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ABSTRACT

The puzzle is yet to be solved whether gender differences exist in behavioral biases and investment
preferences of highly skilled and experienced professionals. Subsequently, this thesis consists of three
related essays on investment decisions by gender of professionals in the field of finance. The first essay
shows that prospect theory value influences insider trading decisions, and the impact is stronger among
female executives’ trades. Female insiders tend to carry more biased trades and suffer significantly
higher resultant losses, as compared to their male counterparts. Female insiders who buy (sell) when
their company's prospect theory value is above (below) other firms’ prospect theory values, lose 47
basis points over the next month. While the findings contradict the overconfidence hypothesis that
predicts poor trading decisions by male insiders, the results are consistent with the male insiders’
superior information access hypothesis, suggesting that informational disadvantage serves as a possible
channel of higher behavioral biases in female insiders’ trading. The second essay demonstrates that the
gender of mutual fund managers affects the liquidity of a portfolio. Female managers prefer higher
portfolio liquidity than their male counterparts. Funds managed by single female managers are 8-25%
more liquid than single male managed funds. Contrary to the excessive trading hypothesis that expects
a higher liquidity preference by overconfident male fund managers, the findings support inclination of
female fund managers for the price efficiency hypothesis. Funds experience an increased liquidity when
they transition to a female manager. The third essay documents that collective self-construal of female
fund managers explains their tendency to invest less actively as compared to their male counterparts.
Funds with a higher proportion of female managers in management team closely track multifactor
benchmark. For the funds managed by more female managers than males, the economic benefits of
diversification are 1.86% lower than other funds. Consistent with the literature, female fund managers
herd more, take less risk, and are less overconfident than males. These investment behaviors are likely

to be the possible explanations of less active investing strategy of female fund managers.
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CHAPTER 1
INTRODUCTION

This chapter provides a brief introduction of the thesis. Section 1.1 outlines the motivation, aim, and
contribution to the literature to explore gender differences in investment decisions of professionals in
the field of finance. Section 1.2 presents a brief overview of the findings of three empirical studies.
Section 1.3 lists research outputs from the thesis. Finally, Section 1.4 provides the structure of the

remainder of the thesis.



1.1 Motivation, Objective, and Contribution to the Literature

In the past few years, there has been a rise in the number of women holding top positions in companies.
However, women continue to be underrepresented in top leadership roles. In the U.S., in companies’
executive-level positions, 1 in 5 executives are female (Huang et al., 2019). Within S&P 500 indexed
companies, which are the largest and most well-known companies in the U.S., only 5.8% of the Chief
Executive Officers (CEOs) are female (Catalyst, 2020a). Globally, women account for less than 29%
of senior positions and nearly 20% of board of director positions (Catalyst, 2020b). Men also outhumber
women managers in the fund industry. Across 56 countries, about 1 in 5 funds has at least one female
manager, and this trend is unchanged since the 2008 financial crisis (Sargis & Lutton, 2016). A detailed
study of fund managers by gender shows that only 9.4% of fund managers in the U.S. fund industry are
women (Lutton & Davis, 2015). Moreover, from 1990 to 2017, the U.S. active equity and fixed income
funds have grown in number from 1,900 to 8,500, indicating more jobs for portfolio managers.
However, men have obtained 85 to 90% of these new roles, and women have failed to take significant

advantage of the growth in positions (Sargis & Wing, 2018).

Even though the number of females with the autonomy for strategic decision making is small,
their attitudes and behaviors are important predictors of investment outcomes. Hence, this thesis
explores the personality attributes, investment behaviors, and preferences of female professionals in
decision making roles, and their impact on investment choices. When women climb to the top of the
corporate ladder, are their investment decisions similar to those of their male counterparts? Do
behavioral disparities among gender affect the investment style of professional females? Furthermore,
are there some channels that contribute to the investment choices of females? We answer these questions
with the help of three research studies. Considering gender, our one study examines insider trading
decisions of top executives, while two of the studies investigate the investment preferences of mutual
fund managers. The essays of this thesis provide empirical evidence that differences in investment
decisions exist between male and female professionals. In addition to personality attributes, some

situational factors also play a crucial role in shaping the trading behaviors of females.



