relationship changes under different pricing models. Starks and Sun

(2016) argue that mutual fund flow-performance sensitivity decreases when uncertainty
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is high and managers are less likely to take part in active trading. They also state that

active fund managers tend to deviate less from their benchmarks when uncertainty is

heightened.

Surprisingly, there is little research on how the distribution fund returns vary over

time. We only came across two related studies. de Silva et al. (2001) study the variation

of returns of mutual funds in the late 1990s. They conclude that the reason for the large

variation in mutual fund returns was mainly due to the widening of the stock market re-

turn dispersion. Ankrim and Ding (2002) decompose the expected dispersion of mutual

fund returns into three components: expected sectoral volatility, market volatility, and

the cross-sectional return dispersion. They examine the implication of changes to return

dispersion from the perspective of managers and investors and argue that a higher level

of dispersion implies an increase in the overall risk level, thus, requiring investment man-

agers to consider whether or not they should reduce the aggressiveness of their portfolios.

Nevertheless, to the best of our knowledge, no previous study provides a systematic ex-

amination of the factors that may affect the distribution of mutual fund returns. Hence,

we investigate the following two hypotheses:

H1: Macroeconomic uncertainty do not affect the average mutual fund returns (i.e., no

first-moment effects).

H2: During periods of uncertainty (tranquillity, respectively), the cross-sectional distri-

bution of mutual fund returns widens (narrows, respectively) (i.e., second-moment effects

exist).

In relation to the first hypothesis, we should not observe any impact of uncertainty on

the average cross-sectional mutual fund returns, for instance due to canceling-out effect
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(e.g., Bali et al., 2014), after controlling for both industry and economy wide factors.

However, because funds differ from each other in terms of composition and style, we expect

that fund returns on the (positive and negative) extremes react to uncertainty differently.

In particular, during periods of heightened uncertainty, the underlying components react

differently to increasing uncertainty and push the performance of funds on each extreme

(positive and negative) further apart. In contrast, when the economic environment is

stable, fund returns will become alike as the performance of the underlying stocks of the

funds’ become more similar. Hence, the cross sectional dispersion widens (narrows) as

uncertainty increases (decreases).

If, indeed, uncertainty was to affect the distribution of fund returns as proposed by our

second hypothesis, would it be possible to implement an investment strategy to obtain

superior portfolio returns than the market (S&P 500) index return? We investigate the

use of two competing investment strategies: the momentum investment strategy versus

the contrarian investment strategy.

The momentum investment strategy is considered to be one of the most robust,

widespread, and ubiquitous financial market anomalies. This investment strategy hinges

on the persistence of returns and it has been examined by several researchers in rela-

tion to the US (e.g., Jegadeesh and Titman, 1993; Chan et al., 1996; Fama and French,

2008), other developed countries (Griffin et al., 2005) and emerging markets (Rouwen-

horst, 1999).6 Research has shown that return persistency varies from as short as three

months (Bollen and Busse, 2004) to one year (Wermers, 1999).7

6Also see Elton et al. (1996) who discover a positive persistence in equity mutual fund adjusted returns
that could not be explained by size, dividend, skewness, or CAPM betas.

7Carhart (1997) find buying previous year’s winners and selling losers would yield an 8% return in
the following year, providing evidence of positive return persistence.
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However, the momentum investment strategy is known to fail during periods of height-

ened uncertainty. For instance, Arnott et al. (2017) find that the cumulative momentum

factor that starts in 1990 dropped by 54% during the 2007-08 financial crisis and does not

return to its pre-crisis level even after 10 years.8 Daniel and Moskowitz (2016) examine

returns based on momentum strategy from 1929 to 2010 and show that worst performing

fund of the market crash would rebound stronger and faster than the best performing

fund at that time. They argue that the results could be explained by Grundy and Martin

(2001), who show that if the momentum return of a market has fallen for a significant

amount of time, it is highly likely that the worst performing funds are actually high-beta

funds, which rebound faster if the market start to recover. Several others examine the

contrarian-based investment strategies by focusing on past losers.9 Jegadeesh (1990) and

Lehmann (1990) find a highly significant negative first-order serial correlation using US

stock returns. The superior performance of contrarian investing has been also observed

for the UK (Antoniou et al., 2006), Japan (Chang et al., 1995), Australia (Lee et al., 2003)

and emerging markets (Kang et al., 2002). Hence, we propose the following hypothesis:

H3: When macroeconomic uncertainty is low (high, respectively) a portfolio of funds con-

structed by momentum investment strategy (contrarian investment strategy, respectively)

will generate better returns than the market.

For the third hypothesis, we claim that a simple momentum investment strategy would

work best when the economic environment is stable because the underlying components’

returns will not significantly deviate from the average. In contrast, when the economic
8The cumulative momentum factor is the standard high minus low factor, which indicates how much

a portfolio is worth at a specific time based on $1 invested in 1990.
9Depending on the burn-in period, studies were divided into long or short-term contrarian investing.

We focus on the short-term contrarian investing because it fits the setup of our fund portfolios
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uncertainty is heightened, a contrarian investment strategy could yield a better outcome

for the investor as the underlying components are expected to exhibit substantial return

variation from the average fund as suggested in Beaudry et al. (2001) and Bali et al.

(2017).

2.4 Empirical approach and the data

We examine the impact of macroeconomic uncertainty on the cross-sectional mean and

dispersion of mutual fund returns using a linear regression model. We start our in-

vestigation with a simple model which takes only the uncertainty proxy, UNCt, as an

explanatory variable. Similar to the prior literature, we present the contemporaneous

effects of uncertainty on the distribution of fund returns. Although naive models tend

to yield biased estimates, they are useful as an initial step to anticipate the association

between the variables. The model takes the form:

Yt+1 = α + βUNC · UNCt + εt (2.1)

Using Equation 2.1, we first examine the uncertainty effects on the cross-sectional av-

erage of fund returns (first-moment effects) followed by an examination of uncertainty

effects on the cross-sectional return dispersion (second-moment effects). Hence, the de-

pendent variable, Yt+1, depicts, firstly, the cross-sectional mean (MeanReturnt+1) and,

secondly, the dispersion (Dispt+1) of the mutual fund returns. We do not expect the

impact of macroeconomic uncertainty on the cross-sectional average of fund returns to

be significant. This is due to the fact that mutual funds are highly regulated investment
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vehicles and fund managers do not generally use dynamic trading strategies to seek bet-

ter performance, the cross-sectional average of industry returns should not be affected by

macroeconomic uncertainty. Further, even if some fund managers were to change their

portfolio allocation as uncertainty varies, the cross sectional average returns would not

be affected due to the canceling-out effect (Bali et al., 2014).

When we turn to investigate the effects of uncertainty upon the dispersion of fund

returns, we expect to find a positive association. In their investigation, Beaudry et al.

(2001) show that an increase in (macroeconomic) uncertainty would widen the disper-

sion of firm profits. Hence, if some funds are geared towards stocks or industries that

are affected considerably by changes in the level of uncertainty, then the cross-sectional

dispersion of fund returns should widen when uncertainty increases, while the industry

average fund return should remain unaffected. Similarly, Bali et al. (2017) document

that the average correlation coefficient of macroeconomic uncertainty for each quantile

group varied from -0.62 to 0.72. They argue that increasing uncertainty would lead to

an increase in stock returns with high positive uncertainty beta and a decrease in the

stock returns with high negative uncertainty beta. Nevertheless, they do not examine

the distribution stock returns. The negative uncertainty premium is consistent with the

ICAPM; investors are willing to accept lower returns to hold negative uncertainty beta

funds while requesting a premium to hold high positive beta funds.

We augment Equation 2.1 using two sets of control variables, denoted by the vector

Z, in order to overcome the critique of model specification error, and obtain the form:

Yt+1 = α + βUNC · UNCt + γ · Zt + εt (2.2)
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The first set of control variables accounts for the state of the macroeconomy and includes

the inflation rate (Inf); GDP growth rate (GDPgrth); the risk-free rate (rf ) and NBER

recession dates (NBER). The second set of variables controls for the state of the financial

sector and includes the average market size (logMkt), the mean and the dispersion of fees

(fee and σfee), the turnover ratio (tov and σtov), expense ratio (exp and σexp) and the

fund age (age and σlog(age)).

2.4.1 Data

We extracted data from the Center for Research in Security Prices (CRSP), survivor-

bias-free US mutual fund database, and follow Agnesens (2013) and Wermers (2000) to

construct the sample. The data are collected on a monthly basis and are comprised of

mutual fund returns (after dividend and fee payments), total net assets, and quarterly

fund-specific information including turnover ratio, expense ratios, management fees, and

Lipper asset classification. We firstly trim the top and the bottom 1 percentile of the

mutual fund return distribution to remove the outliers from our sample. Next, because

our investigation focus on diversified US domestic equity funds, we exclude foreign funds,

sector funds, and passively managed funds including ETFs (Exchange Traded Funds).

More precisely, we examine funds with a Lipper classification code including large-cap

value, large-cap growth, large-cap core, and the associate mid-cap and small-cap indica-

tors. We drop any closed-end funds by using the closed-end fund indicator and any index

fund by using the index fund factor quantified as B, D and E. Furthermore, we drop funds

which contained the words Index, International, Bond, Commodity, Real Estate, Money

Market and Balanced in their title to achieve data consistency. Lastly, we exclude funds
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of less than three years in age to eliminate the effects of short-lived funds on the results.

We do not combine share classes because the examined investment strategies require us

to have investable funds rather than a fund portfolio or certain share classes. Our final

sample contained 5,048 US domestic equity funds from April 2003 to July 2017.

ri,t − rf
t = αi,t + β · (rm

t − r
f
t ) + β · SMBt + β ·HMLt + εt (2.3)

where ri,t is the net return of fund i at time t, rm
t − r

f
t is the market excess return, SMBt

is the size premium and HMLt is the value premium. The constant term, αi,t, is taken

as the risk adjusted return of fund i at time t.

We then measure the dispersion of mutual funds’ risk adjusted returns using the

cross-sectional standard deviation as follows:

Dispt =
√∑N

i=1(αi,t − ᾱt)2

N − 1 (2.4)

where αi,t is the average monthly risk adjusted return of fund i at the end of month t,

and ᾱt is the cross-sectional risk adjusted mean of returns in the sector at the end of

month t:

MeanRett = ᾱt =
∑N

i=1 αi,t

N
(2.5)

In both equations, N refers to the total number of mutual funds for month t. The orig-

inal data, after implementing Equation 2.4 and Equation 2.5, condense into 171 monthly

cross-sectional mean and dispersion observations from April 2003 to July 2017. The cross-

sectional dispersion of risk adjusted returns ranges between 0.32% and 1.518%, with an

average of 0.567%. A wider dispersion of fund returns implies that investing in a portfolio
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of funds could be the preferred choice over owning a single fund. Figure 2.1 plots the

cross-sectional mean and dispersion of risk adjust returns over time, respectively. Both

series appear to be stationary to a trained eye, which we also verify by implementing

several unit root tests.10

We download mutual fund characteristics data on a quarterly basis and transform the

quarterly data into a monthly frequency, assuming that the changes were constant within

the quarter.11 Given that the mutual fund sector is heavily regulated, the assumption

that fees, turnover and expense ratios associated with a specific fund would not change

dramatically within a quarter should be reasonable.12 We calculate the cross-sectional

industry mean and dispersion of fund-specific variables and use them in our models

to control for within sectoral variations. We control for the mutual fund market size

using the logarithmic sum of the total net asset of all funds in the sector, logMkt =

log(∑N
i=1 TNAi,t), where TNAi,t is the total net asset of each mutual fund at time t and

N is the total number of funds on the month. Further, to examine the trading behaviour

of investors under uncertainty, we followed the literature (e.g., Parida and Wang, 2018;

Wang et al., 2018) and calculate fund flows for each mutual fund by using the following

equation:

flowi,t = TNAi,t − (1 + ri,t−1)× TNAi,t−1

TNAi,t−1
(2.6)

Our augmented models include several macroeconomic variables, including the consumer

price index (CPI), real gross domestic product (GDP), the three month US Treasury bill

rate, and the NBER dates, obtained from the FRED economic database. We construct
10See Table 2.10 in the Appendix for unit-root test results.
11Mutual fund characteristics data are only available at a quarterly frequency.
12Agnesens (2013) and Wermers (2000) indicate that the CRSP database updates information on fees

and turnover ratios on a quarterly basis when these ratios change.
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the monthly inflation rate using the CPI,13 and transform the quarterly real GDP into a

monthly measure, assuming the growth rate within the quarter is flat.

2.4.2 Measuring macroeconomic uncertainty

Uncertainty is not observable, yet it has a profound effect upon all firms and markets.

Hence, substantial effort has been devoted to gauge its size and impact. Several re-

searchers have employed a GARCH-type specification and used the conditional variance

of a GDP or CPI as a proxy for the macroeconomic uncertainty (Beaudry et al., 2001).

Other approaches such as stock market implied volatility, Cboe Volatility Index (VIX), fi-

nancial uncertainty and economic policy uncertainty index (EPU) have also been widely

used in the literature to measure uncertainty (e.g., Bloom, 2009; Bekaert et al., 2013;

Jurado et al., 2015; Baker et al., 2016).

Of these alternatives, we opt for the macroeconomic uncertainty measures proposed

by Jurado et al. (2015), hereafter JLN. One important reason for using this measure is

that it captures most of the attributes associated with managing a fund. In constructing

their uncertainty measure, JLN used a set of 279 macroeconomic and financial series to

capture different aspects of the state of the economy and the financial markets including

but not limited to real output and income, real retail, compensation and labor costs,

dividend-price ratio, earnings-price ratio, and Treasury yields. They also employ a large

set of equity portfolios and industry portfolios from the Fama-French data library, which

makes it a good fit for our purposes. For our main analysis, we have used the one-month

ahead JLN series, and implemented Economic Political Uncertainty (EPU) index and the
13We calculated the monthly inflation rate using: Inft = (CPIt − CPIt−1)/CPIt−1.
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VIX index for the robustness tests. Figure 2.2 plots one-month ahead JLN uncertainty

with EPU and VIX indices.

2.4.3 Descriptive statistics

Table 2.1 provides the variable definitions and sources while Table 2.2 presents the basic

descriptive statistics. Upon its inspection, we observe extreme values for several variables.

This is to be expected, as the industry experienced substantial volatility during the great

financial crises period. For instance, the average monthly α of mutual funds in our sample

is -0.119% with the lowest monthly α being -0.642% and the highest being 0.304%. The

average monthly cross-sectional fund return dispersion is 0.567% with a maximum of

1.518. Regarding investors’ behaviour, the average cross-sectional flow is 0.022%, ranging

from -13.864% to 21.315%, with an average dispersion of 4.283%.

The average monthly macroeconomic uncertainty (UNC) is 0.660, while it varies from

0.536 to 1.101. Although the magnitude of uncertainty appears to be small, one should

be perceptive of the fact that it generally increases very quickly affecting all economic

agents. In fact, Figure 2.2 shows that the macroeconomic uncertainty almost doubled

from its lowest levels in mid-2007 to its highest in early 2008 within a few months. Given

the size of the industry – the average industry value is $494.4 (in logs 14.34) million on a

monthly basis – it is hard to not be apprehensive about the effects of uncertainty on the

sector. Observing the macroeconomic variables, we find that the monthly average rate

of inflation (Inflation) is 0.169% and the GDP growth (GDPgrth) is 0.163%.

When we turn to fund-specific characteristics we observe the following. The average
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funds’ past volatility is 4.343% and the average regression R-squared is 0.954.14 The cross-

section average of management fee (fee) and its dispersion (σfee) are 0.551% and 0.591%,

respectively. The average turnover ratio (tov) is 0.669% with an average dispersion (σtov)

of 0.686%. The mean expense ratio (exp) is 0.012% and its dispersion (σexp) is 0.007%.

The average age (age) of the funds is 11.090 years with a dispersion (σage) of 8.750; the

minimum average fund age is almost 8 years and the maximum is 16 years.

2.5 Results

This section presents the effects of uncertainty on both the cross-sectional average (first-

moment) and the dispersion (second-moment) of mutual fund risk-adjusted returns.15 We

then examine the fund flows data to investigate whether investors change their trading

behaviour due to variations in the level of uncertainty. Finally, we scrutinize whether an

investor can outperform the market by constructing a portfolio of funds.

2.5.1 Uncertainty effects on the cross-sectional average of fund

returns

We examine the uncertainty effects on the cross-sectional average of fund returns by

estimating Equation 2.1 and Equation 2.2. The results are reported in Table 2.3. Column

1 presents the coefficient estimates for the naive model: macroeconomic uncertainty has

a marginally significant negative effect on the cross-sectional average of fund returns.
14The R-squared is obtained from a regression model that calculate the risk-adjusted return using the

Fama-French three factor model.
15We report the Newey-West standard errors in all tables to account for potential serial correlations

and heteroskedasticity of the disturbance term.
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Although this result may tempt one to argue that the cross-sectional average of fund

returns would decline as uncertainty increases, this negative effect could simply be a

result of a model specification error. In columns 2 and 3, we report the results after

controlling for both the state of the economy and the mutual fund sector. As expected,

the significance of the uncertainty effects on the cross-sectional average of fund returns

disappears following the inclusion of the control variables.16 The lack of uncertainty

effects on the mean of the distribution can be explained by the highly regulated nature

of the sector, as regulations severely restrict how quickly a fund manager respond to

changes in the economic environment. Consequently, while some funds deliver returns on

the either extremes of the return spectrum, the sectoral average remains the same even

as uncertainty changes over time.17 Therefore, to fully understand the true impact of

the effects of uncertainty on sectoral returns, an analysis of the second-moment effects is

required.

2.5.2 Second-moment effects of uncertainty

The last three columns of Table 2.3 report the uncertainty effects on the cross-sectional

dispersion of mutual fund returns. The fourth column, which presents the benchmark

model results, shows that uncertainty has a positive effect at the 1% significant level,

supporting our hypothesis. We add macroeconomic and fund-specific control variables

to the model in Columns 5 and 6. We find that macroeconomic uncertainty continues

to assume a significant and positive coefficient even after the inclusion of the control
16Bali et al. (2014), using panel data methods, report an insignificant impact of macroeconomic un-

certainty on fund returns.
17For the sake of completeness, we should indicate that past average return has a significant positive

impact on the future average returns, suggesting a persistent risk-adjusted performance (Carhart, 1997).
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variables.

The widening of the cross-sectional dispersion of returns in response to an increase

in uncertainty is meaningful. Mutual funds are essentially pooled investment vehicles

whose managers monitor their performance against a specific benchmark or multitude of

benchmarks. Thus, the performance of a mutual fund depends on the composition of its

asset classes and the returns of individual assets that make up these classes. However,

firms generally have differing levels of ability allowing them to reverse their investment

decisions which is dependent upon the competition and concentration within the mar-

ket that they operate in, as discussed by the real-options channel literature (Dixit et al.,

1994). Hence, changes in uncertainty would affect firms’ performances differently as some

firms would be more flexible to adjust while others not. Similarly, Beaudry et al. (2001),

focusing on the information channel, argue that firms’ managers become more conserva-

tive due to loss of information content of market signals in periods of high uncertainty.

As firm managers become more selective in their pursuit of investment opportunities,

some firms may be more fortunate in making better investments than others and achieve

high profitability.18 To that end, mutual funds that are geared heavily towards firms

whose profits are significantly affected by changes in uncertainty should see their return

performance deviate substantially from the sectoral norm. As a result, the cross-sectional

dispersion of fund returns will widen with uncertainty.

To gauge the economic impact of uncertainty, we compute the elasticity of uncertainty

using the point estimates in column 4. We find that a 1% increase in uncertainty would
18See for instance Chang et al. (2017) who have shown that stock return dispersion is expected to

increase under uncertainty. This outcome is also expected because investors require higher stock return
uncertainty premium during periods of volatility as investors accept lower returns for stocks with positive
uncertainty beta and require higher compensation for stocks with lower uncertainty betas (Bali et al.,
2017).
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lead to a 1.24% increase in the cross-sectional return dispersion. This implies that a

sudden surge in uncertainty in the mutual fund sector could be substantial. Examining

the data plotted in Figure 2.1 and Figure 2.2, we see that macroeconomic uncertainty

was around 0.6 in mid-2007, and the fund return dispersion was about 0.45%, which

happened to be its lowest level at the time. Then, uncertainty spiked up in a matter

of months. It reached a figure of around 1.1 during 2008 as the cross-sectional return

dispersion increased to around 1.05. Using the uncertainty elasticity, we can compute

that the cross-sectional dispersion will widen approximately by 103%. Given the base

return dispersion level of 0.45%, we calculate the return dispersion as being 0.92%. This

result is fairly close the actual 1.05% level. Hence, we argue that the proposed model

accurately reflects the changes in the real data.

In columns 5 and 6, we see some of the control variables take significant coefficients.

The standard deviation of fund age affects the return dispersion positively. The literature

have shown that newer funds led to lower returns in comparison to more established funds

(e.g., Massa and Patgiri, 2008; Cremers and Petajisto, 2009; Blake and Morey, 2000).

Thus, a wider range of fund age might widen the cross-sectional dispersion. The results

also show that the average fund management fee has a marginal impact on future return

dispersion, possibly related to whether the investment managers can set and cover the

associated management fees.

Overall, the results support the hypothesis that an increase in macroeconomic uncer-

tainty widens the cross-sectional dispersion of returns: an observation which is robust to

the inclusion of variables that control the effects of the business-cycle and mutual fund

industry.19

19In addition, we scrutinize uncertainty effects on the cross-sectional mean and dispersion of fund
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2.5.3 Do changes in uncertainty affect investor’s funding be-

haviour?

Our findings yield a significant positive effect of macroeconomic uncertainty on mutual

fund’s return dispersion and no effect upon average return. This implies that some fund

returns are pushed to the extremes of the distribution while the cross-sectional average

mutual fund industry return remains unaffected. In this context, a sceptical reader can

suggest that average investors would alter their investment behaviour as the level of

macroeconomic uncertainty varies. If this is the case, an examination of the distribution

of the flow of funds could provide evidence that investors react to changes in uncertainty.

Table 2.4 shows the result for both the cross-sectional mean and dispersion of funds

for the simple and augmented models. We find that uncertainty does not significantly

affect fund flows neither at the first nor at the second moments under full controlled

setup.20 These observations suggest that the average investor does not necessarily switch

between funds as uncertainty varies over time. This observation may be explained by

investors’ reduced return expectations and risk tolerance during periods of uncertainty,

as any additional performance is not expected to be significantly rewarded at the height

of the macroeconomic uncertainty (Hoffmann et al., 2013).

returns for samples based on fund size, fund family, investment objectives and management structure.
The results are similar to our earlier findings.

20An examination of funds flow data at a higher degree of detail could also be useful. However, this is
beyond the goal of the current study.
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2.6 Practitioner’s guide to mutual fund investing

So far, we have shown that macroeconomic uncertainty does not affect the cross-sectional

average of fund returns (first-moment effects). In contrast, we have provided clear evi-

dence that an increase in uncertainty widens the cross-sectional dispersion of mutual fund

returns (second-moment effects). Furthermore, examining the flow of funds showed that

average investors do not alter their trading behaviour as uncertainty varies over time.

We, therefore, ask whether it would be possible for an observant practitioner to construct

a small portfolio of funds comprised of funds that exhibited extreme (i.e., best or worst)

performances to achieve better return perforce than that of the market benchmark as

uncertainty varies.

The observed dispersion of fund returns may suggest for the presence of a real opportu-

nity for investors to achieve returns better than the market. The literature documented

smart money effects among mutual fund investors as they strive to choose funds with

skilled managers or future-winner funds (e.g., Gruber, 1996; Zheng, 1999). However,

Clifford et al. (2014) argue that this finding is an outcome of sample size and that it

disappeared when sample of funds changed. Frazzini and Lamont (2008) find that mu-

tual funds experiencing an additional flow of capital do not necessarily generate higher

returns, indicating that investors may experience low returns in the long run.

To examine whether an investor could achieve better returns than the market, we con-

struct an array of fund portfolios and examine their performance over time. We utilize

two major investment strategies known to generate high returns under opposing scenarios

rather than any other complex approach. We firstly, use the momentum strategy, which
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simply selects the past winners into the portfolio. As documented by Jegadeesh and

Titman (1993), the momentum effect of asset returns remains as the most well-known

return anomaly in the literature even after considering fund characteristics (Fama and

French, 2008), and geographic locations (e.g., Chui et al., 2010; Asness et al., 2013) over

the past century (Lim et al., 2018). However, recent studies find that the momentum

strategy crashes during periods of crisis (Daniel and Moskowitz, 2016) as return volatil-

ity is heightened. For instance, Arnott et al. (2017) have found that the cumulative

momentum factor dropped by 54% in the 2009 financial crisis, taking it back to its 1990

values. Hence, we focus on the contrarian investment strategy as an alternative to the

momentum strategy. The contrarian investment strategy suggests that investors should

buy underperforming funds anticipating that the value of the funds would improve and

provide a high yield in the upcoming period. This strategy is expected to perform bet-

ter if the market is volatile, i.e., when the cross-sectional return dispersion is high. For

instance, Dobrynskaya (2019) show that a contrarian equity position helps investors to

avoid momentum losses.

As momentum and contrarian strategies are essentially based on making bets that

work in opposite directions, a specific switching date is essential in order to generate su-

perior returns. In this section, we examine the return performance of potential strategies

between volatile and stable periods. We mark the beginning and end of the high uncer-

tainty window as being the period when macroeconomic uncertainty exceeds or falls below

its historical third quartile level.21 The remaining period is recorded as low uncertainty
21JLN uses two standard deviations from the mean as the determinant of the high uncertainty window.

Their approach would yield gaps in our second defined stable period, as there are a few occasions when
uncertainty exceeds the two standard deviation threshold. Starting the second stable period soon after
these occurrences did not affect our conclusions.
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(stable) period. Overall, the data provided us with two stable and one volatile periods.

At the beginning of each period, we construct fund portfolios and track their annualized

returns, market excess return, S&P 500 excess return, Fama-French three- and five-factor

α, and Carhart 4-factor α.22 We then compare the results between periods to find out if

there are any clear winner portfolio design.

2.6.1 Portfolio design

We use a long-only buy-and-hold strategy to construct artificial fund portfolios, as short

selling of a mutual fund is prohibited in most markets. We examine the performance of the

portfolios based on momentum and contrarian investment strategies and four alternative

rebalancing frequencies (i.e., 3, 6, 9, and 12 months). We then allocate an initial capital

of $1,000 per portfolio and calculate the portfolio returns on a monthly basis. The

underlying funds of the portfolios are drawn from the best or the worst performing funds,

depending on the investment strategy.23 The use of extreme funds allows us to address the

changes in the distribution of fund returns due to changes in uncertainty. For robustness

purposes, we scrutinize the results for three sets of portfolios comprised of 5, 10 and 20

underlying funds.24

We report the results for the five-fund portfolios in detail. Summary results for the

remaining portfolios are given in the robustness section. We do not examine portfolios

with more than 20 underlying funds, as we aim to seek better returns for a practical
22Note that, by construction, investors can reconstruct a new portfolio using the initial value rather

than the final capital of the previous period.
23Several authors report that both retail investors and mutual fund managers are more likely to focus

on the best and worst ones by selling their big winners and losers (e.g., Ben-David and Hirshleifer, 2012;
An and Argyle, 2020).

24We used the 5-fund portfolio in our main analysis while the performance of 10- and 20-fund portfolio
are listed in the appendix.

48



investor rather than an institutional manager who might be interested in holding more

funds. Indeed, holding and tracking the performance of a portfolio which contains more

than 20 funds could be difficult for an ordinary private investor when we consider man-

agement costs and other expenses. For diversification purposes, having 5 to 20 mutual

funds would already provide a substantial reduction in the level of risk as each fund in-

vests in hundreds of stocks.25 Further, as more funds are included in the portfolio, the

portfolio return approaches the average industry return.