Although a gender gap exists within leadership positions, there is a continuous emphasis on the
need to improve female participation in corporate decision making. Various studies have shown that
firms with gender diverse top management teams perform better than firms with less diversity (Dezso
& Ross, 2012; Hoobler et al., 2018). Nevertheless, in psychology, management, and various other fields
of study, the findings are mixed regarding fundamental differences among males and females in top
positions. One strand of literature argues that females are passive, sensitive, and do not possess the
required skills to lead, whereas evidence also exists which indicates that females’ unique cognitive skills

help them to excel in leadership roles (Carli & Eagly, 2016; Eagly, 2016).

Similarly, in the field of finance, there has been a continuous debate focused on solving the
puzzle of gender differences in investment decisions. Numerous studies have described that female
investors are conservative in their investments (Sunden & Surette, 1998), and female executives opt for
less risky corporate policies compared to male executives (Faccio, Marchica, & Mura, 2016). Ho et al.
(2015) demonstrate a positive association between female executives and accounting conservatism.
Contrary to this view, Doan and Iskandar-Datta (2020) provide evidence that female chief financial
officers are more ethical in their decisions, but not more risk averse, than their male counterparts.
Female directors are highly likely to take more risks than male directors (Adams & Funk, 2012). The
literature documents that male investors trade more aggressively and earn smaller net returns than
female investors (Barber & Odean, 2001). Huang and Kisgen (2013) conclude that female executives
are less overconfident, inclined to make less significant acquisitions, and reduce the debt level of firms.
However, Atkinson, Baird, and Frye (2003) find no disparity among male and female fund managers in
terms of fund performance, risk taking, and other fund characteristics. Liu, Wei, and Xie (2014) show
a positive association between a higher proportion of female executives and firm performance in China.
On the other hand, Adams and Ferreira (2009) document that while female directors are more effective

monitors than male directors, their impact on firm performance and value is negative.

We contribute to this contradictory issue by analyzing risk preferences of female executives,

and investment preferences of female mutual fund managers. To the best of our knowledge, these



personality attributes of women have not been studied in detail in the existing literature. Moreover, we
find limited literature exploring gender differences in investment decisions, as opposed to corporate
decisions, of professionals. Essay one (Chapter 2) shows that trading decisions of insiders are subject
to risk preferences. The literature on insider trading reports that insiders earn abnormal profits on their
trades because they are well informed about their firm’s fundamentals (Lakonishok & Lee, 2001; Rozeff
& Zaman, 1998). In contrast, our study provides empirical evidence that insiders earn losses from the
trades induced by the prospect theory value and that the prospect theory value bias is stronger among
female executives’ trades. We measure bias according to the cumulative prospect theory. The
motivation of the study relates to the findings of Inci, Narayanan, and Seyhun (2017) that access to
information for female insiders is limited in comparison to their male counterparts. The results suggest
that the availability of asymmetric information possibly explains the tendency of less-informed female
insiders to carry more prospect theory value induces trades. Kumar (2009b) argues that investors exhibit

stronger behavioral biases in valuing stocks for which information is scarce and uncertainty is high.

We show that situational attributes, as opposed to personality traits, influence biased trade
losses of female executives. Male dominance at top corporate levels remains a barrier that presents a
“glass ceiling”, hindering females' progress to the top echelons of power (Athey, Avery, & Zemsky,
2000). Even after achieving an elite corporate position, females remain excluded from the informal
networks with male peers where critical information is shared (Davies-Netzley, 1998; Lyness &
Thompson, 2000). Hence, to provide support to the argument that female insiders face limited access
to information which might be one of the determinants of their higher biased trade losses, we test our
main results in two settings. First, we run analysis for the trades where information is expected to be
equally dispersed among all executives. Examining gender differences in losses from prospect theory
value trades within executives’ formal titles, trade size, routine trades, and macro-level market
uncertainty, the findings indicate higher biased trade losses among female insiders, compared to males.
It indicates unequal access to information for female insiders, which possibly contributes to higher
biased trade losses. Second, we explore the settings where insider trades are carried only when superior

information is available. Buy insider trades possess valuable private information and strongly predict



future returns (Lakonishok & Lee, 2001). Considering buy transactions and firms with higher

proportion of female trades, our results report a decrease in female insiders’ losses from biased trades.

To the best of our knowledge, this study provides the first empirical evidence of gender
differences in prospect theory value bias, specifically, for insider trading. Our findings support the
argument that female insiders’ disadvantage in access to information (Inci, Narayanan, & Seyhun, 2017)
is one of the contributors to the association between female insiders and losses from biased trades. The
existing literature argues that lack of knowledge and higher uncertainty lead to behavioral biases (e.g.,
Feng & Seasholes, 2005; Kumar, 2009b). The analysis of insiders’ gender disparity in behavioral bias
is a contribution to the existing literature on decision making by professional males and females (e.qg.,
Hibbert, Lawrence, & Prakash, 2016; Huang & Kisgen, 2013; Niessen-Ruenzi & Ruenzi, 2019). Our
results are consistent with the line of literature describing that insider trades are prone to behavioral

biases (e.g., Hillier, Korczak, & Korczak, 2015; Kallunki, Nilsson, & Hellstrom, 2009).

Essay two (Chapter 3) focuses on fund managers’ preference for liquidity and examines the
role of gender in selecting liquidity-preferred portfolios. The importance of holding a liquid portfolio
motivates this study because holding liquid securities provides a safety cushion to mutual funds to
manage liquidity risk in the event of crisis (e.g., Huang, 2015; Scholes, 2000). The study documents
that liquidity preference differs among male and female fund managers. Consistent with the literature,
we find that male fund managers are involved in aggressive trading. However, female fund managers
significantly prefer portfolio liquidity as compared to their male counterparts. We examine why female
managed funds hold more liquid stocks. The findings indicate that female fund managers prefer to hold
liquid stocks for which prices adjust to information in a timely manner. Subsequently, female fund
managers’ inclination towards price efficient stocks is a potential channel to a higher portfolio liquidity.
To measure the price efficiency of stocks, we use the price delay measure introduced by Hou and

Moskowitz (2005).

We investigate the validity of the association between female fund managers and portfolio

liquidity by considering fund and manager level controls, along with fund and time fixed effects, in the



models. However, it is important to address the endogeneity concern in more detail. We use different
techniques to deal with the issues of omitted variables, reverse causality, and selection bias. We apply
the propensity score matching approach on the full sample as well as on a subsample of funds which
experience a transition from one manager to another. We compare the liquidity preference of funds
managed by female managers to a matched sample of peers run by male managers that are
indistinguishable in terms of investment objective, time, fund, and manager level characteristics.
Second, we compare the portfolio liquidity preference of the same funds managed by managers of a
different gender. In addition to panel regressions with fund and time fixed effects, we use the difference-
in-differences approach on transition funds to compare fund liquidity before and after transitions from
male to female managers with a control sample of male to male transition funds. We conduct an
additional test to rule out any endogeneity concerns. The test relies on an instrumental variable

approach. Our findings are consistent and significant for all the tests.

The main contribution of the second essay is to examine the difference in preference for
portfolio liquidity among male and female mutual fund managers. Our study further contributes to the
existing literature that reports liquidity as one of the important characteristics of stockholdings preferred
by institutional investors (e.g., Falkenstein, 1996; Gompers & Metrick, 2001). The results are consistent
with the notion that behavioral disparities among gender exist even in professional settings (e.g., Faccio,
Marchica, & Mura, 2016; Ho et al., 2015; Huang & Kisgen, 2013; Niessen-Ruenzi & Ruenzi, 2019).
Our findings also contribute to the literature on females’ inclination towards informationally transparent
stocks, and the positive association between stock price efficiency and liquidity (e.g., Abad et al., 2017;

Gul, Srinidhi, & Ng, 2011; Lang, Lins, & Maffett, 2012).