2.6.2 Portfolio evaluation over different periods

Table 2.5 and Table 2.6 report 5-fund portfolio returns for the first and the second stable

periods, respectively. Table 2.7 reports the results for the volatile period. The first and

the second stable periods are set between April 2003 to Aprial 2008 and October 2010 to

July 2017, during which uncertainty was less than two-thirds of the highest level. The

volatile period is set between May 2008 and September 2010. For a specific rebalancing

strategy, each table provides the average portfolio return, excess return from the market

benchmark, and the S&P 500 index as well as the Fama-French three- and five-factor α

and Carhart 4-factor α values. Table 2.8 provides performance comparisons.

Stable period: Strategy choice for a portfolio with 5 funds

Table 2.5 provides the portfolio returns for the first stable period. We find that the

portfolios that are based on momentum strategy generate better returns than the S&P 500

index (retsp500.ex) irrespective of the rebalancing option. Contrarian investment strategy
25There is a debate about the optimum number of funds for a fund-portfolio. Brown and Fraser (2008)

argue that the optimal number of funds for a fund of hedge funds is between 15 and 40, while Lhabitant
and Learned (2002) argue that a portfolio of 5-10 funds would be sufficient.
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portfolios perform poorly over all horizons. Panel A of Table 2.8 confirms that the

estimates for the risk-adjusted alphas obtained for the momentum investment strategy

portfolios are significantly better than those for the contrarian strategy. Hence, for the

first stable period, momentum strategy can be safely implemented to construct a fund of

funds with a rebalancing frequency of up to 12 months.

Table 2.6 provides the portfolio returns for the second stable period. We find that the

momentum strategy portfolio performs better than the market and S&P 500 average re-

turns for the 3-month rebalancing option and it generates similar returns when a 6-month

rebalancing option is implemented. The alphas associated with momentum-based portfo-

lios are positive for up to 6-month rebalancing. When we consider the remaining options,

the momentum strategy is not as effective. More specifically, Panel B of Table 2.8 shows

that momentum investment strategy yields are significantly better than those observed

from the contrarian investment strategy except for portfolios that implement 9-month re-

balancing options. However, because the return associated with the momentum strategy

portfolio is not better than the market and S&P 500 returns, and the fact that the associ-

ated alphas become negative when a rebalancing option longer than 6-month is followed,

the use of momentum strategy could only be recommended for use with rebalancing of up

to six months during the second stable period. The reason that momentum strategy is

not performing well during in this period compared to the first stable period may be due

to the somewhat artificial environment created by the quantitative easing policies of the

FED. Also, as Figure 2.2 displays, the occurrence of quick volatility spikes in this period

could have led to these less favourable results. Nevertheless, our results are in support

of the use of momentum investment strategy up to 6-month rebalancing in the second
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stable period.

Investment design during the volatile period

Table 2.7 reports the results for the volatile period between May 2008 and September

2010. Portfolio returns obtained for contrarian investment strategy perform better than

the market benchmark, except for 3-month rebalancing options. The alphas associated

with contrarian investment strategy also point to its superiority. In contrast, momentum

strategy based portfolio returns lag substantially behind the market and S&P 500 returns

and with negative alphas in all cases. The results clearly show that when uncertainty

is high, contrarian strategy up to a 12-month rebalancing presents the best outcome for

the practitioner. Table 2.8, Panel C, confirms the superiority of contrarian investment

strategy.

2.6.3 Summary: Which investment strategy is most effective?

When the level of uncertainty is low, we show that a portfolio of five funds constructed

by using momentum investment strategy generate better returns than the market bench-

mark and a value-based portfolio. For instance, we find that during the second stable

period which contains several spikes of heightened uncertainty, a momentum strategy

with a rebalancing frequency of up to 6-months works better or generates a similar yield

in comparison to the market. While during the first stable period, when no uncertainty

spikes occur, we could implement the same approach using a rebalancing frequency of

up to 12-months. On average, our results show that an investor can generate an extra

4.84% and 2.58% return over a 12 month period by implementing the momentum strategy
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during the tranquil periods, in comparison to the contrarian and S&P500 returns, respec-

tively.26 Overall, our findings are in accordance with Sapp (2011), who argue that the

momentum investment strategy, with an option to rebalance within six months, should

be the preferred choice.

In contrast, during volatile periods, the contrarian investment strategy based portfo-

lios yield higher returns than a momentum-based portfolio.27 What is interesting is that,

during the turbulent period, the contrarian strategy provides positive returns compared

to the alternative strategies for rebalancing up to 12 months. In fact, over the financial

crisis period, the return difference between momentum and all contrarian strategy based

portfolios is substantial: the contrarian strategy based portfolio outperforms the S&P

500 index by more than 14% per year. The positive risk-adjusted alphas also show that

a portfolio based on past losers is a better option during turbulent times. However, we

should bear in mind that an investor may not necessarily be willing to pursue this option

even though the fund portfolios we have examined yield better than their alternatives.28

According to regret avoidance theory (e.g., Bailey and Kinerson, 2005; Fioretti et al.,

2018), individuals who make decisions that lead to negative results would regret and

blame themselves to a greater extent when that decision was more unconventional (e.g.,

betting on the worst performing mutual funds). Furthermore, good performance gen-

erated during a bull market could exacerbate investors’ overconfidence (Statman et al.,

2006), which, in turn, intensifies their regret when they experience substantial losses, as

they become more conservative and are unwilling to bear further risks.
26The average extra return increases to 6.225% and 3.794% when we allow the investor to hold the

portfolio up to six months.
27See Gu et al. (2020) who report that the momentum anomaly exists only in the low economic policy

uncertainty periods.
28The worst performing funds may have experienced significant drops in their returns.
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Based on our results, we argue that the suggested strategies and rebalancing ap-

proach can be safely taken as a guide to construct portfolios of funds as macroeconomic

uncertainty varies over time.

2.7 Sensitivity analysis

We examine the robustness of our results using several alternative specifications and un-

certainty indices. Firstly, we ask whether the impact of uncertainty on return dispersion

(the second-moment effect) is valid for other measures of uncertainty. Hence, we use the

3-month and 12-month ahead JLN macroeconomic uncertainty series as well as two other

commonly used proxies; the EPU index and the VIX index. We report these results in

Table 2.11. We find that all alternative measures exert a positive and significant effect

on the dispersion of fund returns.

Secondly, we explore the extent to which the number of funds in a portfolio affects the

investment strategy and portfolio performance. An examination of portfolios with 10 and

20 funds provide similar results to our earlier findings. The main difference between a

portfolio which contains more funds than one with fewer funds is that the average return

is somewhat suppressed when the portfolio increases. This is expected, as more funds are

added, the portfolio return approaches to the industry average in the limit. To preserve

space detailed results from this experiment are reported in an online appendix.

Thirdly, we scrutinize whether the results are driven by the starting month of the

portfolio. This is an important concern, as practitioners may hold different beliefs or views

relating to the state of the investment environment and they may time their portfolio
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activities differently.29 To address this issue, we calculate all portfolio returns over a three-

month bracket, enveloping the month on which we provide our detailed examination. The

first two columns of Table 2.12 provide the results for the first stable period, the middle

two columns provide the results for the second stable period and the last two columns

provide the results for the volatile period for the discussed date structure. The results

presented in Table 2.12 echo our earlier findings: the momentum investment strategy is

preferred over the contrarian investment strategy during stable periods and vice versa

during volatile periods.

Our fourth and final sensitivity exercise addresses whether the portfolio liquidation

date is crucial for our conclusions. For instance, would momentum (contrarian) invest-

ment strategy win over the contrarian (momentum) investment strategy if the practitioner

were to liquidate the portfolio before or after the dates we have initially implemented?

One may also question whether the chosen investment strategy is superior to its alterna-

tive throughout the investment period. The latter question imposes very difficult criteria

to achieve as several factors may affect the performance of the portfolio over time. Fig-

ure 2.5 and Figure 2.6 plot the returns of the momentum and contrarian investment based

portfolios with differing rebalancing options for the first and the second stable periods.

Likewise, Figure 2.7 plots the returns of the momentum and contrarian investment based

portfolios with differing rebalancing options over the volatile period. These figures high-

light the returns of the portfolios which are liquidated at different times while portraying

the evolution of their returns over time.

The results based on the starting and ending points also remove any doubts as to
29The presence of severe informational frictions could lead to confusion among market participants

about the strength of the global economy, affecting their decisions (Sockin and Xiong, 2015).
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whether switching from momentum to contrarian strategy within a month is possible

by easing the restrictions on the time scale of this switch. As both the start and end

dates do not affect the performance of the fund portfolios, investors can still benefit from

implementing the strategy, even if they must do it in different months.

It is remarkable to see from Figure 2.5 and Figure 2.6 that the momentum-based

portfolios are always superior to the value-based portfolio during the two stable periods

when rebalancing is done up to six months. Indeed, the momentum-based portfolio takes

the original investment of $1,000 to $2,953 in stable period 1 while the final value of the

S&P 500 index portfolio is $1,496. During the second stable period, the momentum-based

portfolio takes the initial $1,000 up to $2,163. When we examine Figure 2.7, we see that

the value base portfolio is undoubtedly the best option for the volatile period. An investor

starting with a portfolio of $1,000 would finish the period with $1,084 by implementing

the contrarian investment strategy. The final amount may not look impressive at the first

glance but one quickly realizes that this performance is substantial after observing that

the passive S&P 500 portfolio yields only $785 by the end of the subperiod.

2.8 Conclusion

In this chapter, we examine the impact of macroeconomic uncertainty on the distribution

of US domestic equity mutual fund returns using data over the period from April 2003

to July 2017. We show that macroeconomic uncertainty has no impact on the cross-

sectional average of fund returns, but it significantly affects the cross-sectional dispersion

of fund returns; i.e., second-moment effects. Furthermore, we consider the possibility

that investors may change their investment behaviour by examining the fund flow data
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in relation to changes in uncertainty. Our examination reveals that investors do not

systematically alter their investment behaviour when the level of uncertainty changes

over time. Finally, we propose simple investment strategies for retail and institutional

investors to demonstrate that portfolios based on the momentum (contrarian) investment

strategy would generate a return better than one can obtain from the market or S&P 500

based index funds during low (high) uncertainty periods. A battery of sensitivity checks

provides strong support for our claims.
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Table 2.1: Variable definitions

Variable Name Description Source
UNC Monthly macroeconomic uncertainty index developed by JLN. Sydney C Ludvig-

son’s website
MeanRet Monthly excess return of mutual funds, i.e., final return received

by the investor minus one month treasury bill rate, all fees and
dividends has been subtracted in the calculation of the funds re-
turn.

CRSP

Disp Standard deviation of all mutual funds used each month. Calculated
Inf Monthly percent change of Consumer Price Index, calculated as

CP It−CP It−1
CP It−1

.
FRED

GDPgrth Monthly absolute change of Real Gross Domestic Product, quar-
terly data is transformed to monthly data by liner interpolation,
the growth rate is calculated by GDPt−GDPt−1

GDPt−1
.

FRED

NBER The NBER recession and expansion indicator is obtained from the
website of FRED on a monthly basis.

FRED

rf 3 months treasury bill obtained from FRED’s website. FRED
logMkt Market size factor is calculated as the logarithm of the total net

asset of all funds monthly.
Calculated

fee & σfee Monthly mutual fund average fee(dispersion), calculated as the
mean(standard deviation) for the fee of all mutual funds. The
fee is assumed to be flat within a quarter to interpolate quarterly
data to monthly data.

Calculated

σtov Monthly mutual fund turnover ratio dispersion, calculated as the
standard deviation of the funds’ turnover ratio every month. The
quarterly turnover ratio is extended to monthly by assuming that
the rate is flat within the quarter.

Calculated

σexp Monthly cross-sectional dispersion in expense ratio. Calculated
σlog(age) Dispersion in log funds age, calculated as the standard deviation

of log fund age for every funds every months.
Calculated
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Table 2.2: Descriptive statistics

Variable Minimum Median Mean Maximum Std. Dev.
MeanRett+1 -0.642 -0.136 -0.119 0.304 0.179
Dispt+1 0.320 0.511 0.567 1.518 0.196
flow -13.864 -0.658 0.022 21.315 5.737
σflow 2.981 4.185 4.283 6.679 0.648
UNC 0.536 0.635 0.660 1.101 0.108
Inf -1.770 0.186 0.169 1.376 0.322
GDPgrth -0.721 0.183 0.163 0.566 0.723
rf 0.010 0.265 1.188 5.030 1.616
NBER 0 0 0.103 1 0.306
size 13.66 14.35 14.34 14.71 0.232
pvol 2.227 3.597 4.343 9.625 1.676
R2 0.895 0.955 0.954 0.984 0.0223
fee 0.476 0.502 0.551 0.652 0.058
σfee 0.396 0.610 0.591 0.756 0.105
tov 0.489 0.719 0.669 0.878 0.125
σtov 0.479 0.677 0.686 0.941 0.122
exp 0.010 0.011 0.012 0.014 0.001
σexp 0.007 0.007 0.007 0.011 0.001
age 7.854 10.779 11.090 16.039 11.083
σage 8.310 8.690 8.750 10.298 2.564
Notes: This table presents the descriptive statistics for our sample of 5,043 US domestic equity mutual
funds, from April 2003 to July 2017. We report the minimum, median, mean, maximum and the
standard deviation of all variables used in the chapter. See Table 2.1 for definitions of the variables.
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Table 2.3: The effect of uncertainty on the distribution of mutual fund returns

MeanRett+1 Dispt+1
(1) (2) (3) (4) (5) (6)

UNCt -0.316* -0.205 0.000306 1.052*** 0.752** 0.593**
(0.175) (0.217) (0.244) (0.152) (0.294) (0.263)

MeanRett 0.806*** 0.746*** -0.00648 0.0150
(0.0698) (0.0850) (0.0961) (0.135)

Dispt 0.110 0.117 0.421** 0.411**
(0.134) (0.127) (0.181) (0.191)

pvol 0.0236 0.0149 -0.00724 -0.00500
(0.0180) (0.0209) (0.0149) (0.0173)

R2 0.0626 0.592 -0.263 -0.0722
(0.809) (0.860) (1.071) (1.324)

age 0.123 0.503 1.151 1.835
(0.573) (1.112) (0.696) (1.436)

σage -0.0853 0.684 3.018** 3.902*
(0.916) (1.511) (1.189) (2.207)

fee -0.587 0.906 6.374* 7.936*
(2.953) (3.483) (3.240) (4.518)

σfee -5.425 -6.538 5.570 6.310
(4.068) (4.439) (6.056) (6.589)

exp 166.8* 173.4 -78.00 0.679
(84.94) (134.9) (98.74) (151.9)

σexp -58.54 -39.84 70.12 62.68
(78.52) (83.60) (93.82) (100.8)

tov -0.240 -0.0942 0.271 0.255
(0.415) (0.467) (0.554) (0.575)

σtov 0.257 0.263 -0.550* -0.429
(0.232) (0.310) (0.318) (0.375)

GDPgrowth -0.0512 -0.0707
(0.0479) (0.0633)

Inf 0.0976 0.00287
(0.109) (0.129)

NBER -0.106 0.0461
(0.108) (0.112)

rf 0.105 0.125
(0.215) (0.282)

Constant 0.0922 -1.643 -4.857 -0.136 -9.427* -14.23
(0.116) (4.149) (7.227) (0.105) (5.034) (9.883)

R-squared 0.027 0.730 0.742 0.249 0.606 0.609
Notes: This table shows the regression results for the cross-sectional mean (dispersion) of fund returns
for Equation 2.1 and Equation 2.2. Column 1(4) shows results for the simple model. Column 2(5) adds
macroeconomic factors and and column 3(6) further adds fund characteristics as control variables. The
full model is Yt+1 = αt + βUNC · UNCt + γ · Zt + εt where Yt+1 takes MeanRett+1 the cross-sectional
average of mutual funds return or Dispt+1 the cross-sectional dispersion of fund returns. UNCt rep-
resents the uncertainty level of the month and matrix Zt represents all of the control variables. The
Newey-West standard errors are given in parenthesis.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical signifi-
cance less than 0.10.
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Table 2.4: The effect of uncertainty on the distribution of mutual fund flows

VARIABLES MeanF lowt+1 DispF lowt+1
(1) (2) (3) (4) (5) (6)

UNCt -0.381 -2.311 2.243 2.412*** 2.925*** 2.001
(7.422) (12.62) (15.30) (0.604) (1.020) (1.513)

MeanRett -2.135 -2.450 -3.406 -0.205 -0.110 0.197
(2.552) (3.134) (3.406) (0.290) (0.315) (0.329)

Dispt -0.164 -2.178 -1.465 0.331 -0.0747 -0.112
(2.282) (2.598) (2.668) (0.297) (0.333) (0.322)

pvol 0.647 0.295 0.120 0.170*
(0.833) (0.803) (0.0864) (0.102)

r2 -30.06 -29.75 -2.796 -5.615
(39.80) (41.75) (3.679) (3.828)

age 5.883 -26.91 -5.731* -6.911
(29.12) (43.27) (3.276) (4.945)

σage 16.69 -23.52 -5.544 -8.380
(43.41) (60.50) (4.983) (6.795)

fee 30.52 -12.80 -16.05 -21.39
(161.7) (176.5) (16.41) (17.47)

σfee -57.40 -106.4 46.04** 50.12**
(150.5) (156.1) (18.03) (19.50)

exp 1,716 -2,316 -586.6 -521.6
(4,012) (5,272) (467.7) (738.8)

σexp -149.1 -117.8 -577.6 -665.2
(3,913) (3,985) (466.1) (479.9)

tov -6.491 4.587 -4.093 -4.852
(29.10) (28.67) (2.911) (3.458)

σtov 1.384 -8.361 -0.0505 0.0700
(11.89) (14.10) (1.427) (1.830)

GDPgrowth -1.730 0.270
(3.757) (0.356)

Inf -2.184 -0.395
(6.385) (0.676)

NBER -4.579 0.557
(3.958) (0.530)

rf -7.441 -0.563
(7.808) (0.930)

Constant 0.112 -22.12 170.8 2.460*** 35.34 45.91
(4.639) (210.0) (294.1) (0.380) (23.24) (32.16)

R-squared 0.004 0.019 0.030 0.178 0.278 0.304

Notes: This table shows the regression results for cross-sectional mean (dispersion) of fund flows for Equa-
tion 2.1 and Equation 2.2. Column 1(4) shows results for the simple model. Column 2(5) adds macroeco-
nomic factors and and column 3(6) further adds fund characteristics as control variables. The full model is
Yt+1 = αt +βUNC ·UNCt + γ · Zt + εt where Yt+1 takes MeanF lowt+1 the cross-sectional average of mutual funds
flow orDispF lowt+1 the cross-sectional dispersion of funds flow. UNCt represents the uncertainty level of the month
and matrix Zt represents all of the control variables. The Newey-West standard errors are given in parenthesis.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical significance less than
0.10.
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Table 2.5: Returns for 5-fund portfolios: Stable period 1 — Apr 2003 to May 2008

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 15.438 2.991 6.166 0.09 0.21 0.18 0.25
6 16.906 4.459 7.633 0.26 0.40 0.26 0.39
9 11.831 -0.615 2.559 -0.16 0.02 -0.07 -0.01
12 20.627 8.180 11.354 0.86 0.93 0.90 0.93

Contrarian Strategy

3 7.183 -5.264 -2.089 -0.71 -0.69 -0.72 -0.54
6 8.356 -4.090 -0.916 -0.49 -0.42 -0.37 -0.17
9 9.494 -2.953 0.221 -0.42 -0.42 -0.39 -0.21
12 8.216 -4.230 -1.056 -0.70 -0.69 -0.70 -0.52

Notes: This table reports the annualized portfolio returns for the first stable period over Apr 2003 to May 2008
with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P 500
index. αJ is monthly Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha.
αff5 is Fama-French five-factor alpha.
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Table 2.6: Returns for 5-fund portfolios: Stable period 2 — Oct 2010 to Jul 2017

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 11.574 0.492 1.460 -0.02 0.10 0.14 0.08
6 10.031 -1.052 -0.083 -0.07 0.02 0.05 -0.04
9 4.544 -6.539 -5.571 -0.63 -0.52 -0.51 -0.55
12 7.239 -3.844 -2.875 -0.54 -0.42 -0.47 -0.42

Contrarian Strategy

3 8.161 -2.922 -1.953 -0.21 -0.10 -0.10 -0.10
6 5.347 -5.736 -4.767 -0.23 -0.14 -0.15 -0.07
9 8.429 -2.654 -1.685 -0.26 -0.12 -0.06 -0.05
12 4.271 -6.812 -5.843 -0.12 -0.06 -0.04 -0.06

Notes: This table reports the annualized portfolio returns for the second stable period over Oct 2010 to Jul 2017
with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P 500
index. αJ is monthly Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha.
αff5 is Fama-French five-factor alpha.
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Table 2.7: Returns for 5-fund portfolios: Volatile period — May 2008 to Sep 2010

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 -9.969 -7.002 0.028 -0.57 -0.35 -0.41 0.14
6 -12.105 -9.137 -2.108 -0.74 -0.67 -0.86 -0.0004
9 -19.198 -16.230 -9.201 -1.31 -1.30 -1.25 -0.0114
12 -11.363 -8.395 -1.366 -0.68 -0.66 -0.77 -0.0006

Contrarian Strategy

3 -3.402 -0.435 6.595 -0.0003 -0.0004 -0.0016 -0.0013
6 3.375 6.343 13.372 0.0051 0.0041 -0.0006 0.0047
9 2.793 5.761 12.790 0.0046 0.0074 0.0051 0.0134
12 -1.877 1.091 8.120 0.0009 -0.0008 -0.0006 -0.0029

Notes: This table reports the annualized portfolio returns for the first stable period over May 2008 to Sep 2010
with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P 500
index. αJ is monthly Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha.
αff5 is Fama-French five-factor alpha.
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Table 2.8: Testing return differences

Time Panel A: Stable 1 Panel B: Stable 2 Panel C: Volatile
Rebalance p-value t-stats Direction p-value t-stats Direction p-value t-stats Direction
3 0.00 12.530 greater 0.00 21.384 greater 0.00 12.104 smaller
6 0.00 6.385 greater 0.00 13.862 greater 0.00 11.241 smaller
9 0.02 2.063 greater 0.00 14.905 smaller 0.00 7.139 smaller
12 0.00 7.331 greater 0.00 17.595 greater 0.00 10.117 smaller
Average 0.00 3.242 greater 0.00 13.018 greater 0.00 11.038 smaller
Notes: The table presents the p-values and the t-test statistics of the return difference between momentum and contrarian
strategy portfolios given the rebalancing option. Direction denotes whether rMomentum

reblnce > rV alue
reblnce is positive or negative.
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2.9 Basic information and sensitivity analysis results

Table 2.9: Correlation analysis

UNC Inf GDPgrth rf NBER logMkt fee tov exp log(age)
UNC 1.000 -0.151 -0.590 0.016 0.571 -0.581 -0.288 0.186 -0.164 -0.080
Inf 1.00 0.176 0.201 -0.104 0.104 0.203 0.167 0.230 -0.157
GDPgrth 1.000 -0.018 -0.588 0.200 0.243 0.137 0.316 -0.197
rf 1.000 -0.001 0.115 0.790 0.528 0.737 -0.555
NBER 1.000 -0.193 0.135 0.221 0.080 -0.132
logMkt 1.000 -0.315 -0.831 -0.669 0.817
fee 1.000 0.585 0.834 -0.553
tov 1.000 0.891 -0.938
exp 1.000 -0.893
log(age) 1.000
Notes: This table presents the correlation coefficients between variables used in the analysis.

Table 2.10: Unit root test results

ADF test PP test KPSS test
Test statistic p-value Test statistic p-value Test statistic p-value

MeanRet -5.923 0.01 -186.11 0.01 0.122 0.1
Disp -3.942 0.01 -122.92 0.01 2.049 0.01
Notes: This table presents the unit root test results for the cross-sectional average and dispersion of mutual fund returns.
ADF test stand for Augmented Dickey Fuller test, PP stands for Phillips–Perron test and KPSS test stands for Kwiatkowski–
Phillips–Schmidt–Shin test.
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Table 2.11: Robustness: Different uncertainty measure effects
on the cross-sectional dispersions of fund returns

JLN3Months JLN12months V IX EPU
UNC 0.0357*** 0.0936*** 0.000193* 0.00005***

(0.00841) (0.0247) (0.000106) (1.82e-05)
GDPgrowth 0.000743 0.000804 0.000985 0.000857

(0.000846) (0.000858) (0.000967) (0.000878)
Inf 0.000819 0.000503 0.000497 -0.000671

(0.00128) (0.00129) (0.00139) (0.00129)
rf 0.000998* 0.00116** 0.000348 0.000521

(0.000537) (0.000561) (0.000541) (0.000532)
NBER 0.00134 0.00243 0.00780*** 0.00876***

(0.00285) (0.00282) (0.00239) (0.00223)
Size 0.0119* 0.0103 0.00908 0.0117*

(0.00667) (0.00669) (0.00711) (0.00699)
age -0.000632 -0.000938 -0.00111 -0.00130

(0.000819) (0.000818) (0.000856) (0.000824)
σage 0.00998*** 0.00981*** 0.00656* 0.00850**

(0.00361) (0.00366) (0.00372) (0.00367)
fee -0.0770* -0.0894* -0.0594 -0.0377

(0.0461) (0.0475) (0.0485) (0.0464)
σfee -0.0201 -0.0269** -0.0306** -0.0325**

(0.0135) (0.0135) (0.0142) (0.0137)
tov 0.0126 0.0117 0.0443 0.0513*

(0.0301) (0.0308) (0.0304) (0.0298)
σtov -0.0219 -0.0242 -0.0243 -0.0199

(0.0174) (0.0176) (0.0182) (0.0179)
exp 1.667 1.688 -1.456 -2.669

(2.660) (2.742) (2.661) (2.485)
σexp 0.364 0.617 1.392** 1.312**

(0.689) (0.682) (0.671) (0.638)
Constant -0.237* -0.257** -0.124 -0.185

(0.122) (0.127) (0.126) (0.125)

Observations 173 173 172 173
R-squared 0.424 0.412 0.372 0.393

Notes: This table examines the effects of four alternative uncertainty
measures on the cross-sectional dispersion of fund returns: JLN3Months;
JLN12months; EPU ; and V IX, respectively; See notes to Table 2.3.
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Table 2.12: Robustness: Portfolio start month windows for sub-periods

Stable period 1: Mar 2003 start Stable period 2: Sept 2010 start Volatile period: Apr 2008 start
category t-stats Direction t-stats Direction t-stats Direction
3 15.68*** greater 23.48*** greater 7.88*** greater
6 2.80*** greater 3.38*** greater 8.61*** smaller
9 0.85 smaller 26.00** greater 9.31*** smaller
12 8.88*** smaller 2.04** greater 10.60*** smaller
average 6.34*** greater 16.31*** greater 10.26*** smaller

Stable period 1: Apr 2003 start Stable period 2: Oct 2010 start Volatile period: May 2008 start
category t-stats Direction t-stats Direction t-stats Direction
3 12.53*** greater 21.38*** greater 12.10*** smaller
6 6.39*** greater 13.86*** greater 11.24*** smaller
9 2.06** greater 14.91*** smaller 7.14*** smaller
12 7.33*** greater 17.60*** greater 10.12*** smaller
average 3.24*** greater 13.02*** greater 10.66*** smaller

Stable period 1: May 2003 start Stable period 2: Nov 2010 start Volatile period: Jun 2008 start
category t-stats Direction t-stats Direction t-stats Direction
3 13.91*** greater 22.01*** greater 4.04*** greater
6 11.00*** greater 18.87*** greater 0.92*** smaller
9 11.49*** greater 0.15 smaller 6.40*** greater
12 7.32*** greater 9.09*** greater 5.36*** smaller
average 12.21*** greater 9.33*** greater 0.70*** smaller

Notes: The table presents the t-test statistics of the return difference between momentum and contrarian strategy
portfolios for each rebalancing option allowing the portfolio to start a month before (upper set) or after (lower set)
than the month used in the main analysis (middle set). t-stats represents the single sided t-test. Direction denotes
whether rMomentum

reblnce > rV alue
reblnce is positive or negative.

∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical significance less than
0.10.
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Figure 2.1: Cross-sectional average and dispersion of mutual fund risk adjusted returns

Notes: This figure plots the cross-sectional average and dispersion of mutual fund returns from April 2003 to July 2017. The y-axis on the left represents
the average return and the y-axis on the right shows the dispersion.
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Figure 2.2: Uncertainty comparison

Notes: This figure compares the one-month JLN macroeconomic uncertainty series, the Economic Policy
Uncertainty series and the VIX index.
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Figure 2.3: Cross-sectional average of fund returns versus uncertainty

Notes: This scatter plot presents the cross-sectional average of mutual funds return versus macroeconomic
uncertainty data from April 2003 to July 2017.

Figure 2.4: Cross-sectional dispersion of fund returns versus uncertainty

Notes: This scatter plot presents the cross-sectional dispersion of mutual fund return and financial
uncertainty from April 2003 to July 2017.
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Figure 2.5: Robustness check for portfolio liquidation: Alternative end dates

Notes: This figure plots portfolio returns with a fixed start date (Apr 2003) while allowing end point to differ for stable period 1 with all rebalancing
options. The gray area covers from Jan 2008 to May 2008.
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Figure 2.6: Robustness check for portfolio liquidation: Alternative end dates

Notes: This figure plots portfolio returns with a fixed start date (Oct 2010) while allowing end point to differ for stable period 2 with all rebalancing
options. Gray area covers from Jan 2017 to Jun 2017.
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Figure 2.7: Robustness check for portfolio liquidation: Alternative end dates

Notes: This figure plots portfolio returns with a fixed start date (May 2008) while allowing end point to differ for the volatile period with all rebalancing
options. Gray area covers from Apr 2010 to Oct 2010.
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2.10 Uncertainty Effects on US Mutual Fund Distri-
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Table 2.13: Robustness: Returns for 10-fund portfolios — Stable period 1: Feb 2003 to Apr 2008

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 14.427 1.980 5.155 1.07E-05 0.0009 0.0005 0.0011
6 16.221 3.775 6.949 0.0018 0.0028 0.0018 0.0025
9 15.589 3.143 6.317 0.0014 0.0029 0.0023 0.0029
12 18.385 5.938 9.113 0.0052 0.0054 0.0052 0.0050
15 11.853 -0.593 2.581 -0.0024 -0.0012 -0.0015 -0.0006
18 15.947 3.501 6.675 0.0020 0.0036 0.0031 0.0042

Contrarian Strategy

3 9.694 -2.753 0.422 -0.0043 -0.0044 -0.0043 -0.0026
6 10.775 -1.672 1.502 -0.0034 -0.0026 -0.0022 3.88E-05
9 11.601 -0.846 2.328 -0.0026 -0.0023 -0.0017 -0.0006
12 10.531 -1.916 1.258 -0.0044 -0.0037 -0.0037 -0.0014
15 17.707 5.261 8.435 0.0030 0.0025 0.0035 0.0038
18 15.322 2.875 6.050 0.0006 0.0008 0.0012 0.0014

Notes: This table reports the annualized portfolio returns of 10-fund portfolios for the first stable period over Feb 2003 to
Apr 2008 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ is
monthly Jensen’s alpha. αff3 is Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French
five-factor alpha.
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Table 2.14: Robustness: Returns for 10-fund portfolios — Stable period 2: Oct 2010 to Jul 2017

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 10.811 -0.272 0.697 -0.0001 0.0017 0.00123 0.0005
6 9.168 -1.915 -0.946 -0.0008 -5.01E-05 0.0003 -0.0005
9 6.362 -4.721 -3.752 -0.0038 -0.0032 -0.0029 -0.0035
12 7.159 -3.923 -2.955 -0.0045 -0.0035 -0.0036 -0.0033
15 10.846 -0.236 0.732 -0.0013 -0.0016 -0.0015 -0.0011
18 5.816 -5.267 -4.298 -0.0052 -0.0042 -0.0036 -0.0047

Contrarian Strategy

3 6.509 -4.574 -3.605 -0.0044 -0.0033 -0.003 -0.0027
6 4.791 -6.292 -5.323 -0.0042 -0.0033 -0.0035 -0.0020
9 8.222 -2.861 -1.892 -0.0034 -0.0022 -0.0016 -0.0011
12 6.366 -4.717 -3.748 -5.89E-05 0.0008 0.0012 0.0013
15 6.885 -4.198 -3.229 -0.0002 0.0008 0.0002 0.0009
18 7.960 -3.123 -2.154 -0.0003 0.0003 0.0002 0.0014

Notes: This table reports the annualized portfolio returns of 10-fund portfolios for the second stable period over Oct 2010
to Jul 2017 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. ret_mkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ

is monthly Jensen’s alpha. αff3 is Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French
five-factor alpha.
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Table 2.15: Robustness: Returns for 10-fund portfolios — Volatile period: May 2008 to Sep 2010

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 -10.121 -7.154 -0.125 -0.0068 -0.0050 -0.0044 -0.0034
6 -13.071 -10.103 -3.074 -0.0081 -0.0090 -0.0102 -0.0045
9 -20.602 -17.634 -10.605 -0.0142 -0.0153 -0.0143 -0.0133
12 -12.566 -9.598 -2.569 -0.0077 -0.0091 -0.0111 -0.0053
15 -10.044 -7.077 -0.048 -0.0057 -0.0089 -0.0095 -0.0069
18 -12.035 -9.067 -2.038 -0.0073 -0.0095 -0.0102 -0.0082

Contrarian Strategy

3 -4.466 -1.500 5.529 -0.0012 -0.002 -0.0042 -0.0014
6 1.597 4.565 11.594 0.0037 0.0033 -0.0019 0.0051
9 3.888 6.856 13.885 0.0055 0.0062 0.0023 0.0123
12 -5.130 -2.162 4.867 -0.0018 -0.0041 -0.0032 -0.0040
15 -8.153 -5.185 1.844 -0.0042 -0.0054 -0.0059 -0.0039
18 -7.243 -4.275 2.754 -0.0035 -0.0014 -0.0033 0.0028

Notes: This table reports the annualized portfolio returns of 10-fund portfolios for the volatile period over May 2008 to Sep
2010 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized return.
retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ is monthly
Jensen’s alpha. αff3 is Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French five-factor
alpha.
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Table 2.16: Testing return differences for 10-fund portfolios

Time Panel A: Stable 1 Panel B: Stable 2 Panel C: Volatile
Rebalance p-value t-stats Direction p-value t-stats Direction p-value t-stats Direction
3 0.00 7.845 greater 0.00 20.888 greater 0.00 15.245 smaller
6 0.00 11.021 greater 0.00 11.797 greater 0.00 10.792 smaller
9 0.05 1.636 greater 0.00 17.334 smaller 0.00 6.013 smaller
12 0.00 6.959 greater 0.00 19.631 greater 0.00 9.665 smaller
15 0.45 0.117 smaller 0.00 3.743 greater 0.00 8.829 smaller
18 0.00 5.748 greater 0.00 9.413 smaller 0.00 11.183 smaller
Average 0.00 5.156 greater 0.00 15.465 greater 0.00 10.614 smaller

Notes: The table presents the p-values and the t-test statistics of the return difference between momentum and contrarian
strategy portfolios given the rebalancing option. Direction denotes whether rMomentum

reblnce > rcontrarian
reblnce is positive or negative.
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Table 2.17: Robustness: Returns for 20-fund portfolios: — Stable period 1: Feb 2003 - Apr 2008

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 14.212 1.766 4.940 0.0002 0.0001 0.0008 0.0012
6 14.253 1.806 4.981 0.0001 0.0009 0.0004 0.0008
9 15.372 2.925 6.100 0.0012 0.0024 0.0022 0.0027
12 15.926 3.479 6.654 0.0025 0.0025 0.0026 0.0025
15 14.629 2.182 5.356 0.0002 0.0012 0.0009 0.0023
18 14.295 1.848 5.023 0.0003 0.0015 0.0012 0.0027

Contrarian Strategy

3 11.047 -1.400 1.774 -0.0031 -0.0032 -0.0034 -0.0019
6 12.994 0.547 3.722 -0.0017 -0.0012 -0.0010 0.0011
9 12.745 0.299 3.473 -0.0014 -0.0013 -0.0008 -0.0001
12 12.725 0.278 3.453 -0.0020 -0.0009 -0.0011 0.0014
15 15.803 3.356 6.531 0.0018 0.0016 0.0025 0.0027
18 16.005 3.559 6.733 0.0009 0.0001 0.0012 0.0012

Notes: This table reports the annualized portfolio returns of 20-fund portfolios for the first stable period over Feb 2003 to
Apr 2008 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ

is monthly Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French
five-factor alpha.
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Table 2.18: Robustness: Returns for 20-fund portfolios — Stable period 2: Oct 2010 - Jul 2017

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 10.748 -0.335 0.634 -2.61E-05 0.0003 0.0009 0.0002
6 9.758 -1.325 -0.356 -0.0005 1.05E-05 0.0003 -0.0003
9 7.512 -3.571 -2.602 -0.0022 -0.0019 -0.0018 -0.0023
12 8.038 -3.044 -2.076 -0.0038 -0.0029 -0.0030 -0.0026
15 10.678 -0.404 0.564 -0.0017 -0.0022 -0.0022 -0.0016
18 6.582 -4.501 -3.532 -0.0039 -0.0032 -0.0029 -0.0037

Contrarian Strategy

3 7.057 -4.026 -3.057 -0.0043 -0.0033 -0.0031 -0.0027
6 6.004 -5.079 -4.110 -0.0041 -0.0032 -0.0032 -0.0022
9 8.224 -2.858 -1.890 -0.0038 -0.0026 -0.0023 -0.0014
12 8.041 -3.041 -2.073 -0.0010 -2.03E-05 0.0003 0.0006
15 7.271 -3.811 -2.843 -0.0020 -0.0008 -0.0011 -0.0006
18 9.492 -1.591 -0.623 -0.0011 -0.0002 -0.0003 0.0009

Notes: This table reports the annualized portfolio returns of 10-fund portfolios for the second stable period over Oct 2010
to Jul 2017 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized
return. retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ

is monthly Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French
five-factor alpha.
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Table 2.19: Robustness: Returns for 20-fund portfolios — Volatile period: May 2008 - Sep 2010

Strategy Rebalance ravg retmkt.ex retsp500.ex αJ αff3 αC αff5

Momentum Strategy

3 -6.841 -3.873 3.156 -0.0031 -0.0028 -0.0024 -0.002
6 -11.660 -8.692 -1.663 -0.0070 -0.0083 -0.0091 -0.0053
9 -14.004 -11.036 -4.007 -0.0089 -0.0098 -0.0095 -0.0076
12 -10.067 -7.100 -0.071 -0.0057 -0.0081 -0.0087 -0.0051
15 -11.492 -8.524 -1.495 -0.0069 -0.0100 -0.0096 -0.0090
18 -12.744 -9.776 -2.747 -0.0079 -0.0098 -0.0100 -0.0081

Contrarian Strategy

3 -5.116 -2.148 4.881 -0.0017 -0.0023 -0.0052 -0.0016
6 -1.539 1.429 8.458 0.0012 0.0018 -0.0031 0.0038
9 1.680 4.648 11.677 0.0037 0.0046 -0.0006 0.0104
12 -5.635 -2.667 4.362 -0.0022 -0.0037 -0.0026 -0.0031
15 -8.384 -5.416 1.613 -0.0044 -0.0051 -0.0055 -0.0029
18 -10.287 -7.319 -0.290 -0.0060 -0.0029 -0.0054 0.0025

Notes: This table reports the annualized portfolio returns of 10-fund portfolios for the volatile period over May 2008 to Sep
2010 with a rebalancing option from 3 to 18 months in increments of three months. ravg is the average annualized return.
retmkt.ex is the average excess return on the market. retsp500.ex is the excess return on the S&P500 index. αJ is monthly
Jensen’s alpha. αff3 Fama-French three-factor alpha. αC is Carhart four-factor alpha. αff5 is Fama-French five-factor
alpha.
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Table 2.20: Testing return differences for 20-fund portfolios

Time Panel A: Stable 1 Panel B: Stable 2 Panel C: Volatile
Rebalance p-value t-stats Direction p-value t-stats Direction p-value t-stats Direction
3 0.00 3.183 greater 0.00 15.297 greater 0.00 12.620 smaller
6 0.00 14.242 greater 0.00 9.738 greater 0.00 9.920 smaller
9 0.02 2.164 greater 0.00 17.733 smaller 0.00 2.906 smaller
12 0.05 1.668 greater 0.00 19.701 smaller 0.00 8.826 smaller
15 0.03 1.886 smaller 0.00 10.351 greater 0.00 8.635 smaller
18 0.00 5.928 smaller 0.00 6.713 smaller 0.00 8.700 smaller
Average 0.00 9.874 greater 0.00 17.271 greater 0.00 8.900 smaller

Notes: The table presents the p-values and the t-test statistics of the return difference between momentum and contrarian
strategy portfolios given the rebalancing option. Direction denotes whether rMomentum

reblnce > rContrarian
reblnce is positive or negative.
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3 | The Impact of ESG on Mutual

Fund Performance and Flows

3.1 Abstract

Constructing a fund-level, value-weighted sustainability measure by aggregating the en-

vironmental, social and governance (ESG) scores of firms listed in the most recent fund

holdings, we examine the impact of economic policy uncertainty (EPU) on the mutual

fund sustainability-performance/flow relationships. We first show a significant U-shaped

impact of a fund’s ESG score on its performance (i.e., both high and low-sustainability

funds outperform their medium-sustainability counterparts in terms of risk-adjusted re-

turns and value at risk (VaR)). During periods of high uncertainty, the ESG-return re-

lationship then flips to an inverse U-shape, while the ESG-VaR relationship remains.

Finally, we document an inverse U-shaped sustainability-flow relationship during low-

EPU periods, which flips into a U-shape when uncertainty intensifies.
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3.2 Introduction

Environmental, social and governance (ESG) related investing has become increasingly

important during recent decades and has drawn much attention from academia of late

(e.g., Lins et al., 2017; Riedl and Smeets, 2017; Pedersen et al., 2021), particularly in

relation to the mutual fund sector (e.g., Riedl and Smeets, 2017; Dyck et al., 2019;

Hartzmark and Sussman, 2019; Chen et al., 2020; Pástor and Vorsatz, 2020; Avramov

et al., 2021; Azar et al., 2021; Bauer et al., 2021). Sustainability-themed investing used

to comprise a specific sector within the general investment industry that aimed to catch

the eye of green investors who demand moral or ethical satisfaction as part of their

investment utilities. This soon became a social norm because of the booming of the

sector. The 2020 survey of the Forum for Sustainable and Responsible Investment showed

that one in three dollars of the US assets is managed with sustainability-related criteria

(SIF, 2020, which indicates a significant impact on corporate behaviour (Heinkel et al.,

2001). Unfortunately, however, the fundamental relationship between sustainability and

mutual fund performance is still unclear, not to mention the one between sustainability

and mutual fund flows.

Theoretically, sustainable investment should be a costly process. ESG investing re-

quires firms to forgo financial targets but focus on non-profit-driven projects, which largely

violate Neoclassical economics and should harm firms’ financial performance. In addition,

fund managers are forced to undertake additional research to comply with their sustain-

able goals, which significantly increases the cost to investors (Duanmu et al., 2018).1

1Our sample shows that socially responsible mutual funds charge a statistically significant amount of
3% more management fees than conventional mutual funds.
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These added screens also shrink the investment pool, which leads to higher diversifica-

tion risk.

Following these lines, past studies have documented a significant negative impact

of ESG ratings on fund performance (e.g., Hong and Kacperczyk, 2009; Di Giuli and

Kostovetsky, 2014; El Ghoul and Karoui, 2017; Luo and Balvers, 2017; Barber et al.,

2021). Meanwhile, several empirical studies find contradicting evidence and show the

potential benefits of ESG investing. They find that investment in sustainable stocks or

funds outperforms in the long run (e.g., Cremers and Nair, 2005; Gompers et al., 2003;

Edmans, 2011; Eccles et al., 2014), and performs better during market downturns (e.g.,

Lins et al., 2017, 2019; Albuquerque et al., 2020; Ding et al., 2020; Pástor and Vorsatz,

2020), thus, highlighting the potential benefits of sustainability-themed investing.

Ultimately, it is an empirical question, and the examinations of the relationship be-

tween sustainability and mutual fund performance remain unsolved within the literature.

In this study, we contribute to the sustainability-performance relationship debate using

a non-linear model by hypothesising that the cost and benefit of sustainable investing

could have a different impact on fund performance under different ESG levels. Barnett

and Salomon (2006) test this hypothesis using screening intensity and find a U-shaped

impact on the performance of sustainable funds. Moreover, Wang et al. (2016) also doc-

ument supporting evidence for this hypothesis in the equity market and argues that the

benefit of this type of investing was only able to cover the cost upon reaching a certain

ESG level. While these studies shed light on mutual funds’ potential U-shaped ESG-

performance relationship, they focus either only on ESG funds with screening intensity

or on the stock market. We fill this gap in the sustainable mutual fund literature by
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investigating the relationship using a self-constructed, value-weighted mutual fund ESG

score. This provides us with a finer variable than the sustainability ranking, which is

available from major data providers (e.g., Morningstar Sustainability Ratings) and thus,

allows us to have a deeper understanding of the impact of ESG scores on the mutual fund

sector.

Further, our second contribution is related to sustainability performance during mar-

ket downturns. It is well documented that an increase in the level of uncertainty could

harm firms’ performances in multiple ways through a reduction in the amount of private

funding available (e.g., Gozgor et al., 2019; Baum et al., 2021), investments (e.g., Gulen

and Ion, 2016; Kahle and Stulz, 2013; Handley and Limao, 2015), and higher stock re-

turn volatilities (Pástor and Veronesi, 2013). These changes could ultimately transmit to

the performance of mutual funds. Studies have argued that sustainable investments can

cover the cost at the lower stages of sustainability ratings under poor economic condi-

tions. Meanwhile, investment portfolios require additional components to meet their full

diversification requirements during periods of high market volatility and during financial

crises (Hu et al., 2014). Based on these arguments, we hypothesise that the general ESG-

performance relationship should change during periods of increased uncertainty, measured

by the EPU index (Baker et al., 2016).

Our final contribution focuses on investor behaviour towards the sustainability rating.

Rather than testing whether high or low ESG-rated funds can attract more investments,

we hypothesise a U-shaped ESG-flow relationship that, more importantly, changes across

the EPU index. We consider that the market contains two types of investors with different

ESG preferences; ESG-seeking investors and non-ESG-seeking investors.2 As investors
2Note that ESG rating should only affect asset performance when investors ESG preference varies
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focus more on risk rather than return during a market crisis (Hoffmann et al., 2013),

ESG-seeking investors would be more interested in pursuing ESG investment because of

the “flight to quality” phenomenon that makes them feel safer. In contrast, non-ESG-

seeking investors would strongly avoid such types of assets in order to avoid the risk

of under-diversification and additional sustainability costs. These factors could drive a

change in the overall ESG-flow relationship.

We use a sample of 1,262 US domestic equity mutual funds from 2010 to 2017 to test

our hypothesis and to cover three main questions: 1) Does the extent of mutual funds’

sustainability scores have a non-linear impact on their i) risk-adjusted returns and ii)

VaR? 2) Is the relationship affected by the policy uncertainty? And 3) Do investors react

to mutual fund sustainability scores?

Our results first reveal a significant U-shaped impact of mutual funds’ ESG scores on

their risk-adjusted returns and VaR, indicating that funds with high and low-sustainability

scores are associated with better financial performances (in terms of higher returns and

lower tail risk). All models contain established fund-specific (i.e., expense ratio, turnover

ratio, management fee, R-squared, age, past volatility, size and number of stocks held

within the fund) and macroeconomic (i.e. risk-free rate, GDP growth rate and inflation

rate) factors to mitigate the omitted-variables bias. In addition, we re-examine the im-

pact of sustainability on fund performances using the individual environmental (E), social

(S) and governance (G) pillars of the aggregated sustainability score. The result shows

that E and S scores have a consistent impact on a fund’s return and VaR, compared with

the overall score, while G pillars have a limited effect.

over each other. Otherwise, the market will adjust the price, and everyone gets the market portfolio
(Pástor and Vorsatz, 2020).
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Furthermore, we examine the impact of economic policy uncertainty (EPU) on the

relationship between sustainability and the performance of mutual funds. Several stud-

ies find that socially responsible mutual funds performed exceptionally well during the

COVID-19 crisis (Pástor and Vorsatz, 2020) when uncertainty was at its peak. Rather

than focusing only on the crisis, we provide a direct analysis of how market instability,

measured by the EPU index, affects the sustainability-performance relationship of the

mutual funds over time. Our model contains several interaction terms between EPU

and ESG variables to investigate whether EPU affects funds’ performances through their

ESG attributes. The results suggest that the U-shaped relationship between a fund’s

ESG score and return changes to an inverse U-shape during periods of instability, while

the ESG-VaR relationship remains unchanged.

Finally, we scrutinise whether investor behaviour varies depending on the fund sustain-

ability scale and market conditions. We find that investors, during periods of prosperity

and stability, are willing to sacrifice the financial cost for higher sustainability ratings

(Renneboog et al., 2008b) of their investment asset, up to a certain level, before the

diversification issue becomes significant. However, during periods of uncertainty, funds

with either extremely high or low ESG scores generate more net flows than funds with

average ESG scores, implying a polarisation effect between ESG-seeking investors and

non-ESG-seeking investors.3 A wide range of robustness checks, including the use of dif-

ferent uncertainty measures, extreme values and alternative ESG measures (calculated

by using the top ten holdings), confirms our results.

The rest of the chapter is organised as follows. In Section 3, we present the related
3The polarisation effect refers to a phenomenon in which individuals react more differently as they

observe the evidence on the issue.
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literature. Section 4 describes the data and our methodology. Section 5 provides our

empirical results. Section 6 reports the robustness check, and Section 7 concludes the

chapter.

3.3 Literature Review

Our study relates to several strands of earlier works, including the relationship between

mutual funds’ sustainability attributes and financial performance, whether this relation-

ship changes with the level of uncertainty and investors’ reactions to sustainable invest-

ment under various market conditions. In this section, we highlight some of the major

studies which are focused on these lines of inquiry.

3.3.1 Performances and sustainability

When we survey the literature, we find that most authors rely on a dichotomous approach

to compare the performances of socially responsible mutual funds with the performance

of a set of matched conventional mutual funds. Several studies have shown that socially

responsible mutual funds do not earn significant excess returns (e.g., Goldreyer and Diltz,

1999; Statman, 2000; Bauer et al., 2005, 2007; Bae et al., 2021) and are likely to under-

perform in comparison to their conventional counterparts and benchmarks (Geczy et al.,

2005). This may be because the managers of socially responsible funds have to exclude

some attractive firms when incorporating ESG investment strategies (e.g., Renneboog

et al., 2008a; Adler and Kritzman, 2008),4 which also reduces the ability to diversify

(Girard et al., 2007). In addition to the dichotomous approach, El Ghoul and Karoui
4For instance, sin stocks can generate superior performance, but mostly restricted in sustainable

investing (Statman and Glushkov, 2009).
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(2017) measures the level of sustainability of all US equity mutual funds by constructing

a holding-based, value-weighted fund corporate social and responsibility (CSR) score.

They find that mutual funds in high-CSR groups deliver poor performances, greater

performance persistence and weaker flow performance relationships.

In contrast to the mutual fund literature, most studies using firm-level data, includ-

ing stock portfolios, support a positive relationship between sustainability and financial

performance (e.g., Derwall et al., 2005; Dimson et al., 2015; Bennani et al., 2018). For

instance, Edmans (2011) constructs a value-weighted portfolio using the 100 best compa-

nies for employee satisfaction from 1984 to 2009 and finds that it generates an additional

2.1% four-factor alpha compared with industry benchmarks. Friede et al. (2015) review

over 2,000 academic studies and find that roughly 90% of those studies report a non-

negative ESG-performance relationship. Some studies elucidate that socially responsible

firms enhance the trust between themselves and their stakeholders (e.g., Cremers and

Nair, 2005; Gompers et al., 2003), which contributes positively to the stock prices.

There are limited firm-level studies examining the non-linear relationship between

sustainability and financial performance. Wang et al. (2016), for example, find evidence to

support the U-shaped hypothesis. They argue that activity with low social responsibility

could not generate enough financial benefits to offset the cost. However, as the level of

social responsibility reached a turning point, the economic benefits gradually offset the

cost and generate additional returns.5 Barnett and Salomon (2006) produce the only

related mutual fund study to consider the heterogeneity in the intensity of sustainable

screening for socially responsible mutual funds. The study shows that funds utilising both
5Nollet et al. (2016); Maqbool and Bakr (2019) document similar results using different ESG measures

in different markets.
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high and low social responsibility screens can generate strong financial performances,

while funds using moderate levels display the weakest performances. The main argument

from their study is that when managers start to include social responsibility in their asset

allocation process, the performance suffers greatly from diversification issues. However,

when fund managers go deeper into socially responsible investing, the effect is offset

by the superior performance of socially responsible firms. Nevertheless, as the theme

of sustainable investing has gradually extended to conventional funds over the years,

their study largely ignores the conventional mutual fund sector, which requires further

examination.

3.3.2 Socially responsible investing under uncertainty

One strand of the literature focuses on examining whether the sustainable investment can

“doing well by doing good”, particularly during market downturns (e.g., Nofsinger and

Varma, 2014; Becchetti et al., 2015). Socially responsible investing is believed to have

the ability to enhance the trust between a firm and its stakeholders, and this is critical

during crisis periods when the trust between firms and investors is low. Therefore, socially

responsible funds can play an “insurance role” during market downturns and outperform

conventional mutual funds. Lins et al. (2017) find that highly socially responsible firms

display better performances, growth, and sales, than lower socially responsible funds

during periods of the financial crisis. These studies use the financial crisis as an example

of a market in which performance was poor, volatility was high, and the mutual trust

between sellers and buyers was weak. Note that a major financial crisis is a relatively rare

event, Matallín-Sáez et al. (2019) use the NBER recession and expansion index to model
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the macroeconomic conditions. They also find that the abnormal performance of socially

responsible mutual funds is negative during expansion periods but positive (although not

significant) during recessions. Similarly, Pástor and Vorsatz (2020) and Omura et al.

(2020) show that sustainable funds outperformed their conventional counterparts during

the COVID-19 pandemic and related economic freefall. Their studies show that the

possibility that the impact of sustainable investing on the performance of mutual funds

varies according to the macroeconomic condition of the market and that this concept

requires further examination.

3.3.3 Sustainability and mutual fund flows

Another line of literature investigates the performance-flow relationship and reveals a

positive relationship between a fund’s past performance and its future flows.6 More

recent studies have focused on comparing the performance-flow sensitivity of socially

responsible funds with conventional ones. Socially responsible investors generally care

less about past returns than their conventional counterparts. For instance, Benson and

Humphrey (2008); Renneboog et al. (2011); Hartzmark and Sussman (2019) show that

cash flowing into socially responsible mutual fund flows is less sensitive to past returns

than in the case of conventional funds, as socially responsible fund flows are persistent,

and investors are less eager to switch their investments. Durán-Santomil et al. (2019)

use the newly developed Morningstar sustainability scores index and find that funds with

higher sustainability ratings in the prior year attract more investments in the following
6Spitz (1970) is among the first studies examining the performance-flow relationship of mutual funds,

while further studies document this relationship to be asymmetric in that investors focus more on past
winners than past losers (e.g., Ippolito, 1992; Sirri and Tufano, 1998).
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year.7

In contrast with the existing literature, our study examines the non-linear effect of

sustainability across all types of US domestic equity mutual funds while testing whether

economic uncertainty affects this sustainability-performance relationship. Hence, this

investigation also enriches our understanding of investor behaviour towards sustainable

investing and whether this behaviour changes under different market conditions.

3.4 Empirical approach and the data

This chapter uses monthly mutual fund data, sustainability ratings, and macroeconomic

data from 2010 to 2017. We obtain our data from the Centre for Research and Security

Prices (CRSP), Sustainalytics and the Federal Reserve databases. Table 3.1 provides the

descriptions of the variables used in our study.

We examine the impact of ESG score on mutual funds’ performance and flow using a

panel fixed-effect model. In contrast to the commonly used linear relationship, we believe

the effects of the costs and benefits of sustainable investing could have a different effect

on the performance of funds dependent on their ESG levels, which causes the overall

relationship to be U-shaped. Our basic model takes the following form:

Yi,t = β0 + β1ESGi,t−1 + β2ESG
2
i,t−1 + φControlsi,t−1 + τm + τy + εi,t (3.1)

where Yi represents the main variables we focus on, including the risk-adjusted return,

VaR and flow of fund i. ESGi and ESG2
i indicate the mutual fund i’s level and squared

ESG scores to capture the linear and quadratic impact of funds’ ESG scores on financial
7Note that Morningstar sustainability ratings are only available after March 2016.
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performance. τm and τy denote the month and year dummies, respectively. The model

controls a wide range of commonly used factors, Controlsj. These control variables fall

into three main categories: 1) fund-specific characteristics variables, including age (Cre-

mers and Petajisto, 2009), expense ratio (Huang et al., 2011), size (Massa and Patgiri,

2008), past volatility (Jordan and Riley, 2015) and R-squared (Amihud and Goyenko,

2013); 2) the number of holdings as a proxy for funds’ structure complexity; and 3)

macroeconomic conditions (i.e., the risk-free rate, inflation rate and GDP growth rate).

Finally, when examining the impact of ESG on fund flows, we also include additional

lagged fund returns (Choi and Robertson, 2020) and flow factors (Del Guercio and Tkac,

2002) within the control variables.

Next, in order to examine the impact of EPU on the relationship between fund ESG

score and performance, we introduce EPU terms into our model. The full model specifi-

cation is as follows:

Yi,t = β0 + β1ESGi,t−1 + β2ESG
2
i,t−1 + β3EPUt−1 + β4(ESGi,t−1 × EPUt−1)+

β5(ESG2
i,t−1 × EPUt−1) + φControlsj + τm + τy + εi,t

(3.2)

where we incorporate the EPU factor as well as interaction terms with both ESGi

and ESG2
i terms to provide a comprehensive analysis on how EPU affects the ESG-

performance relationship. All remaining terms represent the same factors as in Equa-

tion 3.1.
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3.4.1 Mutual fund data

We extract mutual fund performance and characteristics data from the CRSP mutual

fund survivor-bias-free database. We use the CRSP objective code to select only actively

managed US domestic mutual funds and, following Wermers (2000), drop any closed-end

funds, index funds and funds with a lifespan of less than three years. The process yields

1,262 mutual funds with 80,368 observations for each variable.

When using the CRSP database, an issue is that the data comes in different update

frequencies on different asset levels. For instance, the mutual fund return and total

net assets are reported monthly on the share class level. In contrast, the mutual fund

characteristics data, including the management fee, turnover ratio and expense ratio, are

updated quarterly, and the fund holdings data is given on the portfolio level. To unify the

data, we transfer all variables to the monthly updated mutual fund level. Specifically, we

identify mutual funds using the portfolio number and aggregate the share class level return

to the fund level using a value-weighted method based on the reported total net asset.

We then convert the quarterly updated fund characteristics into monthly characteristics

by assuming a constant rate across the quarter.8

Using a Carhart model, we calculate the risk-adjusted returns of mutual funds:

ri,t−rf
t = αt+βMktrf×(rMktrf

t )+βHML×rHML
t +βSMB×rSMB

t +βUMD×rUMD
t +εi,t (3.3)

where ri,t is the net return of fund i on month t on fund level, rf
t is the risk-free interest

rate proxied by the US treasury bill rate, rMktrf
t is the market excess return on risk free

8For example, if a fund charges 3% management fee within the quarter, we assume it would charge
1% each month.
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rate on month t, rHML
t , rSMB

t and rUMD
t are the Carhart factors. The constant term, αt,

represents the risk-adjusted return of fund i on month t.

Next, we evaluate the VaR of a mutual fund by using the modified VaR model, which

measures the maximum loss that fund i can yield under a given confidence level (1− p).

For a given confidence level (1− p), the VaR is computed as follows:

V ari = F−1
i (p) (3.4)

where Fi is the return distribution for fund i at time t. Our measure is the “Modified

Cornish-Fisher VaR” based on a 95% confidence level, which uses the Cornish-Fisher

expansion, developed by Cornish and Fisher (1938). The method approximates quantiles

of distribution by using its cumulants and, in so doing, considers both skewness and

kurtosis, in addition to mean and variance, when calculating the VaR. The calculation

follows:

zf,i,t = z+(z2 − 1)Si,t

6 + (z3 − 3z)Ki,t

24 −
(2z3 − 5z)S2

i,t

36

V aRi,t = −mean(Ri,t)−
√
σi,t × zf,i,t

(3.5)

where z is the standard normal z-score based on the significance level 0.05, Ri,t is the

return, Si,t is the skewness and Ki,t is the kurtosis of mutual fund i on month t. V aR

indicates the VaR of fund i on month t.

Finally, we follow the literature (e.g., Parida and Wang, 2018; Wang et al., 2018) and
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calculate the fund flow as follows:

FLOWi,t = TNAi,t − TNAi,t−1 × (1 + ri,t−1)
TNAi,t−1

(3.6)

where TNAs represent the total net assets of fund i on either month t or t − 1. ri,t−1,

represents the net return of fund i on month t− 1.

3.4.2 Fund ESG scores

To construct fund-level ESG scores, we implement the following four main steps. First,

we acquire firms’ ESG ratings from Sustainalytics. Sustainalytics provides ratings on

sustainable practices for over 11,000 companies worldwide. It assesses each firm’s expo-

sure to a wide range of risks related to ESG issues and ranks them against their industry

peers, sorting them into five categories: negligible, low, medium, high and severe. Each

ESG issue is then aggregated to construct the overall ESG rating of a firm. The overall

rating scale is from 0 to 100, with 0 being the most sustainable.

An issue with the Sustainalytics ESG rating is that firms use different themes across

various industries when evaluating their ESG rating against their industry peers.9 Thus,

the same score from two industries may not be equivalent. We followed the Morningstar

approach and performed a z-score transformation on firms’ ESG scores to overcome this

issue. We transform the monthly ESG score as follows:

IntESGi,t = ESGi,t − µt

σt

9For example, Chemical Safety, a detailed theme within the social pillar, is considered when evaluating
the ESG ratings of the chemical industry but not considered in other industries (e.g., healthcare or
utilities).
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where ESGi,t is the ESG score of company i at month t, µt, and σt are the cross-section

mean and standard deviation of the ESG scores of all companies on month i. We then

create the standardised ESG score, which is used in our analysis as follows:

StdESGi,t = 50 + 10IntESGi,t

The transformation give us normalised ESG scores with a theoretical mean of 50 on the

scale of 0 to 100.

After the transformation, we follow the literature and match the firms in the CRSP

mutual fund holdings and Sustainalytics databases using the stock ticker symbol. We

then calculate the funds’ ESG scores by using the following equation:

ESGi,t =
Ni,t∑
i=1

ωj,i,tStdESGj,t

where ωj,i,t is the weight of stock j in fund i at the end of month t, Ni,t is the amount of

stock held by fund i at the end of month t, ESGi,t is the ESG score of stock j at the end

of month t.

Our mutual fund holdings database contains 25,076 individual firms selected by fund

managers. However, the Sustainalytics database only provides ratings for 11,321 firms,

resulting in a significant portion of mutual fund holdings being left unrated.10 To over-

come this problem, we follow El Ghoul and Karoui (2017) and Cremers and Petajisto

(2009) in requiring that the sum of equity weights with an ESG score, the coverage ratio,

must exceed 65% of the portfolio total net assets in order to be included in our inves-
10The average portion of stocks covered by Sustainalytics is about 60%.
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tigation. Our selection process leaves us with 1,262 US domestic equity mutual funds

covering the time between 2010 and 2017, with an average sum of stock weights of fund

portfolios covered by Sustainalytics equals 84.08%. Finally, we re-scaled the coverage

ratio to 100% to obtain our final fund ESG score.

3.4.3 Economic policy uncertainty

Most related studies examine how market instability affects sustainable investing by using

an event study around the time of the financial crisis or the latest COVID-19 pandemic

(e.g., Nofsinger and Varma, 2014; Chiappini et al., 2021; Ferriani and Natoli, 2020). We

use the continuous EPU index, developed by Baker et al. (2016), as a proxy for market

uncertainty based on three main components. The first component, which is the main

component of the series, includes the volume of policy-related articles from ten leading

US newspapers. Baker et al. (2016) search the newspapers for topics including, but not

limited to, economics, uncertainty, and the Congress and the Federal Reserve. They

then obtain a monthly count of articles and follow a multi-step standardisation and

normalisation process to produce a normalised index. The second component captures

the level of uncertainty regarding future changes in the tax code, and the final element

represents the uncertainty regarding future monetary and fiscal policies. Finally, they

construct the overall measure using a weighted-average method with a weight of 1
2 on

the news-based component, 1
6 on the tax code component and 1

3 on the fiscal policies

component. The EPU index quantifies market uncertainty, which allows us to study

empirically how it affects sustainable investing over time.
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3.4.4 Other variables

In addition, we obtain CPI index,11 US domestic GDP growth rate12 and risk-free rate

from the Federal Reserve database. From Equation 3.3, we obtain the R-squared to

capture the proportion of return variation explained in the regression model. Fund size

is based on the natural logarithm of the total net assets.

3.4.5 Descriptive statistics

Table 3.1 provides the definition and sources of the variables used in our analysis, while

Table 3.2 presents the basic descriptive statistics. The average monthly risk-adjusted

return of mutual funds in our sample is -0.0127. The average VaR is 0.051, the maxi-

mum potential losses over the year are 0.176, and the minimum is only 0.5 basis points

(0.00005). The average ESG score for fund portfolios is 58.69, ranging from 45.99 to

71.50, with a standard deviation of 3.637. The ESG scores of each E, S and G pillar

range from the 20s to over 100.13

The EPU index is 138.3 on average, with a standard deviation of 44.93. Note that

the highest EPU level is more than four times that of the lowest EPU level. Moving

onto the macroeconomic control variables, the average GDP growth rate is 0.313% per

month, the average risk-free rate, measured by the 30-day Treasury bill, is 0.134% per

month, and the average inflation rate is 0.14% per month. Regarding the fund-specific

variables used, the average expense ratio is 0.0275, the average turnover ratio is 2.121,

11Inflation rate is computed as follows: Inft = CPIt − CPIt−1

CPIt−1
.

12The GDP growth rate is updated quarterly. We convert it to a monthly series by assuming a flat
increase within each quarter.

13On the firm level, the average ESG score is 55.27 with a standard deviation of 2.02 within each stock
and 9.748 cross-sections each month.
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and the average management fee is 0.447. The average R-squared from Equation 3.3 is

0.937. The average size of the funds in our sample is $379.93 million (5.94 in log form)

when taken on a monthly basis. The average number of stocks held by funds is around

110, and the average age in years of our examined mutual funds is 16.79.

3.5 Empirical Results

This section reports our empirical findings on the relationship between mutual funds’

sustainability performance and financial performance and flows. All models allow for

fund-specific and year-fixed effects, and all tables report robust standard errors.

3.5.1 Relationship between mutual funds’ sustainability and per-

formance

Table 3.3 exhibits the results of the impact of mutual funds’ sustainability level on their

risk-adjusted returns and funds’ VaR, in columns 1-3 and 4-6, respectively. In detail,

the regression results using Equation 3.1 in column 3 show a negative impact on the

ESG level term and a positive effect on the ESG squared term when examining the

relationship between funds ESG score and risk-adjusted returns. The results suggest

that a fund’s risk-adjusted return decreases, at first, with an increasing ESG score. Then,

upon reaching a certain point, a fund’s risk-adjusted return would increase if the ESG

score kept rising, which constitutes a U-shaped relationship. Similarly, column 6 shows

that the U-shape also applies to the relationship between funds’ ESG scores and VaR,

suggesting a worsening tail risk as the ESG score increases, but which bounces back upon
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reaching a certain ESG level.14

To better illustrate the results, we plot the predictive margins of the ESG’s impact

on both the risk-adjusted return and VaR. Figure 3.1 and Figure 3.2 depict these results,

and further confirm that the U-shaped relationship is significant.15 Our results, although

different from much of the literature measuring the sustainability-performance relation-

ship using a linear model, support the view of Barnett and Salomon (2006) by evidencing

a significant non-linear relationship.

Neoclassical finance theory suggests that ESG investing should be costly (Cortez

et al., 2009), mainly because an ethical portfolio should, technically, be a subset of the

market portfolio and thus, lack sufficient diversity. The theory also infers the potential

for additional costs in relation to the use of positive and negative screenings, which may

ultimately transfer to investors by way of higher management fees (Adler and Kritzman,

2008). For example, Bauer et al. (2005) find that the average expense ratio of ethical funds

is higher than that of conventional funds. Furthermore, implementing social responsibility

requires firms to strive for improved financial performance while considering their impact

on society. Thus, firms may have to make non-profit-driven investments to fulfil their

responsibilities on sustainability, which raises additional costs and potentially harms both

their returns and financial stability.

Compared with the immediate costs of sustainable investing, the associated compen-

sation does not come as rapidly. Although several studies show that firms with high levels

of social responsibility mostly outperform firms with low sustainability ratings (e.g., Jo
14By the setup of our factors, both return and risk are increasing measures (i.e. the higher, the better).

Thus, an increase in VaR means a decrease in risk.
15The figure shows that funds with medium ESG scores have the lowest fitted risk-adjusted returns

(around -2%) and VaR (-5.5% losses).
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and Na, 2012; Dimson et al., 2015; Edmans, 2011), any performance improvement may

come with a lag. During the initial stages of a firm’s CSR strategy implementation,

when the costs of sustainable investment tend to occur, firms receive hardly any financial

compensation. However, as the level of social responsibility reaches a turning point, the

economic benefits gradually offset the cost and eventually generate additional returns

(e.g., Wang et al., 2016; Derchi et al., 2020). Similarly, Barnett and Salomon (2006) ar-

gues that the diversification risk brought by mutual fund screening would only be offset

by the superior financial performance of sustainable equities after a certain point. In

sum, the increase in the economic benefit of sustainable investing is slower than the in-

crease of funds’ ESG level at the start of funds’ ESG strategy implementation, increasing

substantially after reaching a certain point. This explains the positive coefficient of the

squared ESG term.

For the sake of completeness, we examine the role of the control variables. We find a

positive impact from the expense ratio, R-squared, size, risk-free rate, GDP growth rate,

inflation and number of stock holdings, and a negative impact from fee, turnover ratio,

age and past volatility on funds risk-adjusted returns. When regressing the VaR, we find

that past volatility, the number of stock holdings, risk-free rate, and GDP growth rate

positively affect funds’ VaR, while R-squared, age, size, and inflation are shown to have

a negative impact.
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3.5.2 The impact of environment, social and governance pillars

on mutual fund performance

A firm’s overall ESG is essentially an average score of its individual E, S and G pillars.

There is evidence suggesting that each ESG pillar may have a different impact on firms’

performances. Therefore, to obtain a deeper understanding of the U-shaped relationship

between mutual funds’ sustainability scores and financial performance, we examine the

three components of the ESG score separately and test whether different pillars have

distinct impacts on funds’ performances.

Table 3.4 reports the results for funds’ E pillar in columns 1 and 2, and S score

in columns 3 and 4. Finally, columns 5 and 6 show the results using the G score. In

general, the results show a similar U-shaped impact of the E scores and S scores on fund

performance, which is consistent with the findings of the overall score. However, the

G pillar shows a different result (insignificant on return term and inverse U-shaped on

VaR term). We plot the predicted risk-adjusted returns and VaR values to understand

these results more comprehensively. The plots are shown in Figure 3.3 and Figure 3.4

and further confirm the regression results. It is worth noting that the inverse U-shaped

relationship between a fund’s G score and its VaR is a monotone increasing relationship

with a reduced slope, which highlights the importance of examining the predictive margins

rather than only considering the regression results. We argue that the difference in the

nature of each pillar changes the effect of sustainability on both the costs and benefits.

Recall that each of the ESG pillars relates to their exclusive areas of sustainable in-

vestment. The E pillar mainly looks at areas such as climate change, pollution, waste and
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other technologies that have the potential to improve the general environment, making it

the most capital-intensive pillar of the three. For example, Baier et al. (2018) shows that

the cost of one ton of reduction in CO2 is about 1,500 CHF, while the purchase price is

only about 50 Euro. The S pillar focuses on firms’ relationships with their shareholders,

stakeholders, and upstream/downstream industries. Similar to the environmental pillar,

enhancing a firm’s social score also requires capital investment. For example, human

capital can require significant time and money to develop or acquire, which may offset

the positive benefit (Crook et al., 2011). Thus, the cost-benefit trade-off can be applied

to both the E and S pillars and explains the consistent U-shaped relationship.

The G pillar reflects more internal company information, including board structure,

ownerships, accounting standards, transparency and ethics. Bhagat and Bolton (2008)

find that better governance is only positively related to operating performance (e.g.,

ROA (return on assets)) and not to stock market performance. In the meantime, there

is substantial evidence showing that better corporate governance (e.g., a board’s stock

ownership) can reduce a firm’s risk considerably (e.g., Bhagat and Bolton, 2019). For

instance, Giese et al. (2021) shows that firms with higher G scores can significantly reduce

their stocks’ drawdown. This is due to the fact that the G pillar is mainly related to firms’

incident risks and, thus, an improvement in the G pillar would instantly decrease a firm’s

risk level. Therefore, it is unsurprising that the G pillar shows a different cost-benefit

structure.
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3.5.3 The impact of EPU on the sustainability-performance re-

lationship

In this section, we examine the evolution of fund performance by studying whether the

adverse effects of uncertainty are transmitted to risk-adjusted return and VaR through

the level of sustainability.

Uncertainty effect on the ESG performance relationship

Table 3.5 reports our main findings. The first two rows show the effects of the ESG level

and the ESG squared term, and we find similar results to those reported in Table 3.3. The

EPU score negatively affects both the risk-adjusted return and VaR - see columns 1 (3)

and 2 (4) for the results, with or without control variables, suggesting a reduction in both

the return and VaR as the EPU score increases. Due to the setup of the measure, these

results indicate that mutual funds, in general, suffer from decreased returns and increased

risk as the level of uncertainty increases. The negative impact is consistent with the

findings in the existing literature, which mostly show that uncertainty is counter-cyclical

(Jurado et al., 2015), rising sharply during recessions and falling during economic booms.

We next focus on the interaction terms. The first two columns show the results of

the risk-adjusted return. They indicate a significant, positive impact of the level ESG

interaction term ESG×EPU and a negative squared ESG interaction term ESG2×EPU ,

which is opposite to the results of the ESG terms. To gain a deeper understanding of

the interrelationships between mutual fund performances, ESG and EPU levels, we plot

the predictive margins of risk-adjusted return with ESG and EPU, and this is shown
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in Figure 3.5. Combining the predicted surface and regression coefficients, we find the

relationship between a fund’s ESG score and risk-adjusted return flips from the U-shape to

an inverse U-shape, with the primary cause being the significant drop in the performance

of both extremely high and low ESG-scored funds.

The next two columns of Table 3.5 represent the results on VaR, and these show a

marginal positive impact (at the 10% significant level) on the ESG × EPU term and

an insignificant ESG2 × EPU term. Similarly, we plot the predictive margins with the

VaR, ESG and EPU levels to examine this result further. This is shown in Figure 3.6.

Examining the margin’s surface, we find that, as EPU increases, the predicted VaR of

low ESG-scored funds drops significantly, while high ESG-scored funds tend to have a

higher predicted VaR.

These findings are reasonable, as when mutual trust within the market is low (e.g., the

financial crisis), investors are inclined to place a valuation premium on firms with better

social capital and are willing to hold the stock/funds longer in the belief of eventual future

success (Lins et al., 2017). These additional premiums and loyalty contribute positively

to firms’/funds’ financial performances as 1) the financial benefit tends to outweigh the

social capital costs when the level of sustainability is lower, and 2) stocks/funds are less

likely to experience a sell-off, which translates into better returns and lower tail risk.

Empirical evidence of this is documented by several studies, including Nofsinger and

Varma (2014); Broadstock et al. (2021); Engelhardt et al. (2021).

Note that mutual funds’ performances tend to be positively related to their ability to

diversify (Hu et al., 2014). As funds’ ESG scores increase, the lack of diversification could

eventually harm the financial performance of mutual funds. This becomes increasingly
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significant as the level of uncertainty increases, damaging the performance. Furthermore,

although the benefit of sustainable investing can be realized at a relative lower sustain-

ability level, firms that chase higher ESG levels could face exponentially increasing costs,

which may further damage the potential financial compensation (Zhang et al., 2020).

This could lead to a drop in performance for the top ESG-scored funds. Consequently,

the overall relationship between mutual funds’ ESG scores and returns adopts an inverse

U-shape.

Uncertainty’s effect on the E, S and G sustainable pillars

As demonstrated in the previous section, the G pillar has been shown to have a distinct

impact on fund performance, compared with the E and S pillars and the overall score.

Having examined the effect of uncertainty on the relationship between the aggregated

ESG score and financial performance, we now consider its impact on the individual E, S

and G pillars. Table 3.6 shows the results.

The first two columns represent the results using the E score. We find that all EPU-

related terms are insignificant, suggesting no impact of EPU on how the environmental

score affects fund performance. Columns 3 and 4 show the results when using the S score.

While the effect on the risk-adjusted return is consistent with the result generated by the

overall ESG score, the impact on VaR flipped entirely. Figure 3.7 shows the predictive

margins of both relationships. The upper figure shows the consistent switch from U-

shape to inverse U-shape discovered in the previous section. However, the lower figure

indicates that a fund with a higher social score has a significantly lower tail risk when the

EPU is at its peak. This may be because firms’ social capital helps them build a solid
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relationship with their investors. Thus, during markets with poor economic conditions,

investors place more confidence in those firms, which reduces the level of sell-off and lower

tail risk.

The final two columns show the results using the G score. Again, we find a discrepancy

when comparing the results generated by the aggregated ESG scores. In relation to

returns, we find no impact at all of either the G score or EPU on funds’ risk-adjusted

returns. On VaR, the result indicates an inverse U-shaped relationship when the EPU is

low and a U-shape when the EPU is high. A possible explanation for this is that firms

with better corporate governance make riskier investments (John et al., 2008), which

could lead to significant price drops when the market conditions worsen and increase the

tail risk. Indeed, Erkens et al. (2012) find that firms with more independent boards and

higher levels of institutional ownership, these being commonly considered good corporate

governance behaviour, experience the worst stock returns during the financial crisis, with

the primary reason being the high-risk projects undertaken by those firms. Thus, when

combined with increasing diversification issues, funds’ governance scores could have a

negative impact on the tail risk.

3.6 Sustainability and fund flows

The performance-flow relationship is a topic that has been studied extensively within the

mutual fund literature, and it is mostly agreed that investors consider i) past winners

(Choi and Robertson, 2020) and ii) what others buy (herding) when making their own

investment decisions (Del Guercio and Tkac, 2002). In this chapter, we have shown

that funds’ ESG score has a significant U-shape impact that changes over the economic
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uncertainty on funds’ financial performance. Thus, investors are rational to value ESG

scores and adjust their investments accordingly. While studies have shown a weakened

flow-performance relationship for sustainable investors, it is not clear how fund flows are

directly affected by their sustainability ratings. In this section, we empirically study

whether investors value sustainable investing.

Table 3.7 reports the results. The first column shows that both past flows and perfor-

mances are positively correlated to fund flows, which is consistent with the vast majority

of the literature on the performance-flow relationship (e.g., Christie and Huang, 1995;

El Ghoul and Karoui, 2017). However, we find that both the ESG level and quadratic

terms have insignificant impacts on fund flow - see column 2. The impact remains insignif-

icant after adding the control variables, as reported in column 3. The results indicate that

investors do not adjust their investment decisions based on funds’ ESG levels (El Ghoul

and Karoui, 2017). A possible reason for this may be that different investors hold dif-

ferent views on sustainable investment. ESG-seeking investors are willing to accept the

additional cost and to invest in funds with higher ESG profiles (Renneboog et al., 2008b),

while others may see the additional cost as a burden and therefore avoid them, which,

on average, leads to a neutralised result.

Several authors have suggested that investors see sustainable funds as a risk buffer

(e.g., Parida and Wang, 2018; Pástor and Vorsatz, 2020). Thus, we test whether investors

behave differently towards sustainable investing under different market conditions. The

results are shown in the final two columns, where columns 4 and 5 represent the results

without and with control variables, respectively. Examining the effects, we find that the

positive impact of lagged risk-adjusted return and flow remains consistent, as observed in
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previous columns. In examining the remaining rows, we find a significant impact on all

ESG-related terms. The ESG level and squared terms are shown to have a positive and

negative impact on fund flow, respectively. Regarding the interaction terms, we identify

a flipped coefficient with a negative impact on ESG × EPU and a positive impact on

ESG2 × EPU . The significant and reversed sign indicates a change in the ESG-flow

relationship under different EPU levels. Finally, we find a positive effect of EPU on fund

flow.

Similar to our previous approach, we plot the flow-ESG-EPU surface to depict how

the relationship between mutual funds’ flow and sustainability changes across the EPU

index. The result is shown in Figure 3.9. Examining the figure, we first find that the

marginal flow, in general, increased as the EPU increased, suggesting that there is more

capital allocated to mutual funds within our sample, which explains the EPU term’s

positive effect.

We also discover that the change in the relationship reflects a polarisation effect of

investor behaviour as EPU increases. More specifically, when uncertainty is low, fund

flow increases as the ESG score rises to a certain point (around 58 based on our sample).

Following this, the fund flow decreases despite the fact that the ESG score continues to

grow. These results suggest that funds with average ESG scores attract more investors.

This is consistent with Renneboog et al. (2008b); Riedl and Smeets (2017) and Bauer

et al. (2021), who suggests that investors are aware of the price of ethics and are willing

to accept lower returns to achieve a higher sustainability level. Meanwhile, as ESG scores

increase, the diversification issue becomes more of a concern and may prevent investors

from investing in those funds. Note that a primary reason that investors opt for mutual
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funds over stock portfolios is that mutual funds offer an easier way to fully diversify an

investment portfolio (Bailey et al., 2011)

However, as a fund’s ESG score reaches the top tier, it becomes harder for managers

to satisfy the optimal diversification level fully. In fact, Statman (2004) demonstrates

that at least 300 stocks are needed in order to form a fully diversified portfolio based on

the current market. However, our data shows that, on average, only 23 stocks received an

ESG score higher than 70, which means that the available pool of universes has shrunk

dramatically for top ESG-scored funds.16 As the lack of an ability to diversify is directly

linked with poor performance and high risk (Pollet and Wilson, 2008), an investor would,

in general, avoid the top ESG-scored funds.17

As uncertainty increases, the net flow diverts into either a high or low level of sustain-

ability funds, which could be explained by the heterogeneous behaviour of different in-

vestors. Although sustainability-themed investment has begun to gain popularity among

investors, it is reasonable to assume that not all investors are incorporating this principle

into their investment decisions and/or are willing to pay for sustainability (Gutsche and

Ziegler, 2019). The top ESG-scored funds are likely to be subscribed by ESG investors

for two main reasons. On the ethical side, they consider a sustainable investment to be a

safer investment, which shows the “flight to quality” phenomenon as observed in the ex-

isting literature. For instance, Parida and Wang (2018) finds that top CSR funds attract

more investment during times of crisis compared with non-crisis periods. On the finan-
16Even if we relax our ESG level to 65, there are still only 154 firms, which covers around 15% of

the available US firms in the Sustainalytics database, on average each month, that satisfy the criterion.
Further, 50% of the firms receive an ESG score within the region between 46 and 55, with a median of
51.83.