The third essay (Chapter 4) aims to examine whether female fund managers invest less or more
actively. Highly active fund managers utilize their skills and abilities to outperform their fund’s
benchmark. We document that the returns of funds managed by a high proportion of female managers
closely track the benchmark, thereby showing that females manage funds less actively. These results

are robust to control variables such as team size, fund size, expense ratio, fund net flow, and manager



demographics like age, education, and tenure. The psychology literature on self-construal of gender
motivates our study. It describes that collective self-construal is one of the important female self-
attributes, which makes women to be more social and interdependent than men (Cross & Madson, 1997;
Kashima et al., 1995). Compared to men, women are less likely to make unique decisions which are
against the common beliefs of the group. Hence, the results of our study provide evidence that the
tendency of funds to deviate from the multifactor benchmark decreases when a high proportion of

females are present in the fund management team.

Additionally, we test the impact of a high proportion of female fund managers in management
team on the fund’s economic benefit of diversification. Using the mean-variance spanning test, the
findings show that collective self-construal of female fund managers reduces the benefits of
diversification. This indicates that investors are less likely to enjoy diversification gains by investing in
funds managed by more female managers than males. In this study, we analyze the impact of investment
behaviors related to a manager’s gender, i.e., herding, risk taking, and overconfidence, on the co-
movement of fund returns with market returns. Considering the interdependent self-construal of female
fund managers, we expect that they herd the common and acceptable investment strategies of the
market, instead of making bold decisions. The literature suggests that herding behavior leads to an
increase in co-movement with the market (Eun, Wang, & Xiao, 2015). Considering females to be more
risk averse (Faccio, Marchica, & Mura, 2016) and less overconfident (Barber & Odean, 2001) than
males, we indicate a positive impact of these behaviors on the co-movement between fund and
benchmark returns. Finally, we test the investment style of female fund managers and its impact on

fund activity.

The findings of study three indicate that, in addition to self-construal, investment behaviors of
female fund managers are highly likely to explain less active fund management by female managers.
Our findings contribute to the psychology literature of collective self-construal of women (e.g.,
Kashima et al., 1995; Markus & Kitayama, 1991). To the best of our knowledge, this is the first study

which explores the role of gender of fund managers in funds’ co-movement with the index, by using



the activity measure of R% Moreover, this research study is an addition to the mutual fund literature on
gender diversity of fund managers and team managed funds (e.g. Atkinson, Baird, & Frye, 2003; Bér,
Kempf, & Ruenzi, 2010; Bar, Niessen-Ruenzi, & Ruenzi, 2009; Niessen & Ruenzi, 2006). The finding
of reduced economic benefits of diversification contributes to the literature, which suggests lower

performance of female professionals as compared to males (e.g., Adams & Ferreira, 2009).

1.2 Main Findings

This section highlights the main findings of the three studies. In the first study, we develop a measure
of behavioral bias according to the measure of prospect theory value introduced by Barberis, Mukherjee,
and Wang (2016). We find that 14.01% of our sample trades are behaviorally biased insider
transactions, induced by prospect theory value. Considering all the control variables and the firm fixed
effect, our regression results describe that risk preferences of insiders affect their trading decisions. The
trading decisions tempted by prospect theory value make insider stocks overvalued (undervalued) and
the subsequent future returns of such trades are negatively impacted. The findings indicate that 20.02%
(13.86%) of the trades made by female (male) insiders are biased. Furthermore, the losses from these
biased trades of female insiders are 47 basis points higher than that of their male counterparts. The
coefficient of a higher loss from biased trades by female insiders is economically and statistically
significant at the 1% level. Hence, we provide empirical evidence that gender differences exist in insider
trading decisions and that female insiders show a stronger tendency to carry out biased trades and suffer

higher losses compared to male insiders.