17Note that this result seems contradicted to the findings by Hartzmark and Sussman (2019). However,
their study focus on examining the impact of a shock (the publication of the Morningstar sustainability
rating) on investors’ behaviour rather than an overview of investors’ behaviour across time.
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cial side, they also anticipate a higher return from top ESG firms due to the additional

valuation premium that these investors place upon such firms (Lins et al., 2019).

On the other hand, investors who focus less on sustainable investing may hold a

different viewpoint on ESG scores during periods of high uncertainty. The increasing

cost of sustainability (Zhang et al., 2020) and the need for diversification (Hu et al.,

2014) would make ESG products seem risker for this type of investor. Meanwhile, most

investors become more risk-averse during periods of the financial crisis (e.g., Guiso et al.,

2014, 2018), meaning they focus more on maintaining their current wealth level (low

risk) rather than seeking high investment returns.18 Thus, these investors would fear the

additional risk incurred by sustainable capital and have a preference for funds with lower

ESG levels during periods of economic turbulence. Combining the different behaviours

of different types of investors, it is reasonable that the overall impact of ESG scores on

funds’ net flows becomes a U-shape when the level of EPU is high.

3.7 Robustness

In this section, we check the robustness of our results in several ways. First, we replace

the US EPU index with the global index and nine-category uncertainty indices to test

whether our results are driven by global market uncertainty or any specific types of

luck rather than the aggregate US market uncertainty.19 The results are reported in

Table 3.8. Column 1 from the upper table shows the global index result, while the
18The behavioural portfolio theory by Shefrin and Statman (2000) also show that investors have various

levels of aspiration (goals) towards their portfolio construction, with the basic, lowest level being to avoid
poverty.

19All these uncertainty proxies are provided by the Economic Policy Uncertainty website. Note that
the aggregated US EPU index we use in the main analysis consists of several categories.

113

https://www.policyuncertainty.com


remaining columns show the result using the categorical EPU index. The results mostly

align with our previous findings using the aggregated US EPU index, except for the Taxes

and National Security categories.

Second, we test whether our analysis is robust to the extreme returns. We calculate

the top and bottom 1% quantile of the cross-section fund risk-adjusted returns and drop

funds with extremely large or small risk-adjusted returns for each month. The results are

reported in Table 3.9. We use Equation 3.2 to examine the robustness of all the dependent

variables tested in this chapter and find the result to be consistent in all columns.

Finally, we test an alternative model specification by using the ESG score of the top

ten most heavily weighted stock holdings of each mutual fund to measure the sustain-

ability of mutual funds. While the full stock holdings of a mutual fund are only available

for a limited time, the top ten stocks with the highest investment levels are usually listed

in the mutual fund factsheets, which are easier for retail investors to access. Table 3.10

presents the results. We continue to find results consistent with our previous findings,

suggesting that the top ten holdings are representative of the holdings as a whole. This

indicates that our results can also be applied to investors without access to full holdings,

which further extends the scope of our study.

3.8 Conclusion

In this chapter, we contribute to the mutual fund literature over concerns about whether

sustainability-themed funds offer investors a win-win opportunity to do well while doing

good. We further test how economic uncertainty affects the sustainability-performance

relationship. By constructing funds’ ESG scores based on their stock holdings, we are able
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to establish the sustainability level of all actively managed US domestic equity mutual

funds, regardless of whether or not they have been labelled as being sustainable mutual

funds.

Our results reveal a significant U-shaped relationship between mutual funds’ risk-

adjusted returns and ESG scores after controlling for various factors. These results show

that sustainable investing can only be profitable after reaching a certain level of sustain-

ability. Further, we test how uncertainty affects the sustainability-performance relation-

ship. Our results show that the U-shaped relationship between ESG and performance

still exists under different levels of EPU. However, as EPU increases, the U-shaped rela-

tionship between funds’ ESG scores and the risk-adjusted returns turns into an inverse

U-shaped relationship. At the same time, the impact on VaR does not change. To gain a

deeper understanding of how ESG impacts fund performance, we examine the individual

impact of the three ESG pillars on fund performance and find distinctive results from all

three pillars. This highlights the importance of studying the individual ESG pillars.

Finally, by testing investor behaviour towards socially responsible funds, we find that

investors hold distinct beliefs on sustainable investment depending on market conditions.

When the level of uncertainty is low, investors tend to choose funds with middling ESG

scores. As uncertainty increases, the relationship gradually switches to an upward U-

shape, indicating that investors become more “extreme” regarding socially responsible

investments when uncertainty is high. The ESG investors would prefer funds with high

sustainability ratings, which other investors in the market would avoid. A wide range of

robustness checks confirms our results.
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Table 3.1: Variable description

Description Resource
risk-adjusted return Regression alpha from Carhart 4-factor model. CRSP
VaR Modified 95% value at risk. Calculated
Flow The amount of net capital investment in or drop

out from the fund. Calculated as: FLOWi,t =
TNAi,t − TNAi,t−1 × (1 + ri,t−1)

TNAi,t−1

Calculated

ESG scores The ESG score is calculated as the weighted av-
erage of the ESG scores of the subscribed firms.
ESGi = ∑N

n−1 wi × ESGi, where ESGi is the
ESG scores of holding firms and wi is the asso-
ciated weight. The weighted average ESG score
is then standardised by dividing it by the sum
of weights.

Sustainalytics

ESG weight The percentage of assets that is allocated to
firms with ESG score.

Sustainalytics

Size Total net assets of fund after combined share
classes, log transformed.

CRSP

Fund age Age since first offer date. CRSP
r2 r2 from Carhart 4-factor regression. Calculated
Annual volatility Return standard deviation for the past year. Calculated
Expense ratio Ratio of total net assets that shareholders pay

for the fund’s buying and selling fees.
CRSP

Turnover ratio Minimum of aggregated sales or aggregated
purchases of securities, divided by the average
12-month total net assets of the fund.

CRSP

Number of holdings The number of stocks held by each mutual fund. Calculated
EPU US economic policy uncertainty. Downloaded

from https://www.policyuncertainty.com/.
Online
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Table 3.2: Summary statistics

The table presents descriptive statistics for our sample of socially responsible mutual funds
from 2010 2017. In particular, it reports the number of observation, mean, standard deviations,
minimum and maximum of the main factors we used.

Variables N Mean SD Min Max
risk-adjusted return 80,368 -0.0127 0.158 -4.319 1.310

VaR 80,368 -5.140 2.330 -17.620 -0.005
Flow 80,368 -0.0047 0.0254 -0.1424 0.1534

Total ESG 80,368 58.69 3.637 45.99 71.50
Environmental ESG 80,368 57.04 6.000 22.19 113.8

Social ESG 80,368 56.93 3.959 24.97 116.8
Governance ESG 80,368 64.30 1.954 29.29 122.6

EPU 80,368 138.3 44.93 63.88 283.7
log(TNA) 80,368 5.940 1.777 -0.223 12.03

Expense ratio 80,368 0.0275 0.135 0.0012 1.260
Turnover ratio 80,368 2.121 13.78 0.01 224.7
Management fee 80,368 0.447 0.364 0.0373 1.980

R-squared 80,368 0.937 0.138 0.0012 2.231
Fund age 80,368 16.79 13.51 0.0833 92.83

Past volatility 80,368 0.0382 0.0138 0.0067 0.117
No. of holdings 80,368 109.7 123.4 11 3,114
Risk-free rate 80,368 0.134 0.171 0.0100 0.890

∆GDP 80,368 0.313 0.152 0.0386 0.629
Inflation rate 80,368 0.140 0.207 -0.607 0.581
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Table 3.3: The non-linear relationship between mutual funds’ sustainability and financial performance

The table reports the results for the relationship between funds’ ESG scores and financial per-
formance. All models include an unreported time (year) dummy.

Variables risk-adj. return VaR
ESG -2.629*** -2.946*** -2.978*** -0.609*** -0.698*** -0.693***

(0.532) (0.555) (0.554) (0.126) (0.109) (0.108)
ESG2 0.0214*** 0.0242*** 0.0246*** 0.00490*** 0.00568*** 0.00562***

(0.00441) (0.00461) (0.00460) (0.00107) (0.000922) (0.000916)
mgf -0.685* -0.814** 0.0184 0.0729

(0.401) (0.401) (0.0715) (0.0710)
exp 5.758*** 5.748*** -0.228 -0.211

(0.819) (0.725) (0.303) (0.258)
tov -0.00855 -0.0133 -0.00346* -0.00288

(0.0183) (0.0178) (0.00203) (0.00194)
r2 1.139*** 1.438*** -2.501*** -2.583***

(0.431) (0.434) (0.160) (0.161)
fage -0.687*** -0.690*** -0.620*** -0.795***

(0.0726) (0.108) (0.0138) (0.0154)
pvol -139.8*** -145.6*** 95.14*** 96.80***

(8.065) (8.226) (2.495) (2.522)
log(TNA) 0.199 0.119 -0.131*** -0.119***

(0.148) (0.147) (0.0292) (0.0291)
holdingsno 0.00162** 0.00164** 0.000129 0.000126

(0.000722) (0.000721) (0.000191) (0.000187)
rf 1.464* 1.823***

(0.807) (0.0527)
gdp 1.609*** 0.376***

(0.299) (0.0248)
inf 4.179*** -1.141***

(0.312) (0.0182)
Constant 80.00*** 102.7*** 102.2*** -9.778*** -5.979* -3.631

(15.96) (16.42) (16.36) (3.714) (3.192) (3.176)
R-squared 0.031 0.038 0.041 0.652 0.760 0.772
Time FE Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than
0.1
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Table 3.4: The non-linear relationship between mutual funds’ sustainability pillars and financial performance

The table reports the results for the relationship between funds’ individual E, S and G scores and financial performance. The
following fund characteristics and macroeconomic variables are used as control variables but not listed due to space reasons:
turnover ratio, expense ratio, management fee, R-squared, fund age, past volatility, log(TNA), number of holdings, GDP
growth rate, risk-free rate and inflation rate. All models include an unreported time (year) dummy.

ESG Pillar Environmental Social Governance
Variables Risk-adj. return VaR Risk-adj. return VaR Risk-adj. return VaR
ESG -1.187*** -0.184*** -1.017*** -0.122*** -0.371 0.161***

(0.220) (0.0377) (0.315) (0.0436) (0.251) (0.0425)
ESG2 0.00936*** 0.00151*** 0.00843*** 0.000852** 0.00299 -0.00111***

(0.00187) (0.000332) (0.00271) (0.000371) (0.00182) (0.000328)
Constant 48.45*** -11.71*** 43.62*** -13.18*** 25.87*** -22.65***

(6.433) (1.121) (9.045) (1.306) (8.964) (1.460)
R-squared 0.041 0.771 0.041 0.771 0.041 0.771

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1
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Table 3.5: The impact of uncertainty on the sustainability performance relationship

The table reports the effect of EPU on socially responsible mutual fund risk-adjusted returns and modified VaR. All the
control variables we use are the same as those used in the previous tables, including turnover ratio, expense ratio, management
fee, R-squared, fund age, past volatility, log(TNA), number of holdings, GDP growth rate, risk-free rate and inflation rate.

Variables risk-adj. return VaR
ESG -9.083*** -8.382*** -1.463*** -1.210***

(1.191) (1.161) (0.208) (0.177)
ESG2 0.0764*** 0.0707*** 0.0113*** 0.00920***

(0.0101) (0.00985) (0.00176) (0.00150)
EPU -1.287*** -1.081*** -0.127*** -0.0624***

(0.242) (0.239) (0.0255) (0.0219)
ESG× EPU 0.0443*** 0.0373*** 0.00351*** 0.00132*

(0.00836) (0.00826) (0.000877) (0.000750)
ESG2 × EPU -0.000380*** -0.000320*** -2.41e-05*** -5.52e-06

(7.21e-05) (7.12e-05) (7.52e-06) (6.40e-06)
mgf -0.820** -0.0558

(0.403) (0.0708)
exp 5.809*** 0.178

(0.732) (0.275)
tov -0.0140 0.00291

(0.0178) (0.00179)
r2 1.411*** 2.593***

(0.434) (0.161)
fage -0.658*** 0.821***

(0.109) (0.0154)
pvol -144.9*** -96.31***

(8.198) (2.503)
log(TNA) 0.109 0.0976***

(0.147) (0.0287)
holdingsno 0.00165** -0.000119

(0.000715) (0.000184)
rf 1.263 -1.932***

(0.804) (0.0537)
gdp 1.547*** -0.377***

(0.299) (0.0251)
inf 4.153*** 1.184***

(0.316) (0.0182)
Constant 268.3*** 259.3*** 38.33*** 22.02***

(35.02) (34.03) (6.102) (5.184)
R-squared 0.032 0.042 0.660 0.779
Controls No Yes No Yes
Fund FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1
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Table 3.6: The impact of uncertainty on different E, S and G sustainable pillars

The table reports the effect of EPU on the relationship between mutual funds’ performance and three individual pillars (namely, E, S and G) of
funds’ sustainability. All the control variables we use are the same as those used in the previous tables, including turnover ratio, expense ratio,
management fee, R-squared, fund age, past volatility, log(TNA), number of holdings, GDP growth rate, risk-free rate and inflation rate.

ESG coverage Environmental Social Governance
Variables Risk-adj. return VaR Risk-adj. return VaR Risk-adj. return VaR
ESG -1.833*** -0.261*** -3.837*** 0.167** 1.471 0.895***

(0.465) (0.0796) (0.980) (0.0733) (2.764) (0.184)
ESG2 0.0143*** 0.00166** 0.0351*** -0.00229*** -0.00963 -0.00666***

(0.00407) (0.000703) (0.00869) (0.000632) (0.0214) (0.00144)
EPU -0.123 -0.0104 -0.712*** 0.0746*** 0.609 0.222***

(0.0866) (0.0105) (0.199) (0.0166) (0.921) (0.0554)
ESG× EPU 0.00376 -0.000170 0.0270*** -0.00332*** -0.0173 -0.00698***

(0.00312) (0.000376) (0.00714) (0.000593) (0.0286) (0.00173)
ESG2 × EPU -2.79e-05 4.81e-06 -0.000253*** 3.39e-05*** 0.000121 5.38e-05***

(2.78e-05) (3.33e-06) (6.38e-05) (5.28e-06) (0.000222) (1.36e-05)
Constant 69.04*** -7.436*** 117.1*** -18.86*** -40.60 -46.36***

(13.16) (2.260) (27.56) (2.115) (89.38) (5.900)
R-squared 0.042 0.779 0.042 0.778 0.041 0.776

Number of portno 1,253 1,253 1,253 1,253 1,253 1,253
Controls Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1

121



Table 3.7: The non-linear relationship between mutual funds’ sustainability and flow

The table reports the effect of sustainability on mutual funds’ flow. Mutual fund flows are calculated by
FLOWi,t = (TNAi,t − TNAi,t−1 × (1 + ri,t−1))/TNAi,t−1. We include the past flow and past performance
factors prior to the ESG factor to make sure our model returns credible results. The control variables used
in Columns 3 and 5 are: turnover ratio, expense ratio, management fee, R-squared, fund age, past volatility,
log(TNA), number of holdings, GDP growth rate, risk-free rate and inflation rate. Time-fixed effect is included
in all regression models.

Variables flowt

alphat−1 0.400*** 0.399*** 0.365*** 0.414*** 0.380***
(0.0675) (0.0674) (0.0678) (0.0677) (0.0682)

flowt−1 26.42*** 26.42*** 26.28*** 26.43*** 26.29***
(1.115) (1.115) (1.115) (1.115) (1.115)

ESG -0.0249 -0.0330 0.605** 0.606**
(0.154) (0.151) (0.244) (0.242)

ESG2 0.000133 0.000205 -0.00520** -0.00521**
(0.00130) (0.00128) (0.00207) (0.00205)

EPU 0.124*** 0.126***
(0.0362) (0.0360)

ESG× EPU -0.00421*** -0.00428***
(0.00126) (0.00125)

ESG2 × EPU 3.59e-05*** 3.65e-05***
(1.09e-05) (1.08e-05)

Constant 0.0891 1.055 2.802 -17.52** -15.99**
(0.0583) (4.554) (4.470) (7.190) (7.097)

R-squared 0.082 0.082 0.083 0.082 0.083
Controls No No Yes No Yes
Fund FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1
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Table 3.8: Robustness check on other uncertainty measure

The table reports the robustness check by using differnet uncertainty measures. We redo our analysis by using a
wide range of alternative overall or category uncertainty measures provided by the Economic Policy Uncertainty
website. We test the robustness of our uncertainty measures using the aggregate global uncertainty index and a
wide range of categorical uncertainty measures, including fiscal policy, taxes, government spending (GS), health
care (HC), national security (NS), entitlement programs, regulation, financial regulation (FR) and sovereign debt
currency crises (SD). All regression models include control variables, time fixed-effect and fund-fixed effect.

Variables Risk-adj.return

EPU type Global Category
Fiscal Taxes GS HC

ESG -0.112*** -0.0781*** -0.0148 -0.0476*** -0.0267*
(0.0192) (0.0142) (0.0159) (0.0117) (0.0143)

ESG2 0.000913*** 0.000660*** 0.000164 0.000410*** 0.000247**
(0.000162) (0.000118) (0.000132) (9.59e-05) (0.000118)

EPUt−1 -0.0194*** -0.0191*** -0.00545* -0.00655*** -0.00310*
(0.00404) (0.00450) (0.00300) (0.00151) (0.00178)

ESG× EPUt−1 0.000638*** 0.000652*** 0.000231** 0.000233*** 0.000121**
(0.000137) (0.000155) (0.000103) (5.22e-05) (6.07e-05)

ESG2 × EPUt−1 -5.18e-06*** -5.49e-06*** -2.31e-06*** -2.06e-06*** -1.15e-06**
(1.16e-06) (1.33e-06) (8.80e-07) (4.49e-07) (5.17e-07)

Constant 3.977*** 2.929*** 0.812* 1.929*** 1.266***
(0.565) (0.426) (0.482) (0.356) (0.432)

R-squared 0.026 0.026 0.029 0.025 0.025
Number of funds 1,262 1,262 1,262 1,262 1,262

EPU type Category
NS Entitlement Regulation FR SD

ESG -0.00823 -0.0346*** -0.0392** -0.0329*** -0.0500***
(0.0168) (0.0130) (0.0192) (0.00967) (0.0108)

ESG2 0.000107 0.000315*** 0.000373** 0.000274*** 0.000425***
(0.000139) (0.000107) (0.000161) (8.00e-05) (8.91e-05)

EPUt−1 0.00138 -0.00574*** -0.00691* -0.00363** -0.00486***
(0.00645) (0.00193) (0.00370) (0.00175) (0.00107)

ESG× EPUt−1 3.51e-05 0.000215*** 0.000286** 0.000115* 0.000169***
(0.000219) (6.65e-05) (0.000127) (5.92e-05) (3.69e-05)

ESG2 × EPUt−1 -9.01e-07 -1.99e-06*** -2.78e-06** -8.95e-07* -1.46e-06***
(1.85e-06) (5.71e-07) (1.10e-06) (4.99e-07) (3.18e-07)

Constant 0.674 1.490*** 1.514*** 1.552*** 2.010***
(0.506) (0.394) (0.574) (0.298) (0.332)

R-squared 0.028 0.026 0.030 0.025 0.025
Number of funds 1,262 1,262 1,262 1,262 1,262

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1
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Table 3.9: Robustness check on extreme value

The table report the robustness check by trimming the top and bottom 1% fund risk-adjusted return.

Variables Risk-adj.return VaR Flow
ESG -0.0906*** 0.0141*** 0.0190**

(0.0163) (0.00267) (0.00738)
ESG2 0.000769*** -0.000108*** -0.000159**

(0.000137) (2.24e-05) (6.26e-05)
EPUt−1 -0.0134*** 0.000602* 0.00342**

(0.00328) (0.000313) (0.00146)
ESG× EPUt−1 0.000460*** -1.31e-05 -0.000119**

(0.000113) (1.06e-05) (5.05e-05)
ESG2 × EPUt−1 -3.92e-06*** 6.01e-08 1.03e-06**

(9.66e-07) (9.01e-08) (4.36e-07)
exp 0.569 -0.0821 1.239**

(0.814) (0.143) (0.551)
tov 0.00503** 0.000348 0.000233

(0.00255) (0.000419) (0.00175)
mgf -0.00783 0.00104 -0.0218***

(0.0130) (0.00242) (0.00730)
r2 0.00624 -0.0283*** -0.00391

(0.00748) (0.00197) (0.00578)
fage -0.0303*** -0.00897*** -0.00806***

(0.00334) (0.000301) (0.00116)
pvol -1.671*** 1.217*** -0.102**

(0.133) (0.0418) (0.0516)
logtna -0.00196 -5.52e-05 0.0110***

(0.00199) (0.000423) (0.00209)
holdingsno 3.61e-05*** 9.21e-07 -1.83e-05*

(1.19e-05) (3.63e-06) (1.11e-05)
rf 0.0175* 0.0250*** 0.00824

(0.0106) (0.000629) (0.00555)
gdp 0.00292 0.00306*** -0.00357*

(0.00371) (0.000270) (0.00190)
inf 0.0425*** -0.0110*** 0.000417

(0.00432) (0.000232) (0.00133)
Constant 3.209*** -0.263*** -0.491**

(0.484) (0.0778) (0.220)
Observations 77,523 77,523 77,523
R-squared 0.028 0.790 0.011

Number of funds 1,262 1,262 1,262
Time FE Yes Yes Yes
Fund FE Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1

124



Table 3.10: Robustness check on top 10 stock holdings

The table reports the robustness check using the top ten holdings of each mutual fund. That is, for each fund,
we only select the top ten mostly weighted stock holdings reported by mutual funds.

Variables Risk-adj.return VaR Flow
ESG -0.0323*** 0.00287** 0.00608*

(0.00934) (0.00114) (0.00360)
ESG2 0.000273*** -1.91e-05** -5.25e-05*

(7.76e-05) (9.42e-06) (3.04e-05)
EPUt−1 -0.00332* -4.89e-07 0.00111

(0.00182) (0.000176) (0.000718)
ESG× EPUt−1 0.000118* 4.64e-06 -3.96e-05

(6.12e-05) (5.90e-06) (2.47e-05)
ESG2 × EPUt−1 -1.00e-06* -6.59e-08 3.51e-07*

(5.13e-07) (4.92e-08) (2.10e-07)
exp 0.506 -0.106 1.244**

(0.816) (0.140) (0.551)
tov 0.00494* 0.000234 0.000184

(0.00256) (0.000408) (0.00175)
mgf -0.00814 0.00144 -0.0219***

(0.0132) (0.00244) (0.00727)
r2 0.00682 -0.0289*** -0.00400

(0.00748) (0.00196) (0.00578)
fage -0.0310*** -0.00858*** -0.00774***

(0.00331) (0.000295) (0.00114)
pvol -1.674*** 1.224*** -0.0958*

(0.133) (0.0421) (0.0515)
logtna -0.00177 -4.93e-05 0.0109***

(0.00202) (0.000433) (0.00208)
holdingsno 3.52e-05*** 1.22e-06 -1.90e-05*

(1.18e-05) (3.38e-06) (1.12e-05)
rf 0.0200* 0.0234*** 0.00673

(0.0104) (0.000584) (0.00552)
gdp 0.00335 0.00332*** -0.00343*

(0.00369) (0.000266) (0.00189)
inf 0.0425*** -0.0112*** 0.000226

(0.00434) (0.000231) (0.00133)
Constant 1.511*** 0.0782** -0.106

(0.285) (0.0346) (0.110)
Observations 37,803 37,796 37,803
R-squared 0.028 0.787 0.010

Number of funds 1,262 1,262 1,262
Time FE Yes Yes Yes
Fund FE Yes Yes Yes

∗∗∗ statistical significance less than 0.01 ∗∗ statistical significance less than 0.05 ∗ statistical significance less than 0.1
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Figure 3.1: Predictive margins of mutual fund return with ESG score

Notes: This figure show the predictive margins of risk-adjusted return in different ESG level.
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Figure 3.2: Predictive margins of mutual fund VaR with ESG score

Notes: This figure show the predictive margins of VaR in different ESG level.
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Figure 3.3: Predicted risk-adj. return of E, S and G scores

Notes: This figure show the predictive margins of risk-adjusted return in separate E, S and G pillars.

Figure 3.4: Predicted VaR of E, S and G scores

Notes: This figure show the predictive margins of VaR in separate E, S and G pillars.
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Figure 3.5: Predictive margins of mutual fund risk-adjusted return with ESG score and Lagged EPU

Notes: This figure show the predictive three-dimentional ESG, EPU and risk-adjusted return surface.

129



Figure 3.6: Predictive margins of mutual fund risk-adjusted return with ESG score and Lagged EPU

Notes: This figure show the predictive three-dimentional ESG, EPU and VaR surface.
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Figure 3.7: Predictive margins with Social score

Notes: This figure show the predictive margin of risk-adjusted return and VaR in S score under different EPU levels.
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Figure 3.8: Predictive margins with Governance score

Notes: This figure show the predictive margin of risk-adjusted return and VaR in G score under different EPU levels.
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Figure 3.9: Predicted mutual fund net flow with ESG score under different EPU level

Notes: This figure show the predictive ESG, EPU and fund flow surface.
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4 | Can data envelopment analysis

predict future mutual fund re-

turns?

4.1 Abstract

This chapter examines whether the data envelopment analysis (DEA) can be used as

a tool in evaluating mutual fund performance as well as constructing future winning

investment portfolios. We first show that high DEA-scored mutual funds generate a

significantly higher subsequent return and outperform the low DEA-scored funds when

packed in decile portfolios. We further propose the DEA-momentum strategy and docu-

ment superior performance across holding periods and asset classes. Our results indicate

a strong economic value of the DEA efficiency score in predicting future mutual fund

performances and generating investment plans.
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4.2 Introduction

Identifying future winning investment assets has always been the top priority among all

market participants and academic researchers. The task becomes more difficult in the

mutual fund sector as the number of funds available to investors has exceeded 7,000 in

recent years. Today, even if an investor selects a specific fund style, they may still be faced

with choosing between hundreds of funds with similar investment objectives.1 In an effort

to choose the correct one, current investors primarily invest with the simple hope that

the ex-post factors that contribute positively to fund return, for example, the fund return

itself, will hold true in ex-ante scenarios. Choi and Robertson (2020) demonstrate that

around half of the mutual fund investors believe that current market winners represent

better stock-picking skills and that they are likely to generate higher expected future

returns. However, studies have also questioned the effectiveness of such signals in that

they may not work under certain market conditions (Daniel and Moskowitz, 2016), with

inappropriate investment horizons, or only with minimal economic values (Blake and

Morey, 2000). Thus, investors need an evaluation framework to assist them with the

investment decision-making process.

An alternative performance evaluation method employed by the literature is the data

envelopment analysis (DEA). Compared with the traditional factor approach, DEA is a

non-parametric approach that has been designed to assess the relative performance of a

set of decision-making units (DMU)s using multiple inputs and outputs. Since Murthi

et al. (1997), several studies have used DEA to evaluate mutual fund efficiency ratings.2

1For example, our data shows that there are well over 600 US domestic mutual funds focused on
growth stocks alone.

2Example studies including Basso and Funari (2016); Galagedera et al. (2016); Goel and Mani (2018);
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Meanwhile, most of those studies focus on applying innovative DEA models and little

address whether DEA scores can be used to forecast future investment performance.

Motivated by this significant gap, we examine the value of DEA score in mutual fund

performance prediction and portfolio construction. We calculate the mutual fund’s DEA

score using a network DEA model following Galagedera et al. (2018) for US equity mutual

fund dated from 2010 to 2017.

First, we use a panel fixed-effect regression model to examine the impact of DEA score

on subsequent fund performance and identify a significant positive effect, which remains

significant after controlling a wide range of well-used fund specific and macroeconomic

factors. We further employ an instrumental variable model to eliminate the possibility

that the issue is caused by any endogeneity of the DEA score itself. These results ex-

tend the current literature (e.g., Rubio et al., 2018; Solórzano-Taborga et al., 2020) that

DEA scores positively explain fund returns within a contemporaneous environment to

intertemporal settings, which indicate a strong predictability power of funds’ DEA score

on subsequent performance. Past studies have shown that future fund return is heavily

influenced by fund characteristics, including but not limited to past return, volatility,

size, fee and turnover ratio Agnesens (2013). In this context, the DEA model can be seen

as an algorithm looking to construct a “best practice” frontier, with funds that do better

in minimizing the negative impact while maximizing the positive impact and achieving

higher DEA scores. Hence, the return of funds with a high DEA score ought to have a

higher return in the future.

To ensure that this positive impact of DEA score on future fund performance leads to

Galagedera et al. (2018); Galagedera (2019); Lin and Li (2020); Lin and Liu (2021).
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an implementable investment strategy for general investors, we construct buy-and-hold

decile mutual fund portfolios and examine the cumulative performance of the top and

bottom decile portfolios over our examination period. Our results confirm that a high

DEA-scored fund portfolio generates a better performance than a low DEA-scored port-

folio and the S&P 500 market index, in terms of a wide range of performance measures,

including the net return, risk-adjusted return and standard deviation. These results sug-

gest that DEA scores can be used as a classifier in constructing mutual fund portfolios.

Nevertheless, the strategy only generates a similar performance compared with the tra-

ditional, much simpler momentum strategy (Jegadeesh and Titman, 1993), which casts

doubt on the effectiveness of a DEA investment strategy.

As we have discussed above, DEA is a more comprehensive measure than past returns

as it considers a wide range of performance-related factors (Galagedera et al., 2018). To

this end, past winners selected from efficient funds should display better quality than

past winners from the universe as it should rule out funds that outperform because of

high volatility or high turnover ratio. Thus, we propose the strategy that buys the

most efficient past winners, which we termed the DEA-momentum strategy, based on the

theory that it can select past winners of better quality and improve performance. Indeed,

by implementing similar trading rules, we show that the DEA-momentum strategy can

outperform the traditional momentum strategy by a large margin in terms of both net

returns (25% per quarter) and the risk-adjusted returns. We further divide our data

into retail and institutional share classes, re-examine our DEA-momentum strategy’s

performance and document consistent outperformance for the DEA-momentum portfolio

in both share classes.
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Some readers might question that the DEA-momentum method would pick out high

performing funds with low past volatility, which overlaps the well-known volatility-momentum

strategy that buys the best past performers with the lowest past volatility. To eliminate

this possibility and further improve the value of the DEA-momentum strategy, we redo

our analysis using a wide range of performance indicators and combinations, including

contrarian, momentum-volatility, CAPM alpha, Sharpe ratio, Treynor ratio, 52 weeks

high and the Morningstar ratings. We find that none of these alternative signals can

yield better overall performance than our proposed DEA-momentum strategy. Lastly,

benefitting from the comprehensiveness of the DEA score, we find the DEA-momentum

portfolio to produce outstanding performance in long holding period scenarios,3 which

was a significant drawback of the traditional momentum strategy.4

We conduct a wide range of robustness checks to ensure specific research setups are

not causing our results. First, we adjust the method used to calculate the performance

of mutual funds to ensure that the use of net fund return does not cause our result.

Second, we examine whether our results are driven by funds with specific characteristics

by redoing our analysis using sub-samples based on fund investment objectives, family

size and management structure. Lastly, we check the robustness of our network DEA

model by 1) using unequal weighting when calculating the overall score, 2) using different

input/output specifications, 3) using alternative DEA models and 4) using additional

non-parametric type models. These tests further confirm and extend the value of our

investigation.
3From two to eight quarters.
4Despite being one of the most well-known and applied investment strategies, literature mainly docu-

ments return momentum in the short term (e.g., Jegadeesh and Titman, 1993, 2001; Asness et al., 2013;
Bianchi et al., 2015).
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The chapter is organised as follows: Section 3 presents a review of the related lit-

erature, Section 4 presents the data and models used in our investigation, and Section

5 provides the empirical results. Section 6 reports the robustness of our analysis, and

Section 7 concludes the chapter.

4.3 Literature review

Our study relates to several areas of earlier work, including the use of DEA scores in

mutual fund performance analyses, the pricing ability of the DEA efficiency score, and

the investment strategies for equity mutual funds. In this section, we highlight the central

studies that have been conducted on these topics.

4.3.1 Mutual fund efficiency analysis

In recent decades, a large number of studies have examined the efficiency score of DEA us-

ing several models and different inputs, outputs.5 In general, studies can be divided using

two criteria: 1) does it incorporate fund characteristics factors or stay within performance-

related factors? And 2) does it treat mutual fund management as a “black box” (i.e., a

single-stage model) or a multi-stage model? Here we highlight some of the key studies

from each category.

The majority of the studies follow a “black box” model with fund characteristics fac-

tors. For instance, Murthi et al. (1997) is the first to use DEA to evaluate the relative

performances of mutual funds. They apply a standard CCR DEA model (Charnes et al.,

1978) using expense ratio and load fee as the inputs, with turnover ratio, standard devi-
5Examples of some main studies can be found in Table 4.13.
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ation and fund return as the outputs. Andreu et al. (2019) examine the efficiency of fund

managers using a slacks-based DEA model. Their inputs include the portfolio turnover,

education experience, annual volatility and co-variance of the funds managed, with out-

puts including the annual gross return and total assets under management. Some studies

use the market beta from the capital asset pricing model as one of the factors Chang

(2004) utilize a DEA model with minimum convex that examines the efficiency of funds

using inputs (e.g., beta, standard deviation and assets) to produce the output (return).

Their results show that funds with lower beta and smaller assets are more efficient than

others.

Meanwhile, some studies continue to focus on the traditional risk/reward measurement

but incorporate higher dimensions into the model. Chen and Lin (2006) evaluate mutual

fund efficiency using a standard DEA model with VaR and conditional value at risk

(CVaR) as inputs and returns as outputs and argue that VaR and CVaR could better

describe the risk than other risk measures. Kumar et al. (2010) analyse hedge fund

efficiency with a wide range of inputs (e.g., standard deviation, drawdown, standard

deviation of drawdown, VaR, CVaR and modified VaR) and outputs (e.g., arithmetic

and geometric excess returns and skewness).

Further, some studies claim that, as mutual fund operations can be relatively complex,

a one-stage model that treats the overall operation process as a “black box” may not

be appropriate. Instead, they use a multi-stage network model in evaluating mutual

fund efficiencies, which provides fund managers and investors with information on how

a fund performs relative to their peers in several aspects of the management process

(Premachandra et al., 2012). Galagedera (2019) examine mutual fund efficiency using
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a two-stage network DEA model that divides the overall management process into an

operational stage and a portfolio stage. The first stage incorporates factors that focus

on a fund’s efficiency in using available resources (e.g., turnover ratio, management fee

and fund size) to generate assets and other benefit payments, while the second stage

focuses on how well funds generate returns using assets under a certain risk level. More

importantly, by calculating the rank correlation, they show that the correlation between

the first and second stages is only 0.328, suggesting a weak relationship between each

stage and, thus, highlighting the necessity of dividing the overall management process

into steps. Further, Galagedera et al. (2018) proposes a three-stage network DEA model

that includes an additional resource management process, which is originally calculated

in the operational stage. The majority of the results from these multi-stage DEA models

find low connections between each sub-stage, which convince us of the value of using

multi-stage network models.

4.3.2 DEA and performance assessment

While many efforts have been made to calculate the efficiency scores of mutual funds,

most of them use this as a platform for testing new DEA models. Thus, the implication

of these DEA scores is largely ignored.

Studies examining the performance of funds’ DEA scores mostly focus on comparing

it with the traditional factors. McMullen and Strong (1998) analyse 135 equity funds

and show that DEA scores could be used as an alternative technique for selecting and

screening mutual fund portfolios. Similarly, Anderson et al. (2004) also show that DEA

methodology is a robust performance measurement that can be treated as an alternative
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to the traditional measures. Meanwhile, studies find mixed results on the relationship

between funds’ DEA scores and other performance measures. For instance, the correlation

between a fund’s DEA score and the Sharpe ratio varies from as high as 0.827 (Galagedera,

2019) to 0.280 (Murthi et al., 1997).

Less attention has been paid to investigating the impact of DEA scores on fund

performance. Rubio et al. (2018), for example, find a significant positive relationship

between mutual fund performance and DEA scores. They also show that the current

factor loading of DEA scores could predict the future fund return, indicating the return

predictability of mutual funds. However, the study had several issues. First, the inputs

and outputs for the DEA model only include return and risk factors. Therefore, they still

belong to the traditional mean-variance framework and did not include any additional

factors. The contemporaneous style of the analysis also does not establish whether the

current DEA score impacts the subsequent fund performance, which is what our study

aims to confirm within this chapter.

In another similar effort, Zhou et al. (2018) show that DEA could be used to construct

better benchmarks. By designing a new three-step algorithm, they find that a combi-

nation of efficient mutual funds can be even more efficient and closer to the theoretical

mean-variance frontier. Their study, from another angle, indicates that DEA-based fund

portfolios could potentially generate better performances compared with individual funds.

Similarly, Brandouy et al. (2015) also finds better backtesting results for frontier-based

ratings than for the traditional measures. However, these studies only focus on finding

the optimal weights that create the best possible industry frontier rather than a practical

investment guide for the general investor. Thus, a comprehensive examination of the use
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of the DEA score in constructing a small, manageable-sized mutual fund portfolio is yet

to be undertaken.

4.3.3 Portfolio selection in alternative methodologies

Although the question of whether mutual funds’ DEA scores can be used as a criterion

in the fund selection process has remained unanswered in the mutual fund literature,

past studies have examined the question using other similar non-parametric models in

constructing investment portfolios.

Pätäri et al. (2012) empirically examine whether the efficiency scores of stocks could

be used as a formation criterion for equity portfolios. By using both the CCR model, the

cross-efficiency model6 and a wide range of input/output setups, they calculate several

sets of efficiency scores of Finnish non-financial stocks and construct equity portfolios in

relation to their efficiency ratings. Their results show that the equity portfolio formed

by using high-efficiency stocks significantly outperforms the equity portfolio formed by

using low-efficiency stocks, in terms of the Sharpe ratio and CAPM alpha. Similarly,

Lim et al. (2014) applies the cross-efficiency model to the Korean equity market and

demonstrates that high-efficiency stocks yield higher returns than the benchmark index.

Consistent superior returns of DEA-based equity portfolios are also identified in the US

market (e.g., Edirisinghe and Zhang, 2007, 2010), the Taiwanese market (Chen, 2008;

Huang et al., 2015) and the Indian market (Banihashemi and Sanei, 2013)

Some studies use the multi-criteria decision aid (MCDA) model to select mutual funds

for portfolios. Like the DEA model, the MCDA model belongs to the non-parametric
6Refer to Sexton et al. (1986) for a detailed introduction of the model.
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model family. Pendaraki et al. (2005) develops a two-stage algorithm to construct mutual

fund portfolios. The first stage includes a UTADIS MCDA model,7 which is used to screen

mutual funds. The second stage then utilizes a goal programming model to determine

each asset’s optimal weight. Using data from the Greek market, they show that this

algorithm generates a better return than the ASE General Index during the examination

period. In another effort, Xidonas et al. (2011) present an IPSSIS mode8 for selecting

and optimizing equity portfolios. The model aims to reduce the limitations regarding the

Markowitz theory while incorporating the additional non-performance-related criteria

of general investors. Similar studies that use non-parametric programming models in

selecting investment portfolios include Calvo et al. (2016); Messaoudi et al. (2017) and

Bilbao-Terol et al. (2016).

4.3.4 Mutual fund investment strategy

As our aim is to construct fund portfolios that could yield superior performance to the

benchmarks, we link to the literature that investigates the investment strategies of mu-

tual funds. The momentum investment strategy is one of the most robust, widespread

and ubiquitous financial market anomalies among the proposed strategies. In simple

terms, momentum is the trend that past winners are likely to continue to deliver superior

performances (Zaremba et al., 2018). Jegadeesh and Titman (1993) is among the first

researchers to study the momentum effect on equity stocks. They suggest that high (low)

return stocks continue to be high (low) returns for three to 12 months. Furthermore,

Jegadeesh and Titman (2001) extend their original research and find that the momentum
7UTADIS stands for UTilités Additives DIScriminantes.
8IPSSIS represents Integrated Portfolio Synthesis and Selection Information System.
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strategy continues to deliver superior performance across the decade, largely refuting the

criticism that the results are due to a data-snooping bias. Following their study, vari-

ous markets and asset classes have been examined to further validate this performance

anomaly (e.g., Fama and French, 2008; Chui et al., 2010; Asness et al., 2013; Bianchi

et al., 2015).

However, the traditional momentum strategy receive much criticism after deliver-

ing a poor performance during the financial crisis (e.g., Arnott et al., 2017; Demirer

and Zhang, 2019). Further, Moskowitz et al. (2012) find a significant time-series mo-

mentum effect that is consistent over a wide range of asset classes. Since then, several

researchers have attempted to improve the traditional momentum strategy by modifying

several momentum-related factors. Novy-Marx (2012) modify the “examination period”

and state that the momentum factor calculate using prices seven to 12 months prior to

the portfolio construction date generates better results than the factor calculate based on

recent past performances. Barroso and Santa-Clara (2015) study the realised volatility

of the momentum strategy and propose a risk-managed momentum strategy that signifi-

cantly outperforme traditional momentum funds, taking advantage of the “low volatility”

anomaly discussed by Blitz and Van Vliet (2007). Dudler et al. (2015) apply a simple

technique that normalised the return using standard deviation, and show that the new

momentum strategy, following this new risk-adjusted measure, is able to outperform

the traditional momentum strategy. In addition, other studies also attempt to improve

momentum performance using market volatility (e.g., Wang and Xu, 2015; Daniel and

Moskowitz, 2016), Fama-French regression residual (Blitz et al., 2020) and the 52 - week

high price (e.g., George and Hwang, 2004; Liu et al., 2011). In summary, efforts have been
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made to identify an improved methodology that could be used to extend an investment

asset’s return predictability. In this chapter, we propose a new solution using the DEA

method.

4.4 Data and methodology

4.4.1 DEA models

In searching for an appropriate DEA model, we follow a four-step process (shown in

Figure 4.2), which includes 1) selecting the DEA model, 2) identifying input and output

factors, 3) making data adjustments if necessary and 4) calculating the DEA scores.

As DEA is a method used to calculate how well a DMU can generate outputs using

its inputs, the way that it treats the overall production process is important. A standard

DEA model treats the production activity as a “black box”, and although this may be

adequate in specific scenarios, it is certainly not in the case of the mutual fund indus-

try. Mutual funds usually have a complex structure that can be divided into operational

processes and investment processes. The operational process aims to generate the max-

imum amount of assets for fund managers’ use, while the investment process focuses on

generating maximum profits using a given asset and level of risk. This indicates that

the overall production activity can be comprised of two stages, which is better suited

to the network DEA model proposed by (Färe et al., 2007). Thus, we use a two-stage

network-DEA model to evaluate the efficiency of mutual funds.

We follow the literature and determine the first stage as the operational stage and

the second stage as the investment stage (e.g., Galagedera et al., 2016, 2018; Galagedera,
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2019; Ioannidis and Ka, 2021. Figure 4.2 summarises the configuration of the network

DEA model. In the operational stage, we examine the efficiency of generating assets

using the available resources. The input variables we use include the management fee,

turnover ratio, expense ratio and total net assets. The net asset value is the sole output.

The rationale behind this is that a mutual fund that can generate a higher net asset value

while receiving lower fees, i.e., smaller size and undertaking less activity, is considered to

be more efficient (Premachandra et al., 2012). We then use the standard deviation, VaR,

and net asset value as inputs in the investment stage, with funds’ net returns as the sole

output. Thus, a fund that can produce the highest return with the lowest level of assets

and risk is considered to be more efficient in the investment stage. Both the input and

output variables that we use are in line with the existing literature.

After determining the input/output factors, we notice a significant amount of negative

data within our variables, which may generate incorrect results (Portela et al., 2004). The

model solves the negative data issue by modifying data based on their global minimum

value. Their results show that the efficiency score calculated by the transformed data

is compatible with the original slack-based approach. In addition, their method also

holds the advantage in that it can be applied to different DEA models, not just the

slacked-based model.

To do this, we first define the minimum value xmin
i (i = 1,...,m) for each input/output

i as follows:

Let δi = min(xi1, xi2, ..., xin) (i = 1, ..,m).

The transformation takes the following form:

If δi > 0, then xmin
i = 0.
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If δi = 0, then xmin
i = −σi.

If δi < 0, then xmin
i = δi(1 + γi).

That is, if δi > 0, no transformation is needed. Then, if δi = 0, all values should be

perturbed by a positive number σi. Finally, if δi > 0, the value should be set to be large

enough to make all DMUs strictly positive, which can be acheived through the setup we

have used. After calculating the δi, we transform the negative data into positive data

using the following formula:

x̄ij = xij − xmin
i .

Through the construction of the transformation, the input/output values of all DMUs

should be positive. Hence, we are then able to apply them to the network DEA model.

The model takes the following form:

(networkDEA) θ∗
0 = Max

∑
d

πdzdo +
∑

r

µryro + uA + uB (4.1)
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where θ∗
0 is the overall efficiency score of a mutual fund. x1 denotes the input variables

for stage 1, and x2 denotes the input variables for stage 2. y represents the output variable

of stage 2, as the sole output variable for stage 1 is the intermediate variable. This is

listed as z. ωo
1 and ωo

2 indicating the lower bound of ω1 and ω2, which is the weight

of each stages in calculating the overall efficiency score. In this chapter, we set both

lower bounds to 50%, assuming that both stages have equal importance in relation to the

overall score.

We follow Hu et al. (2012) and Rubio et al. (2018) and use variable-returns-to-scale

(VRS) and input-oriented to compute the DEA frontier.9 In calculating the overall

efficiency score from the individual stages of the DEA scores , we use the equal weighting

method, that treats both stages equally in our main analysis.

4.4.2 Regression models

In this chapter, we employ the panel fixed-effects model to examine the return predictabil-

ity of the DEA scores of mutual funds. The model’s form is as follows:

Ri,t+1 = αt+1 + βDEA ·DEAt + η · Zt+1 + εt+1 (4.2)

where Ri,t+1 is the next quarter return of fund i, DEAt is the current DEA score of

fund i at time t, Zt+1 includes the control variables, such as the risk-free rate, fund size,

number of stocks held by the fund, fund age, inflation rate and GDP growth rate. Then

Ri,t+1 is replaced by Ri,t+n, where n presents the upcoming quarters where we investigate

the impact of current DEA scores on fund performance in the distant future.
9To date, the literature presenting no conclusive results on either variable- or constant-returns-to-scale

(CRS) should be used in mutual fund market (Basso and Funari, 2017).
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4.4.3 Mutual fund data

Our investigation employs quarterly data for 1,477 US mutual funds from September

2009 to December 2016, as provided by the CRSP survivor-bias-free database. We select

actively managed domestic equity mutual funds covering the following categories, subject

to the CRSP objective code: equity domestic large-cap, equity domestic mid-cap, equity

domestic small-cap, equity domestic micro-cap, equity domestic growth, equity domestic

growth and income, equity domestic hedged, equity domestic short, and equity domestic

income. To ensure that our data is consistent, we drop any funds that invest less than

50% of their assets in equity stocks. Furthermore, we drop any closed-end funds using the

closed-end fund indicator, and any index funds using the index-fund indicator. Finally,

we delete funds with the following words in their name: Index, International, Bond,

Commodity, Real Estate, Money market and Balanced to improve the accuracy.

CRSP provide information on mutual funds on two levels: share class and fund levels.

We collect monthly fund returns and total net assets, and other fund-specific information,

including the turnover and expense ratios and management fees every quarter at the share

class level. We also gather the mutual fund holdings data on a quarterly basis at the

fund level. To construct our final database, we first aggregate the share class level fund

characteristics to the fund level by using the CRSP portfolio number, using a weighted

average method, based on the total net assets of each share class.10 We then aggregate

the monthly updated performance data into quarterly frequency.
10The formula takes the following form: Xi,t =

∑n
j=1 wj,i,t ·Xj,i,t, where Xi,t is the value of factor of

fund i on quarter t, n is the number of share classes the fund has, wj,i,t is the weight of share class j in
fund i and Xj,i,t is the value of factor of fund i on share class j in quarter t.

150



4.4.4 Mutual fund performance measurement

We use mutual funds’ net returns as a proxy of fund performance and calculate the VaR

of each fund using the modified VaR method (Favre and Galeano, 2002) in the following

form:

zf,i,t = z+(z2 − 1)Si,t

6 + (z3 − 3z)Ki,t

24 −
(2z3 − 5z)S2

i,t

36

V aRi,t = −mean(reti,t)−
√
σi,t × zf,i,t

(4.3)

where z is the standard normal z-score based on the significance level 0.05, reti,t is

the return, Si,t is the skewness and Ki,t is the kurtosis of mutual fund i on quarter t.

V aRi,t indicates the VaR of fund i on month t.

4.4.5 Descriptive statistics

Table 4.2 presents the basic summary statistics.11 The average efficiency score of our

examined funds is 0.557, with a standard deviation of 0.150. The next six rows sum-

marise the inputs and outputs of our DEA model. We discover several extreme values

upon observing the data, which can be due to the financial crisis at the beginning of the

examination period. For instance, the average quarterly fund return is 3.637% per quar-

ter, with a standard deviation of 9.075. The overall distribution is significantly fat-tailed,

as both the maximum and minimum exceed 100% within the quarter. The existence

of extreme returns further shows the importance of using a DEA-type non-parametric

model that does not assume normality when modelling the performance of mutual funds.
11Table 4.1 list the description of each variables used.
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Furthermore, the average past fund volatility is 0.044, and the average VaR is -5.939%

per quarter. The average management fee is 0.381%, with a standard deviation of 1.232.

The average expense ratio is 0.012%, and its standard deviation is 0.003. The average

turnover ratio is 0.720, with a standard deviation of 0.757.

The remaining columns present the summary of the control variables use in Equa-

tion 4.2. The risk free interest rate average at 0.02%. The average size of the fund is

$31,727.83 million, with a standard deviation of $131,523.3 million. On average, each

fund holds 115 stocks, with a maximum of 3,401 and a minimum of 1. The average in-

flation rate is 0.122%, with a standard deviation of 0.214. Furthermore, the GDP grows

at an average speed of 0.536% per quarter. Finally, the average age of the funds (in log)

is 2.319, with a standard deviation of 0.957.

4.5 DEA characteristics

This section provides the empirical results of our examination. We first investigate the

impact of the fund’s DEA score on its subsequent performance using a panel regression

model. Then, we look into whether DEA can be used as a criterion in constructing mutual

fund portfolios. Last, we propose the DEA-momentum strategy that purchases the most

efficient past winners and shows the superior financial performance of such a strategy.

4.5.1 Effect of DEA score on individual fund performance

Fund DEA scores are calculated each quarter using our network DEA model. Using this

quarterly DEA score, we examine the return predictability of mutual funds’ DEA score

using a panel fixed-effect model using Equation 4.2.
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The first column of Table 4.3 reports the results from the naive model, where only

funds’ DEA scores are regressed with the future fund returns.12 The result shows a

positive coefficient of DEA score on subsequent fund returns, at a 1% significance level,

which suggests that a fund’s DEA score contributes positively to their future returns.

We then add the control variables in the next three columns to enhance the power of our

results. We first control for the inputs and outputs of the DEA model in column two.

The third column incorporates additional fund-related factors, such as the number of

stocks held by each fund, total size, and age. Finally, in column 4, we add macroeconomic

variables, including the risk-free rate, inflation rate, GDP growth rate and macroeconomic

uncertainty. Examining the results, we find a consistent positive coefficient of DEA score

under all control setups. More importantly, by calculating the elasticity of the DEA

score, we find that a one-point increase in the DEA score results in a 12.805% increase

in future fund returns.

To rule out the possibility that the endogeneity of DEA scores affects the result, we

redo our analysis using the instrumental variable regression model, with lagged DEA

scores (two terms) as endogenous variables and obtain consistent results. The results are

shown in the final three columns of Table 4.3. Examining the regression results, we find

that the positive impact remains significant at a 1% level with a coefficient of 8.3 in the

full controlled model, further confirming our results.

The significant positive impact of the current DEA score on future fund performance

shows that the DEA score is valuable in predicting future fund performance. These

results significantly extend the existing literature on how DEA scores affect current fund
12We also perform sub-stage analysis aiming to examine the impact of sub-stage DEA scores on

subsequent fund performance. The results are listed in Table 4.11.
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returns. Rubio et al. (2018) shows that DEA score is positively related to the current

fund returns, which is rational as the DEA method naturally looks to identify the best

practice within peers who do the best in maximising outputs (e.g., fund return) while

minimising inputs (e.g., value at risk, expense ratio). Thus, following this argument,

high DEA scored funds within our analysis should have either high returns or low risk

and expenses. Moreover, based on the literature that focuses on the impact of these

specific fund characteristics (e.g., Agnesens, 2013), we find these characteristics mostly

have a significant effect on future fund returns that also match the objective of our DEA

model. That is, our DEA model tends to minimise the negative impact while maximising

the positive impact. Thus, the positive impact of the DEA score on the fund’s future

performance is rational.

4.5.2 DEA based investment strategy

The documented significant positive impact of funds’ DEA scores on subsequent fund

performance suggests that funds’ DEA scores could be another characteristic used as a

formation criterion for mutual fund selections. Meanwhile, results from regression analysis

could sometimes have minimum economic value, which means that investors might not

be able to benefit from this positive return predictability. Therefore, to further scrutinize

the value of the DEA score in generating investment portfolios, we examine whether an

ordinary investor can take advantage of the return predictability of the DEA efficiency

score.

The answer to this question is valuable to all mutual fund investors, as the major-

ity of past studies questioned investors’ ability to identify future winning funds, both
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institutional and retail. Although some studies find mutual fund investors seem to be

able to identify future winners (e.g., Gruber, 1996; Zheng, 1999), this is mainly caused

by either stock momentums (Sapp and Tiwari, 2004) or the “persistent-flow” hypothesis

(Lou, 2012), rather than the ability to identify genuinely skilled managers. Jiang (2010),

for example, find evidence that cast doubt on the fund selection ability, as their study

showed retail investors exhibit superior expertise in selecting future winning mutual funds

over institutional investors, an example of “dumb” beating the “smart”. As truly skilled

managers are hard to identify, most of the investors try to beat the market by investing in

certain fund characteristics, including past performance (Jegadeesh and Titman, 1993),

52-week high (Sapp, 2011), past volatility (Baker et al., 2011) and, more recently, the

performance measures established by the rating agencies (e.g., Morningstar). However,

these characteristics mainly work in relatively short holding periods, for around three to

six months, and become invalid if the holding period is longer than one year. For instance,

Blake and Morey (2000) show that funds in the top Morningstar ranking are only able

to outperform funds in the lowest ranking and not the middle ones. To evaluate whether

funds’ DEA scores can help investors with their fund selection process by selecting the

truly skilled funds, we follow Pätäri et al. (2012) and use simple strategies to construct

long-only fund portfolios.

4.5.3 DEA univariate strategy

For each month, we sort funds based on their DEA score and construct three fund port-

folios using funds in the top, middle and bottom 10% deciles. Hypothetically, high

DEA-scored funds’ portfolios should generate a better performance because of the pos-
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itive relationship between funds’ DEA scores and their subsequent performance. After

selecting the investment pool, we follow the simple 1/N rule in assigning the weights

to each fund,13 as opposed to adopting the more complicated model used by Zhou et al.

(2018). This is because, although many sophisticated models on weight optimization have

been proposed in recent decades, they cannot guarantee a solid advanced performance

compared with using the simple 1/N rule. For instance, DeMiguel et al. (2009) examines

14 different weight allocation algorithms and demonstrates that none could outperform

the simple 1/N strategy consistently. Thus, a more straightforward strategy that remains

in favour of general investors (Jiang and Huberman, 2005) should provide a better fit.

Furthermore, We utilize a quarterly rebalancing strategy and track the performance of

each fund portfolio throughout the examination period. We use two benchmark portfo-

lios to compare the performances: 1) an equivalent decile momentum portfolio and 2) the

S&P 500 index. The cumulative performance of fund portfolios is shown in Figure 4.3

with performance statistics reported in Table 4.4.

Panel A of Table 4.4 summarises the performance of the DEA-sorted fund portfolios

and benchmarks. Examining the first column, we find high DEA-scored portfolios hold a

slight advantage on the quarterly return over both the mid and low DEA-scored portfolios

(with the difference being less than 1% per quarter). The next two columns show the

average excess return on the momentum benchmark and S&P 500 index. We find that

none of the DEA-scored portfolios can outperform the momentum benchmark. The

high DEA-scored funds yield significantly better returns than the S&P 500 index, while

the other two portfolios failed. The third column indicates that the high DEA-scored
13The 1/N rule means a fraction of 1/N of initial wealth (set as $1,000) is allocated to each of the N

selected mutual funds.
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portfolio generates a lower standard deviation than the others. Finally, we report the

average return rank for the quarter in the final column. All DEA-scored portfolios deliver

a similar average return rank at around 5.3, which is significantly less than 10, this being

the average rank of the momentum portfolio.

Some may argue that the high net fund return is predictable, as mutual funds’ net

returns could behave similarly to the performance of equity portfolios. Thus, we further

examine the risk-adjusted performance of the constructed fund portfolios. The results

are listed in Panel B. We report three risk-adjusted returns using the regression α of the

CAPM model and Fama-French three- (five-) factor models. The superior performance

of a high DEA-sorted portfolio becomes increasingly significant within the risk-adjusted

return environment. We find it is the only portfolio that can yield positive α, which is

also significantly higher than the low DEA-scored portfolio in all three measures (at the

1% significant level).

To summarise, our results show that funds’ DEA scores can be used as a fund-picking

criterion but has certain limitations. A high DEA-scored portfolio can outperform the

low/mid- DEA-scored portfolios and the S&P 500 market index, suggesting a certain

level of return predictability. This result is in parallel with the findings of Lin and Liu

(2021), who show that DEA has robust practical value for fund portfolio selection. For

instance, Lin and Li (2020) use an additive DEA model and find that purchasing the top

mutual funds based on the DEA score on the first trading day of 2018 could outperform a

portfolio that is constructed based on the Sharpe ratio. The outperformance of the DEA

portfolio is more significant in the three-month examination period and vanished in the

one-year examination period. Meanwhile, our results extend their findings massively by
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1) confirming the fund selection ability of DEA scores in a dynamic, not static, investment

model and 2) over an extensively longer time. The significant outperformance of a high

DEA-scored portfolio in relation to a low-scored portfolio is also in line with the findings

of several previous studies that use DEA methods for equity portfolio selection (e.g., Dia,

2009; Pätäri et al., 2010, 2012; Edirisinghe and Zhang, 2007, 2010).

4.5.4 A DEA momentum investment strategy

While our previous results indicate that the DEA score can be used as a classifier in

selecting fund portfolios, it also presents two issues. First, the high DEA-scored portfolio

fails to outperform the momentum benchmark. Second, the decile portfolio constructed

typically contains 10% of the market’s available funds, which is too much for retail in-

vestors. Thus, although the DEA score can be used as a formation criterion, we examine

whether the performance can be improved using an additional layer of screening.

As we have discussed previously, DEA should be able to select better quality mutual

funds among the available pool rather than just focusing on past returns. In fact, efficient

funds can be in either the top or bottom 10% in terms of past returns. Our previous results

confirm this argument by showing that the high DEA-scored portfolio outperforms the

low-score portfolio. Following this direction, we propose the DEA-momentum strategy

that buys the most efficient past winners, aiming to achieve better investment returns by

selecting “good” past winners.

To do this, we first sort the funds based on their DEA score for each quarter and form

two groups based on funds with either the top or bottom 10% of DEA scores. Next, we

construct two portfolios within each DEA group based on the 10% (worst) and 90% (best)
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past return quantile points. The process generates four fund portfolios, each containing

around 1% of the market’s available funds. In addition, the process generates three

comparable strategies: high-DEA, low return portfolio; low-DEA, high return portfolio;

and the low-DEA, low return portfolio. To match the number of funds in the portfolio,

we construct a traditional momentum benchmark with 1% of the past winning funds.

Finally, we use the same quarterly rebalancing frequency and $1,000 initial capital to

track the portfolio performances.

Portfolio evaluation

We continue to evaluate the performance of our constructed fund portfolios in pure re-

turns, risk-adjusted returns and standard deviation. Figure 4.4 shows the time series of

the cumulative return of our proposed DEA momentum strategy in comparison to the

DEA contrarian strategy and other benchmarks, including the traditional momentum

fund portfolio and the S&P 500 index. We find that our proposed DEA momentum

strategy significantly outperforms several other strategies, including the efficient con-

trarian strategy, inefficient momentum strategy, traditional momentum strategy and the

S&P 500 index. With an initial value of $1,000, the process generates a 250% cumulative

return, which is more than 30% higher than the traditional momentum strategy.

To further consolidate our results, we examine the difference between the quarterly

returns of our fund portfolios using several traditional performance measurements. In the

first row of Table 4.5, Panel A reports the performance results of the DEA-momentum

strategy, which significantly outperforms both benchmark indices, both at the 5% signifi-

cant level. As a comparison, we then listed the performance of the comparable strategies
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in the next three rows, and these generate a much lower net return (around 40% less) with

a higher standard deviation (around 20% more). In addition, all comparable strategies

fail to outperform either of the benchmark indices. Panel B of Table 4.5 shows the perfor-

mance of fund portfolios using factor models. The average quarterly fund risk-adjusted

returns using different evaluation methods are listed in columns 1 to 3. We find that our

DEA momentum strategy can deliver a positive risk-adjusted alpha, while none of the

remaining fund portfolios could do so. Finally, we calculated the α5 spread between our

proposed DEA-momentum strategy and other strategies in Panel C.

The results provide robust evidence to support the DEA-momentum strategy’s supe-

rior performance. It generates a significantly higher risk-adjusted alpha than all other

portfolios, thus confirming our hypothesis that, by selecting the most efficient past win-

ners, investors can better identify good quality past winners, leading to higher investment

returns. A crucial debate within momentum investing is whether funds outperform due

to skill or simply luck (e.g., Fama and French, 2010, 2021), as the past return is the

sole factor that is focused on. We argue that the use of DEA would help to resolve this

issue. A simple intuition is that, while a fund may yield a better return by luck alone,

the chances of a fund generating a high return with low standard deviation, low VaR,

low turnover ratio and charging a low fee simultaneously are much lower.14 Thus, the

DEA score should be a superior option when attempting to identify higher-quality out-

performers, as it measures the performance from a much broader perspective (Galagedera

et al., 2018). Further, based on their higher quality, past winners selected from the effi-

cient funds should have better skills than funds selected directly from the market. This
14The literature has shown that lower risk (e.g., standard deviation, VaR) contributes positively to

returns. Similarly, lower turnover ratio and expenses, which contribute positively to the DEA score,
both relate to lower returns (e.g., Carhart, 1997; Pollet and Wilson, 2008; Cremers and Petajisto, 2009).

160



translates into a higher return from a DEA-momentum portfolio than from a traditional

momentum portfolio.

Portfolio evaluation: retail vs. institutional share classes

Having demonstrated the value of the DEA score in constructing mutual fund portfolios,

we continue by looking deeper into share classes aiming to further elevate the use of the

DEA-momentum strategy. So far, our analysis has been focusing on the mutual fund

level. Therefore, while these results indicate certain value for market participants, it

is not practical enough for both retail and institutional investors as their purchases are

often limited to share classes. Thus, to ensure that our strategy remains valid for both

types of investors, we redo our analysis at share class level.15

Table 4.6 shows the result of fund portfolios constructed by retail share classes. We re-

port the performance using the same structure as previously discussed and find consistent

outperformance of the DEA-momentum portfolio in terms of net returns (4.231% higher

per year), standard deviation (7.494% lower per year), and Fama-French five-factor alpha

(7.02% higher per year). The results of institutional share class are reported in Table 4.7

with our proposed DEA-momentum strategy continuous to outperform other examined

strategies in both return and risk aspects.

In a short sum, these results indicate strong practical values of the DEA-momentum

strategy, that both retail and institutional investors can employ this strategy on their

specific share classes.
15Note that some funds might have multiple retail/institutional share classes, in case this happens, we

would aggregate the share class under the same mutual fund.

161



Portfolio evaluation: DEA-momentum vs. alternative investment strategies

Based on the setup of our DEA model, it is rational that funds with specific characteristics

(e.g., high past return and low past volatility) are granted with higher DEA scores. In

this case, it would be difficult to determine whether the outperformance of the DEA-

momentum strategy is due to the comprehensive nature of the DEA score or just because

the DEA layer picks out funds with low volatility from past winners.

In this section, we compare the DEA-momentum strategy with several well-used in-

vestment strategies and signals to further examine the performance of the DEA-momentum

strategy. In detail, the strategy we examined include the contrarian strategy that selects

past losers; momentum-volatility strategy that picks the stable past winners; CAPM,

Treynor, Sharpe ratio strategies that invest in funds with top CAPM alpha, Treynor

ratio and Sharpe ratio; 52-week high strategy that invests in funds with top 52-week high

price and lastly, the Morningstar strategy that picks the Morningstar 5 star funds.

Table 4.8 reports the result. For space reasons, we report only funds annual net

returns, S&P 500 excess returns, standard deviation, CAPM alpha and Fama-French

three-factor alpha. Examining the results, we find consistent outperformance of our

proposed DEA-momentum strategy on all other strategies used by a significant margin. In

terms of net return, the DEA-momentum portfolio outperforms the poorest Morningstar

portfolio by over 13% per year, while the second-best is the momentum portfolio. In

addition to the top realized portfolio return, the DEA-momentum portfolio also yields

the second-lowest volatility, even lower than the S&P 500 index.
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Portfolio evaluation: long-term holding periods

Our previous examination focused on a relatively short three-month holding period. In-

vestors may also consider mutual funds as a long-term investment and thus seek long-term

performance. Based on this, we redo our analysis with a longer holding period and exam-

ine four setups with a two-, four-, six- and eight-quarter holding period, which translates

to up to two years.

To increase the strength of our results, we follow the original Jegadeesh and Titman

(1993) method and construct fund portfolios that contain several sub-portfolios with the

same holding periods but with different rebalancing times. For example, if the strategy

has a holding period of four quarters, then, in any given time t, the strategy holds four

sub-portfolios selected from month t-3 to the current month. The selection process at each

rebalancing point is identical to the process used previously. Finally, when examining the

strategy’s overall performance, we average the performance of the sub-portfolios using an

equal-weighted method (e.g., a weight of 0.25 is attached to each sub-portfolios in the

case of a four-quarter holding period strategy).

Table 4.9 shows the detailed portfolio performances of our proposed DEA-momentum

strategy and the benchmarks.16 In all rebalancing period setups, combining DEA with

momentum can generate a higher portfolio return (from 0.4% to 1.76% on average per

year) with a lower standard deviation (from -0.79% to -1.23% on average per year). Ex-

amining the risk-adjusted alpha, we find that the DEA-momentum portfolios can deliver

a positive alpha in most scenarios, while none of the traditional momentum portfolios

could do so. Finally, the standard deviation of the DEA-momentum portfolios is lower
16For space concern, we only list the results of the DEA-momentum portfolio and the traditional

momentum portfolio.
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than that of other portfolios in all holding periods examined.

The results indicate that the superior performance of the DEA momentum fund port-

folio is affected but still holds after extending the holding period. Studies find that the

traditional momentum strategy generally works with a maximum holding period of one

year,17 with the best performance being found in the semi-annual balanced investment

strategy (Sapp, 2011).18 Thus, a traditional momentum strategy may not be practical

for an investor that seeks to hold the portfolio in the long term. Although they have

the option to opt for an opposing contrarian strategy that focuses on the past losers, it

is difficult for them to do so to avoid regret (Fioretti et al., 2018). Using DEA as an

additional factor, our results provide a simple solution to this issue and highlight the

value of using a comprehensive measure that incorporates multiple factors in the process

of selecting investment assets.

4.6 Robustness checks

We undertake a wide range of checks to ensure our results are not driven by our calculation

methods and the mutual fund sample used.

We, first, test whether our regression result is affected by models and specifications.

The results are reported in Table 4.10. First, we check whether weights assigned to

individual stages would affect our results. Instead of using equal weighting when calcu-

lating the overall DEA score, we set the weight to be 70%/30% distributed or 30%/70%

distributed. Results are shown in the first two columns, and both indicate a consistent
17Liu et al. (2011) show that the impact of the current return on the next 13-24 months return is

insignificant in most countries.
18The semi-annual rebalancing strategy also matches our result in the first empirical chapter.
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positive impact of the overall DEA score on future fund returns at the 1% significance

level. We also investigate whether alternative input/output specifications affect our re-

sults. In column 3, we replace fund return with the net asset value to check whether

our results are driven by fund returns, which belong to the ratio data category. We also

drop all fees, turnover ratio and size factors in column 4 and run the DEA model with

performance measures only (return, VaR and standard deviation) to confirm that these

input factors do not drive our results. Consistently, we discovered a significant positive

impact in both setups, suggesting that specific factors do not drive the overall impact of

the DEA score on future fund performance. Third, we use the slack-based model pro-

posed by Tone et al. (2020) and the additive model by Cooper et al. (2001) to show that

the network DEA model does not drive our regression results. Columns 5 and 6 show the

consistent positive significant impact.

Further, we check that the DEA-type models do not drive our results by utilizing

multiple-criteria decision analysis (MCDA) methods with the same factors. The results

are shown in the final three columns of Table 4.10. Specifically, we use three MCDA

models: the TOPSIS model, VIKOR model and ELETREIII model. Examining the

results, we find a positive impact of the TOPSIS score on future fund returns but a

negative impact on the results from other models. However, as these two models return

ranks rather than the efficiency score, they are ascending factors (the lower, the better).

Thus, the negative coefficient then shows positive return predictability. In sum, our

examination shows that our results are robust towards the models and specifications

used for our two-stage network DEA model.

Our last robustness check focuses on whether the superior performance of the DEA-
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momentum strategy only occurs when using the network DEA model. To do this, we ap-

ply our DEA-momentum strategy using the efficiency scores calculated from other models

and redo our analysis. The cumulative performance is shown in Figure 4.5 and illustrates

that the DEA-momentum strategy, using other efficiency scores, can also outperform

the momentum benchmark. This indicates that a combination of past performance and

the efficiency rating is an appropriate fund selection criterion across a wide range of

non-parametric models. In addition to this, within the DEA-type models, we find that

the performance of single-stage DEA models (SBM and ADD model) does not signifi-

cantly underperform in comparison to the performance of the two-stage network model

we used.19 However, the single-stage DEA model is significantly easier to explain and

interpret than the two-stage network model. Although the low-rank correlation between

individual stages highlights the necessity of using a two-stage model, this result suggests

that, in terms of actual investing, a single-stage model that is easier for investors to learn

from could be an alternative option.

4.7 Conclusion

This chapter examines whether a mutual fund’s DEA efficiency score can be used as a

formation criterion to help investors with their investment decisions. Using a two-stage

network DEA model to calculate the efficiency score of US equity mutual funds from

2010 to 2017, we first demonstrate that funds with a high DEA efficiency score produce

higher subsequent using a panel fixed-effect and instrumental variable regression models.

Next, we dig into whether DEA scores can be used in generating investment portfolios
19For example the average difference of quarterly return between the network model and SBM model

is only 0.214%.
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by constructing a univariate DEA fund portfolio using an easy-to-follow buy-and-hold

strategy with quarterly rebalancing frequency. The results show that when a fund’s DEA

score is the sole factor in consideration, a high DEA-scored fund portfolio can outperform

a low DEA-scored fund portfolio and the S&P 500 market index but fails to achieve a

higher return than the traditional momentum strategy.

To further highlight the value of the DEA score in making investment decisions,

with the view that DEA helps investors identify funds with better quality within an

investment pool, we propose the DEA-momentum strategy that buys the most efficient

past winners. We carry out a comprehensive set of examinations towards the proposed

DEA-momentum strategy and document strong and consistent outperformance subject

to share classes, including fund level, retail share class and institutional share class;

alternative benchmarking strategies, including seven well-used investment strategies; and

investment horizons, ranging from two to eight quarters holding period. Finally, a wide

range of robustness checks on the impact on homogeneity of mutual funds, the calculation

of funds’ DEA scores, the performance of the DEA momentum strategy using alternative

DEA, and other similar multi-criteria models further consolidate our results.
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Table 4.1: Variable definitions

Variable
Name

Description Source

DEAt Quarterly mutual funds’ efficiency score. Calculated
ret Quarterly mutual fund. Calculated
sd Quarterly mutual fund standard deviation. Calculated
var Quarterly mutual fund VaR. Calculated
fee Quarterly management fee of mutual fund. CRSP
tov Quarterly turnover ratio of mutual fund. CRSP
exp Quarterly expense ratio of mutual fund. CRSP
size Total net asset of mutual fund. CRSP
stk.hld The number of stocks held by a mutual fund based on

the fund holdings.
CRSP

age The age of mutual fund since inception CRSP
rf Quarterly risk free rate. FRED
unc Economic Policy Uncertainty. EPU website
GDPgrth Monthly absolute change of Real Gross Domestic Prod-

uct, quarterly data is transformed to monthly data by
liner interpolation, the growth rate is calculated by
GDPt−GDPt−1

GDPt−1
.

FRED

inf The quarterly inflation rate. FRED
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Table 4.2: Descriptive statistics

VARIABLES N mean sd min max
DEAt 17293 0.557 0.150 0.191 1
ret 17293 3.637 9.075 -112.245 100.693
sd 17293 0.044 0.018 0.002 0.485
var 17293 -5.939 3.013 -25.299 -0.166
fee 17293 0.381 1.232 -11.588 2.067
tov 17293 0.720 0.757 0.010 17.850
exp 17293 0.012 0.003 0.0001 0.065
rf 17293 0.020 0.028 0 0.11
size 17293 31727.83 131523.3 1.6 5617135
stk.hld 17293 114.959 195.287 1 3401
unc 17293 138.044 44.229 85.968 233.956
inf 17293 0.122 0.214 -0.308 0.83

GDPgrth 17293 0.536 0.410 -0.282 1.353
age 17293 2.319 0.957 0 4.526

Notes: This table shows the summary statistics of the main factors and control variables
used in this chapter. N shows the number of observations. Mean and sd represent the
mean and standard deviation of the factor. Then, the minimum and maximum value are
also reported.
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Table 4.3: Return predictability

VARIABLES rt+1

Model Panel Fixed-effect IV with 2 lags
DEAt 12.17*** 16.75*** 16.83*** 12.81*** 25.96*** 26.62*** 14.14***

(1.468) (1.756) (1.756) (1.654) (2.805) (2.823) (2.775)
rt -0.319*** -0.321*** -0.171*** -0.366*** -0.366*** -0.204***

(0.00627) (0.00628) (0.00982) (0.00699) (0.00700) (0.0117)
σt -27.64 -28.96 -38.53** 3.129 3.301 -4.741

(18.93) (18.95) (17.62) (19.10) (19.13) (17.49)
V ARt -60.91*** -60.26*** -97.74*** -31.97*** -31.61*** -76.46***

(7.531) (7.516) (7.805) (7.575) (7.568) (8.243)
fee 0.0425 -0.00512 -0.0612 0.107 0.0501 -0.112

(0.0730) (0.0712) (0.0672) (0.0802) (0.0802) (0.0803)
expense 176.6** 172.5** 189.3*** 307.0*** 308.3*** 229.4***

(74.95) (75.13) (69.93) (72.07) (72.06) (71.55)
turnover -0.0495 -0.0556 -0.0178 0.258** 0.261** 0.192

(0.133) (0.130) (0.112) (0.131) (0.131) (0.117)
logstk -0.210*** -0.160*** -0.0788** -0.0549*

(0.0375) (0.0338) (0.0353) (0.0323)
ftna -2.03e-06** -1.97e-06* -1.98e-06** -2.11e-06**

(9.31e-07) (1.00e-06) (8.43e-07) (1.02e-06)
fod 0.536* 0.523** 0.792** 0.673**

(0.291) (0.265) (0.367) (0.324)
gdp -0.348*** 0.165

(0.108) (0.126)
inf 4.605*** 2.587***

(0.255) (0.222)
rf -55.49*** -66.14***

(4.972) (5.061)
unc 0.0704*** 0.0665***

(0.00149) (0.00156)
Constant -3.577** -9.709*** -9.759*** -26.25*** -28.25*** -29.94*** -33.65***

(1.427) (2.210) (2.283) (2.340) (4.675) (4.738) (4.561)
R-squared 0.245 0.324 0.326 0.438
Time FE Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes

This table shows the regression result on the return predictability of mutual funds’ DEA scores. The first four
columns show the result using a panel effect model with time and firm fixed-effects. Then, the next four columns
show the result using instrument variable regression with one and two terms lagged DEA scores as instruments.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical significance less than
0.10.
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Table 4.4: Performance comparison of DEA-sorted fund portfolios

Panel A: Return-based Analysis
Formation- rt rt − rmtm rt − rS&P 500 σr Avgrk

criteria (%) (%) (%)
DEA-sorted portfolio

high dea 14.026 0.899 2.159*** 26.148 5.355
low dea 13.259 0.132 1.391 33.084 5.343

Benchmark portfolio

momentum 14.353 1.226 2.486** 28.071 10
sp500 11.868 -1.259 0 26.317

Panel B: Factor-based Analysis
Formation- αCAP M αF F 3 αF F 5

criteria (%) (%) (%)
DEA-sorted portfolio

high dea 0.155 0.154 -0.038
low dea -1.066 -0.806 -0.762

high - low 1.181*** 0.960*** 0.724***

Benchmark portfolio

momentum -0.158 -0.234 -0.105
sp500 -0.513 -0.675 -0.689

Notes: This table shows the performance of fund portfolio. The reported performance measures
including the average return, excess return on the momentum portfolio and S&P 500 index and
the portfolio standard deviation. Asterisk indicates the significant level of the return difference
between fund portfolios.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical sig-
nificance less than 0.10.
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Table 4.5: Performance comparison of DEA momentum portfolios

Panel A: Return based analysis
Formation- rt rt − rS&P 500 rt − rmtm σr

criteria (%) (%) (%)
DEA-momentum strategy

DEA.MTM 17.039 5.171** 3.473** 25.213
Compared strategy & Benchmark portfolios

DEA.cont 11.969 0.102 -1.595 29.974
LDEA.mtm 12.553 0.685 -1.011 32.768
LDEA.cont 12.015 0.147 -1.549 37.474

Momentum portfolio 13.565 1.697* 27.700
S&P500 index 11.868 26.317

Panel B: Factor based analysis
Formation- αCAP M αF F

criteria 3-Factor 5-Factor
DEA-momentum strategy

DEA.MTM 1.062 1.152 1.422
Compared strategy & Benchmark portfolios

DEA.cont -0.955 -0.508 -1.073
LDEA.mtm -1.169 -0.617 -0.421
LDEA.cont -1.742 -1.126 -0.889

Panel C: α5 Spread
High DEA cont Low DEA mtm Trad. mtm S&P 500

High DEA mtm 2.494*** 1.843*** 1.669*** 1.422***

Notes: This table shows the performance of fund portfolio. Panel A listed the return based mea-
sures including the average return, standard deviation, S&P500 excess return and the traditional
momentum strategy excess return. Panel B listed the factor based performance measures including
the CAPM alpha and the Fama-French 3- and 5-factor alphas. Asterisk indicates the significant
level when compare to the traditional momentum or with the S&P500 index. Panel C reported
the α5 spread between fund portfolios.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical sig-
nificance less than 0.10.
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Table 4.6: Performance comparison of fund portfolios: retail share class

Panel A: Return based analysis
Formation- rt rt − rS&P 500 rt − rmtm σr

criteria (%) (%) (%)
DEA-momentum strategy

DEA.MTM 15.356 4.232** 3.489** 27.029
Compared strategy & Benchmark portfolios

high.DEA-low.RET 10.306 -0.818 -1.561 28.835
low.DEA-high.RET 14.417 3.293 2.550 33.357
low.DEA-low.RET 12.292 1.168 0.424 38.043

Momentum portfolio 11.125 34.523
S&P500 index 11.868 26.317

Panel B: Factor based analysis
Formation- αCAP M αF F

criteria 3-Factor 5-Factor
DEA-momentum strategy

DEA.MTM 0.543 0.657 0.571
Compared strategy & Benchmark portfolios

high.DEA-low.RET -1.511 -1.498 -1.456
low.DEA-high.RET -0.805 -0.600 -0.231
low.DEA-low.RET -2.056 -1.760 -1.460

Panel C: α5 Spread
High DEA cont Low DEA mtm Trad. mtm S&P 500

High DEA mtm 2.028*** 0.802*** 1.755*** 1.260***

Notes: This table shows the performance of fund portfolio in retail share classes. Panel A listed
the return based measures including the average return, standard deviation, S&P500 excess re-
turn and the traditional momentum strategy excess return. Panel B listed the factor based perfor-
mance measures including the CAPM alpha and the Fama-French 3- and 5-factor alphas. Asterisk
indicates the significant level when compare to the traditional momentum or with the S&P500
index. Panel C reported the α5 spread between fund portfolios.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical sig-
nificance less than 0.10.
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Table 4.7: Performance comparison of fund portfolios: institutional share class

Panel A: Return based analysis
Formation- rt rt − rS&P 500 rt − rmtm σr

criteria (%) (%) (%)
DEA-momentum strategy

DEA.MTM 16.812 3.153*** 4.944*** 26.025
Compared strategy & Benchmark portfolios

high.DEA-low.RET 16.064 2.404 4.196 31.587
low.DEA-high.RET 14.431 0.771 2.563 35.001
low.DEA-low.RET 13.388 -0.272 1.520 36.148

Momentum portfolio 13.660 27.260
S&P500 index 11.868 26.317

Panel B: Factor based analysis
Formation- αCAP M αF F

criteria 3-Factor 5-Factor
DEA-momentum strategy

DEA.MTM 1.249 1.308 0.999
Compared strategy & Benchmark portfolios

high.DEA-low.RET -0.275 0.026 0.137
low.DEA-high.RET -0.821 -0.648 -0.438
low.DEA-low.RET -1.489 -1.048 -0.692

Panel C: α5 Spread
High DEA cont Low DEA mtm Trad. mtm S&P 500

High DEA mtm 0.862*** 1.437*** 0.650** 1.687***

Notes: This table shows the performance of fund portfolio in institutional share classes. Panel A
listed the return based measures including the average return, standard deviation, S&P500 ex-
cess return and the traditional momentum strategy excess return. Panel B listed the factor based
performance measures including the CAPM alpha and the Fama-French 3- and 5-factor alphas.
Asterisk indicates the significant level when compare to the traditional momentum or with the
S&P500 index. Panel C reported the α5 spread between fund portfolios.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical sig-
nificance less than 0.10.
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Table 4.8: Performance comparison of fund portfolios: alternative signals

Formation- rt rt − rS&P 500 σr αCAP M αF F 3

DEA-momentum strategy

DEA.MTM 17.039 5.171** 25.213 1.062 1.152
Compared strategy & Benchmark portfolios

momentum 14.353 2.159 26.148 -0.158 -0.234
contrarian 11.059 -0.426 34.200 -1.645 -1.202
mtm− vol 7.986 -3.498 22.143 -0.687 -0.365
CAPM 13.449 1.965 26.558 -0.137 -0.143
Treynor 13.428 1.943 26.367 -0.123 -0.098
Sharpe 13.291 1.806 26.683 -0.134 -0.101
52whigh 13.021 1.536 27.192 -0.230 -0.257

Morningstar 3.674 -7.811 7.463 0.054 -0.062
S&P500 11.485 25.962 -0.548 -0.689

Notes: This table shows the performance of fund portfolio with alternative investment strategies
including: momentum, contrarian, momentum-volatility, 52 weeks high, top CAPM alpha, Sharpe
ratio, Treynor ratio and Morningstar ratings.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical sig-
nificance less than 0.10.
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Table 4.9: Fund performance: long holding period

rt mtm.exc S&P500.exc α3 σr

Panel A: 2 quarters holdings period
DEA 14.303 0.925 2.435** 0.348*** 26.544
MTM 13.377 1.510* -0.483 29.062

Panel B: 4 quarters holdings period

DEA 12.787 1.202** 2.436** 0.342*** 26.449
MTM 11.584 1.233 -0.218 28.204

Panel C: 6 quarters holdings period

DEA 13.876 0.342 2.041** -0.004*** 28.650
MTM 13.534 1.699 -0.424 30.789

Panel D: 8 quarters holdings period

DEA 14.002 0.582 2.133** 0.022*** 27.619
MTM 13.418 1.551* -0.438 30.193

Notes: This table shows the performance of fund portfolio with two to 8 quar-
ters holding periods. The first two columns show the average annualized re-
turn and standard deviation of fund portfolios. The third column shows the
excess return of the DEA-momentum strategy on the traditional momentum
strategy. The fourth column shows the excess return on the S&P500 index.
The last column shows the Fama-French 3-factor alpha. Asterisk indicates the
significant level when compare between DEA-momentum and traditional mo-
mentum or with the S&P500 index.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than
0.05; ∗ statistical significance less than 0.10.
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Table 4.10: Return predictability, additional model specifications

Variable rt+1

Focus Unequal weight Alt. spec Alt. DEA Alt. non-parametric model
Spec 70/30 30/70 Nav M-V SBM ADD TOPSIS VIKOR ELECTREIII
DEAt 12.20*** 2.512*** 21.96*** 0.0489*** 0.164*** 28.06*** 9.957*** -0.004*** -0.0134***

(1.162) (0.924) (1.375) (0.0101) (0.0374) (1.221) (0.684) (0.000352) (0.00112)
Constant -5.458*** 4.552** -4.283*** 7.505*** 7.321*** -20.21*** 6.821*** 5.467*** 6.100***

(1.965) (1.965) (1.581) (1.449) (1.458) (1.729) (1.414) (1.430) (1.450)
R-squared 0.327 0.321 0.359 0.321 0.321 0.375 0.331 0.326 0.326
Time FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table shows the regression results using alternative DEA input/output specifications and other non-parametric models. The
detailed specs are shown below from column 1 to 9.
Columns 1/2: Different weights are assigned to both stages, in stead of equal weight used in the main analysis.
Columns 3: Nat asset value is used in stead of return as a proxy of performance.
Columns 4: Only performance related factors (return, VaR, standard deviation) are included in the DEA model.
Columns 5/6: Alternative DEA models used: slack-based model and additive model.
Columns 7-9: Alternative non-parametric MCDA models used: TOPSIS, VIKOR, ELECTRE III.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical significance less than 0.10.
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Table 4.11: Return predictability: individual stages

VARIABLES rt+1

Stage Stage 1 Stage 2
DEAt 4.781*** 2.024*** -0.0263 29.66***

(0.535) (0.592) (2.284) (2.819)
rt -0.171*** -0.170***

(0.0100) (0.00969)
σt -33.80* -32.53*

(17.65) (17.52)
V ARt -91.77*** -119.0***

(7.801) (8.003)
fee -0.130* -0.177***

(0.0675) (0.0671)
expense 115.9* 77.41

(70.33) (68.42)
turnover -0.0548 -0.120

(0.107) (0.0965)
logstk -0.163*** -0.218***

(0.0342) (0.0345)
ftna -1.92e-06* -2.09e-06*

(1.04e-06) (1.10e-06)
fod 0.395 0.361

(0.266) (0.266)
gdp -0.424*** -0.544***

(0.109) (0.103)
inf 4.521*** 4.378***

(0.252) (0.246)
rf -52.18*** -45.91***

(5.069) (5.100)
unc 0.0704*** 0.0716***

(0.00151) (0.00150)
Constant 3.531*** -14.86*** 6.820*** -42.69***

(0.698) (1.686) (2.052) (3.133)
R-squared 0.245 0.436 0.242 0.442

This table shows the regression result on the return predictability of mutual funds’ DEA
scores in different stages. The first two columns show the result using the DEA score of the
first stage, the operation stage. Then, the next two columns show the result using DEA
scores from the second stage, the investment stage.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than 0.05; ∗ statistical
significance less than 0.10.
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Table 4.12: Rank correlation between two-stage performance and other perfor-
mance measures

Overall Operational Investment
efficiency efficiency efficiency

Alpha 0.172*** 0.061*** 0.289***
Sharpe ratio 0.222*** -0.068*** 0.573***
Treynor ratio 0.199*** -0.061*** 0.494***
Value-at-risk 0.287*** -0.011*** 0.692***
Overall efficiency 1*** 0.841*** 0.464***
Operational efficiency 0.841*** 1*** 0.011***

Notes: This table shows the rank correlation between two-stage DEA efficiency
score and other performance measures. Spearman rank correlation is reported
in the table.
∗∗∗ statistical significance less than 0.01; ∗∗ statistical significance less than
0.05; ∗ statistical significance less than 0.10.
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Table 4.13: Summary of literature on mutual fund with DEA

Auther Year Title Model Inputs Outputs Findings
B.P.S. Murthi,
Yoon K. Choi,
Preyas Desai

1997 Efficiency of mu-
tual funds and
portfolio per-
formance mea-
surement: A
non-parametric
approach

standard DEA expense ratio, load,
turnover and stan-
dard deviation

return 1.First use DEA to measure the effi-
ciency of mutual funds. 2.Introduce the
DEA portfolio efficiency index.

Greg
N.Gregoriou,
Komlan Sedzro,
Joe Zhu

2003 Hedge fund perfor-
mance appraisal us-
ing data envelop-
ment analysis

BCC-DEA, cross-
efficiency, super-
efficiency

lower mean
monthly semi-
skewness, lower
mean monthly
semi-variance,mean
monthly lower
return

upper mean
monthly semi-
skewness, upper
mean monthly
semi-variance,
mean monthly
upper return

Proposes to compare hedge fund perfor-
mance using DEA models

Kuo-Ping
Chang

2004 Evaluating mutual
fund performance:
an application of
minimum convex
input requirement
set approach

DEA with mini-
mum convex input
requirement set

beta, standard de-
viation and assets

return Funds with low beta and small assets
have operated more efficiently.

Zhiping Chen,
Ruiyue Lin

2006 Mutual fund
performance eval-
uation using data
envelopment anal-
ysis with new risk
measures

standard DEA VaR, CVaR return 1. VaR and CVaR can indeed bet-
ter describe return distribution proper-
ties and thus risk of mutual funds. 2.
Proper combination of VaR and other
risk measures can more comprehen-
sively reflect mutual funds’ risk prop-
erties.

Continued on next page
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Continued from previous page
Antonella
Basso, Stefania
Funari

2010 A data envel-
opment analysis
approach to mea-
sure the mutual
fund performance

standard DEA risk measures, sub-
scription and re-
demption costs

expected return 1.Use DEA to define mutual fund per-
formance. 2.Introduced the generalized
DEA which include stochastic domi-
nance as outputs.

U Dinesh
Kumar,AB
Roy,Haritha
Saranga,K
Singal

2010 Analysis of hedge
fund strategies
using slack-based
DEA models

slack-based DEA standard devia-
tion, Maximum
drawdown, Average
drawdown, Stan-
dard deviation of
drawdown, VaR,
Conditional VaR,
Modified VaR

Arithmetic excess
return, Geomet-
ric excess return,
Skweness

1.proposing an integrated framework
that evaluates strategy wise perfor-
mance in Stage 1 and identifies the best
funds from the most efficient strate-
gies in Stage 2, by incorporating mul-
tiple aspects of risk-return measures si-
multaneously. 2. propose the applica-
tion of Slack-based DEA models that
are capable of analysing negative data
for both efficiency estimations and su-
per efficiency estimations in order to
rank the respective strategies and cor-
responding hedge fund

Antonella
Basso, Stefania
Funari

2012 Constant and vari-
able returns to scale
DEA models for
socially responsible
investment funds

BCC-DEA risk return 1. The improved DEA frontier calcu-
lated by our rebalancing strategies pro-
vides the better approximation to the
real portfolio frontier than the tradi-
tional one does. 2. The ethical objec-
tives of the socially responsible invest-
ment funds have a negative relationship
with the financial point of view

Premachandra
Inguruwatt M.,
Joe Zhu, John
Watson, Don
UA Galagedera

2012 Best-performing
US mutual fund
families from 1993
to 2008: Evi-
dence from a novel
two-stage DEA
model for efficiency
decomposition

Two-stage DEA
model

Stage 1: Man-
agement fees,
Marketing and
distribution fees.
Stage 2: Net
expense ratio,
Turnover, Standard
deviation, Fund
size

Average return 1.Proposed a noval two-stage DEA
model. 2.Assess the overall efficiency
and decomposite into two components.

Continued on next page
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Continued from previous page
Galagedera,
Don UA, John
Watson, In-
guruwatt M.
Premachandra,
Yao Chen

2015 Modeling leak-
age in two-stage
DEA models: An
application to
US mutual fund
families

two-stage DEA
model with leakage
variables at stage 1

Stage 1: Manage-
ment fees, Market-
ing & distribution
feesStage 2: Fund
size, standard devi-
ation, net expense
ratio, turnover

average return 1.The worst overall performers are
likely to perform badly in both stages.
2.Better performance in 1st stage are
more likely to perform well in over-
all management. 3.Modelling TCF as
leakage variable increase discriminatory
power of overall management perfor-
mance. 4.Small firms are likely to be
more efficient than large firms, size is
measured by number of funds offered.

Antonella
Basso, Stefania
Funari

2016 The role of fund
size in the perfor-
mance of mutual
funds assessed with
DEA models

DEA-V risk return 1. Discuss the role of fund size in
the performance evaluation and won-
der whether it is appropriate to include
size information among the variables of
DEA models. 2. Analyse the pres-
ence of a relationship between the per-
formance scores and the size of mutual
funds. 3. Study scale efficiency

Zhongbao Zhou,
Helu Xiao,
Qianying Jin,
Wenbin Liu

2017 DEA frontier im-
provement and
portfolio rebalanc-
ing: An application
of China mutual
funds on consider-
ing sustainability
information disclo-
sure

BCC-DEA variance expected return 1. Improve DEA frontier, provides in-
vestors a rebalancing strategy. 2. Good
improving performance even for small
sample size. 3. The out-of-sample
performance of rebalancing strategy al-
ways dominates the original strategy.

Rubio, J. Fran-
cisco, Neal
Maroney, M.
Kabir Hassan

2017 Can efficiency of re-
turns be considered
as a pricing factor?

Input orianted
BCC model with
3 years rolling
windows

standard deviation expected return 1.Efficiency score can help decrease av-
erage mispricing errors. 2.Including
efficiency score in time-series regres-
sions decrease average alphas. 3.Ethi-
cal funds receive a discount in next pe-
riod returns, controlled for efficiency.
4.Investors consideration of efficiency is
stronger for pre-crisis than post-crisis.

Continued on next page
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Continued from previous page
Galagedera,
Don UA, Israfil
Roshdi, Hiro-
fumi Fukuyama,
Joe Zhu

2018 A new network
DEA model for
mutual fund per-
formance appraisal:
An application to
U.S. equity mutual
funds

three-stage DEA Stage 1: Manage-
ment Fees, Market-
ing and distribu-
tional fees. Stage 2:
Fund size, turnover
ratio, expense ra-
tio. Stage 3: Net
asset value, Total
risk, Downside risk,
Systematic risk.

Stage 1: Fund size.
Stage 2: Net asset
value. Stage 3: Re-
turn

Proposed the three-stage DEA with
new Resource management process.

Goel, Sweta,
Mukta Mani

2018 Efficiency measure-
ment of open-ended
mutual fund
schemes with re-
spect to Indian
mutual fund indus-
try

BCC-DEA Load fee, expense
ratio, minimum
initial investment
needed and risk (β
and α)

Sharpe ratio,
Jensen’s alpha

1.Fewer mutual fund schemes are per-
forming efficiently and need to reduce
their load and expense ratio. 2.Maxi-
mum number of efficient schemes is of
ELSS investment style followed by In-
come, Growth and Balance. 3.DEA
provides a set of peer group for each in-
efficient scheme and the targeted value
of inputs has been computed.

Laura Andreu,
Miguel Serrano,
Luis Vicente

2018 Efficiency of mu-
tual fund man-
agers: A slacks-
based manager
efficiency index

slacks-based DEA portfolio turnover,
education-
experience, square
root of the TNA-
weighted sum of
the cross prod-
ucts of the annual
variances and co-
variances of the
daily gross re-
turns of all mutual
funds managed by
manager

annual gross re-
turn, total assets
under management
by manager

1.Considers the frequent situation of a
manager in charge of several mutual
funds. 2.Includes socio-demographic
variables that can influence the
decision-making process of mutual
fund managers. 3.Identifies locally
efficient managers according to the ef-
ficient frontiers formed by competitors
with similar attributes as the analysed
target managers.

Don U.A.
Galagedera

2019 Modelling social
responsibility in
mutual fund per-
formance appraisal:
A two-stage data
envelopment anal-
ysis model with
non-discretionary
first stage output

two-stage DEA
model with non-
discretionary first
stage output

Stage 1: Turnover,
Management fees,
Fund size. Stage 2:
Net asset value, To-
tal risk, Downside
risk, Systematic
risk

Stage 1: ESG score,
Benefit payments,
Net asset value.
Stage 2: Total
return

Assess mutual fund performance in a
multi-dimensional framework with eth-
ical level as one of its performance mea-
sures.

Continued on next page
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Continued from previous page
Ioannis E. Tso-
las

2020 Precious Metal Mu-
tual Fund Perfor-
mance Evaluation:
A Series Two-Stage
DEA Modeling Ap-
proach

two-stage DEA Stage 1: Manage-
ment fee, expenses.
Stage 2: 3y-
standard deviation,
load fee.

Stage 1: Net asset
value . Stage 2: 3y-
return.

Using two-stage DEA model to evaluate
the efficiency of precious metal mutual
funds.

Sheng-Wei Lin,
Wen-Min Lu,
Fengyi Lin

2020 Entrusting deci-
sions to the public
service pension
fund: An inte-
grated predictive
model with addi-
tive network DEA
approach

two-stage additive
DEA

Stage 1: operating
expenses, employ-
ees, net fixed assets.
Stage 2: transac-
tion costs.

Stage 1: manage-
ment fee (I), other
expenses (I) . Stage
2: increase in the
amount of net asset
value.

Using two-stage additive network
model to evaluate the investment trust
corporations.

Don
U.A.Galagedera,
Hirofumi
Fukuyama,
John Watson,
Eric K.M.Tan

2020 Do mutual fund
managers earn
their fees? New
measures for per-
formance appraisal

two-stage DEA Stage 1: fund
flow, marketing
expenses, opera-
tional costs. Stage
2: management fee,
turnover ratio, to-
tal risk, systematic
risk, downside risk.

Stage 1: total net
asset (I). Stage 2: 1
year return, 3 year
return, 5 year re-
turn.

Using two-stage network model to eval-
uate the relative efficiency of disburse-
ment and find that funds charge higher
fees perform poorly in disbursement
management.

Continued on next page
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Figure 4.1: A progress in calculating DEA scores
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Figure 4.2: Configuration of the network DEA model
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Figure 4.3: Fund portfolio: univariate sort on DEA score

Notes: This figure show the cumulative return of the fund portfolio formed by using the DEA scores and management structure.
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Figure 4.4: Fund portfolio: bivariate sort on DEA score and past performance

Notes: This figure show the cumulative return of the fund portfolio formed by using the DEA scores and past return.
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Figure 4.5: Fund portfolio with alternative non-parametric models

Notes: This figure show the cumulative return of the fund portfolio formed by using the efficiency score of alternative models.
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5 | Conclusion

5.1 Summary of findings

This thesis aims to derive a deeper understanding of the performance of the mutual fund

sector while providing practitioners with guidelines in fund portfolio construction to help

investors choose future winners from over 7,000 available mutual funds. We first examine

the impact of macroeconomic uncertainty on the cross-sectional distribution of mutual

funds and propose an easy-to-follow strategy, based on the level of uncertainty, that

reduces the challenges for investors in the event of a market crash. In addition, we study

how a fund’s sustainability rating, a fast-growing constrained investment sector, affects

mutual fund performance and whether this relationship is affected by policy uncertainty.

Furthermore, investor preferences in relation to sustainability are also investigated based

on the market uncertainty level. Finally, we propose the use of the DEA efficiency score

in predicting subsequent mutual fund performance and use it as an investment signal

for selecting the best-performing funds, as opposed to using the traditional investment

strategies and benchmark indices. In this final chapter, we summarise our findings and

discuss certain limitations and suggest further research directions.
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5.1.1 Marcoeconomic uncertainty and the cross-section of mu-

tual fund returns

Chapter 2 of this thesis studies how macroeconomic uncertainty affects the cross-sectional

distribution of mutual fund performance. Studies have shown that market uncertainty

significantly affects the performance of a wide range of investment assets, including equi-

ties (Bali et al., 2017), hedge fund sector (e.g., Vrontos et al., 2008; Racicot and Théoret,

2016; Krause, 2019) and bond sector (e.g., Bali and Wen, 2017; Ioannidis and Ka, 2021;

Bali et al., 2021). It has also been shown that uncertainty is strongly counter-cyclical

and increases the instability of the financial market. However, apart from the study by

Bali et al. (2014) which briefly touches upon this topic and finds an insignificant impact

of uncertainty on average fund return, no further examinations have been undertaken.

Using the macroeconomic uncertainty index from Jurado et al. (2015) as a mea-

sure of uncertainty, we first show that macroeconomic uncertainty does not affect the

cross-sectional average mutual fund risk-adjusted returns but increases the cross-sectional

return dispersion, which remains significant after adding various control variables and

within a sub-sample analysis. These results indicate that some funds perform exception-

ally well during periods of high uncertainty while others perform poorly, showing both

risk and opportunity towards investors. However, examining fund flow data, we show that

neither the average flow nor the flow dispersion is affected by uncertainty, suggesting that

investors do not adjust their portfolios based on uncertainty.

Finally, to help investors with their asset allocation, this chapter further explores how

investors can utilize uncertainty in their mutual fund investment process. We propose
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an investment solution that employs a momentum strategy during stable periods and

switches to a contrarian strategy as macroeconomic uncertainty exceeds 75% of the his-

torical level. Using a buy-and-hold investment strategy with various rebalancing frequen-

cies, our results clearly show a preference for a momentum (contrarian) strategy during

tranquil (volatile) periods. More importantly, this strategy helps investors avoid both

momentum and market crashes that happened during the financial crisis while emerging

from the volatile period with a higher profit level.

5.2 Impact of sustainability ratings on mutual fund

performance and flow

A comprehensive examination of how mutual funds’ sustainability ratings affect their

performance is explored in Chapter 3 by using a panel fixed-effect regression model. In

contrast with the linear view held by almost all previous studies on the mutual fund

sector, we hypothesise a non-linear U-shaped impact of funds’ sustainability ratings on

their financial performance. Wang et al. (2016) show that the benefits of sustainable

investment can only cover the additional cost after reaching a certain level of sustainability

because a firm must bear the cost of sustainable investing before receiving the financial

benefit. In addition, Barnett and Salomon (2006) argue that fund investors are only able

to profit from the sustainability benefit if they become fully immersed in the process

and apply as many screens as possible; otherwise, it may be preferable for them to avoid

sustainable investing, due to the smaller selection pool.

By constructing a holding-based mutual fund environmental, social and governance
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(ESG) score using a sample of 1,262 US domestic equity mutual funds, we demonstrate

a significant non-linear U-shaped relationship between funds’ sustainability ratings and

financial performance in terms of both risk-adjusted returns and value at risk (VaR).

In addition, as ESG is an aggregated measure with each individual pillar focusing on

distinctive areas, we examine the impact of individual ESG pillars on fund performance

and find that the U-shaped relationship is mainly caused by the environmental (E) and

social (S) pillars, which both require significant capital investment in order to make any

improvement. Meanwhile, as the governance (G) pillar is less capital intensive and fo-

cuses more on risk reduction, the result indicates an insignificant impact on fund return

and a reduced VaR as the G score increases. This supports the findings from the exist-

ing corporate governance literature (e.g., Bhagat and Bolton (2008, 2019); Giese et al.

(2021)).

The second finding of Chapter 3 reveals that the U-shaped impact is affected by the

market environment, measured by the economic policy uncertainty (EPU) index. We

demonstrate that the financial benefit can cover the cost at a lower sustainability level

during periods of high uncertainty, while the top sustainable funds may suffer from an in-

crease in diversification issues. These changes cause the U-shaped impact on fund returns

to flip to an inverse U-shape. However, as the risk buffer characteristic of sustainable in-

vestment is less likely to be affected by the diversification issue, highly sustainable funds

still benefit, and even to a greater extent, from this reduction in tail risk during periods

of high levels of uncertainty.

Finally, our examination turns to mutual fund flows to gain a deeper understanding of

investor preferences towards sustainability, particularly in different market environments.
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Our results indicate a change in investor preference, subject to uncertainty. When uncer-

tainty is low, investors value sustainable investing (e.g., Renneboog et al., 2008b; Riedl

and Smeets, 2017) but attempt to avoid the diversification issue, which constitutes an

inverse U-shaped relationship between funds sustainability ratings and subsequent fund

flow. Meanwhile, in periods of high uncertainty, investors’ views on sustainability drive

their overall preferences. ESG-seeking investors see sustainable investing as a risk buffer

and believe high sustainability assets can generate a better return with lower risk dur-

ing periods of high uncertainty. Thus, they stick to funds with high ESG scores (e.g.,

Roselle, 2016; Gutsche and Ziegler, 2019; Parida and Wang, 2018; Lins et al., 2017). On

the contrary, non–ESG-seeking investors would deem it a more costly investment and try

their best to avoid it. These differences in behaviour cause the polarization issue among

investors and, as a result, create a U-shaped ESG-flow relationship.

5.2.1 Data envelopment analysis and mutual fund returns

The final empirical chapter of this thesis, Chapter 4, proposes the use of mutual funds’

data envelopment analysis (DEA) efficiency scores in explaining and predicting a mutual

fund’s subsequent performance. In order to overcome the issues discovered when using

traditional factor model-based performance measures, studies have used DEA as an al-

ternative method (e.g., Basso and Funari, 2016; Kaffash and Marra, 2017). Meanwhile,

few actively utilize the DEA efficiency score to predict subsequent fund performance and

construct investment portfolios. Among the few studies, Lin and Liu (2021) research

whether the DEA score can be used to construct a fund portfolio but restricts the model

to a static setting. Moreover, they only compare 48 mutual funds due to the constraints
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of their model. From previous empirical studies, a fund’s DEA score should be able to

predict future performance because of its close relationship with traditional performance

measures (Murthi et al., 1997) and its comprehensive nature (Galagedera et al., 2018).

Indeed, Pätäri et al. (2010) and Pätäri et al. (2012) show the value of DEA in constructing

equity portfolios. As investors struggle to identify future winners, a new high-performing,

long-lasting investment signal would be valuable and in significant demand. Thus, Chap-

ter 4 examines whether funds’ DEA scores can be used as such criteria in constructing

future winning fund portfolios.

Using a sample of US actively managed equity mutual funds from 2009 to 2016,

we calculate the mutual funds’ DEA scores by using a two-stage network DEA model

following Galagedera et al. (2018) with techniques from Tone et al. (2020) in dealing with

the negative data issue. First, we show that a high DEA score significantly correlates

to better subsequent returns under a wide range of macroeconomic and fund-specific

control variables. Second, by constructing decile DEA-ranked fund portfolios, we show

that high DEA-scored fund portfolios record a significantly better performance in net

returns, risk-adjusted returns, excess returns and standard deviation. Interestingly, we

notice a large discrepancy between the funds within the top DEA-scored portfolio and

the momentum portfolio, suggesting that DEA can identify future winning funds in a

more comprehensive way, not only based on past returns. As both DEA and past return

can be used to construct fund portfolios that outperform the market while using different

assets, we further investigate whether a combined strategy would generate better profit.

In examining this idea, we propose using the DEA-momentum strategy, which focuses

on the most efficient past top-performers and demonstrates a significant leap in perfor-

195



mance compared with the traditional momentum strategy. We further demonstrate that

both institutional and retail investors can take advantage of this superior performance

of the DEA-momentum strategy. As investors have different preferences in adjusting

their portfolios, we examine the DEA-momentum strategy in different holding period

scenarios and find persistent outperformance in both short-term and long-term holding

periods. Collectively, these examinations further enhance the value of the DEA score in

generating investment plans and provide both retail and institutional investors with a

new investment signal that is more effective than the traditional measures.

5.3 Limitations and Furture Research

Despite the contributions of this thesis, our study has certain limitations. First, our study

fails to incorporate the most recent COVID-19 crisis, when uncertainty was more than

double the peak value that was reached during the 2008 financial crisis. Although studies

in the field generally find consistent results in relation to the 2008 financial crisis, it would

still be valuable to examine how the COVID-19 pandemic affects active mutual funds’

performances or the relationship between funds’ ESG scores and performance. However,

the study is limited to the time frames between 2003 and 2017, or 2010 and 2017, based

on the availability of the data. Most of the data we used in the main study was collected

from the CRSP database using Wharton Research Data Services in 2017; however, since

then, we have lost access to the database, and, thus, it is not possible to update the data.

Significant gaps still remain in the mutual fund performance analysis literature, par-

ticularly in relation to the factors on which we have focused, which require further exam-

ination. For example, additional studies could explore the impact of uncertainty on the
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cross-sectional distribution of mutual fund performance in other financial markets (i.e.,

the UK, Japan or other emerging markets). Since there are underlying differences in the

causes of the 2008 financial crisis and the 2019 COVID-19 pandemic, further studies could

also examine whether the impact of uncertainty is different during these two events.

Then, towards the second empirical chapter of the thesis, studies on how sustainable

investment affect the performance of investment assets can benefit from using more de-

tailed but more popular sub-pillars, such as the Morningstar Portfolio Carbon Risk Score.1

Using more detailed sustainable criteria might further reveal the preference of investors

and explain the polarization effect of fund flow during periods of high uncertainty.

Furthermore, when examining funds’ DEA scores, future studies could extend the

findings of this thesis by incorporating a new stage that focuses on the management

of sustainability ratings, with additional outputs being funds’ ESG scores. Currently,

Basso and Funari (2003), and Galagedera (2019) are the representative studies that have

included fund ESG rating within their DEA model. Additional models, such as the super-

efficiency model, could also enhance the performance of the DEA portfolio. Finally, we

believe that further examination using additional factors, such as the ESG ratings, would

further highlight the benefit of using DEA methods in the measurement of mutual fund

performance and in investment decisions. These questions are left for further discussion.

1Detail can be found at https://www.morningstar.com/content/dam/marketing/shared/
Company/LandingPages/CarbonRisk/Carbon_Risk_Paper.pdf?cid=EMQ_
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