To propose a possible channel contributing to the main findings, we run some additional tests.
Considering underrepresentation of females at top positions, and the fact that male professionals gain
more benefits from information channels (social connections) than do females (Fang & Huang, 2017),
we analyze settings where information is expected to be equally spread among all insiders, irrespective
of the gender. Higher trade biases in these settings might be explained by the unequal availability of

information. Inci, Narayanan, and Seyhun (2017) conclude that female insiders face an informational



disadvantage even within the same executive position. Hence, we examine gender differences in losses
from prospect theory value biased trades within similar executive titles (i.e., chairperson, chief officer,
and director). Consistent with the literature that uncertainty leads to higher biases, it is evident that in
all executive positions female insiders suffer more losses from prospect theory value biased trades, than
males. Informed traders carry trades of large size and earn more profits (Easley & O'hara, 1987). In a
given trade size, we expect the availability of information to be the same for all traders. However, we
find positive association between female insiders and losses from the biased trades. We find similar
results under the setting of routine trades and market-level uncertainty, which indicates limited
availability or existence of noisy information for all investors (Kumar, 2009b). In these settings, higher
losses of female insider trading depict that tendency of females to be influenced by their heuristics is

higher than males.

As highlighted in the literature that male dominance and lack of connections become a hurdle
for females to collect material information (Lyness & Thompson, 2000). Subsequently, we run a test
for a sub-sample of firms where female representation is high. The regression results show that when
we limit our sample to the firms in which the proportion of female insider trading is at the 95" percentile
and above, no significant positive relation exists between female insider trades and the biases losses.
Considering that buy transactions carry superior material information coupled with strict monitoring
risk, the results describe that when female insiders buy, the prospect theory value bias does not influence
their decisions and, consequently, losses diminish. Hence, access to information factor potentially

explains our results.

In the second study, we use a sample of 1,932 U.S. domestic open-end single managed active
equity funds from January 2000 to December 2017. The study concludes that the gender of mutual fund
managers does affect the choice of portfolio liquidity, and female fund managers prefer liquidity more
than male managers. We use three proxies to measure portfolio liquidity; (i) the Portfolio liquidity
measure developed by Pastor, Stambaugh, and Taylor (2020), (ii) Amihud (2002) portfolio liquidity,

and (iii) Bid-Ask spread portfolio liquidity. The results indicate that funds managed by single female



managers are 8% to 25% more liquid than single male managed funds. The coefficients of all three
measures of portfolio liquidity exhibit a significantly positive relationship with female managed funds,
even after controlling for fund and manager-specific characteristics, and including year and fund fixed
effects. The results also demonstrate that funds with more liquid portfolios are larger and cheaper.
Moreover, the study suggests that the investment styles of funds play a significant role in either
strengthening or weakening the association between portfolio liquidity and female managed funds. The
literature shows that female representation at top level positions improves stock price informativeness
and reduces information asymmetry in the market (Gul, Srinidhi, & Ng, 2011). We test the conjecture
and provide empirical evidence that females’ preference for information transparency serves as a

potential explanation of the higher portfolio liquidity preference of female fund managers.

By applying propensity scores, the results show that the average portfolio liquidity of funds
managed by female managers is higher than the portfolio liquidity of male managed funds, even when
other relevant characteristics between the fund pairs are virtually equal. The findings of univariate
regressions on the matched sample of transition funds indicate the higher liquidity preference of female
managers. Following Huang and Kisgen (2013), we apply a difference-in-differences approach for
comparing portfolio liquidity before and after transitions from a male to female fund manager with a
control sample of male to male transition funds. The outcome documents that a fund’s portfolio liquidity
increases after a transition from a male to female fund manager, as compared to a male to male
transition. Finally, using the U.S. state’s level gender equality index (Di Noia, 2002) as an instrumental
variable, we find consistent results that female fund managers prefer higher portfolio liquidity in

comparison to male fund managers.

Amihud and Goyenko (2013) present R? as a measure of a fund’s strategy or selectivity, which
is the proportion of fund return variance that is explained by the variation in multifactor benchmark
factors. Higher R? indicates that fund tracks the benchmark closely. Using a sample of 1,565 U.S.
domestic open-end actively managed equity funds (including single as well as team managed funds)

from January 2004 to December 2014, the results of the third study show that R? increases significantly



with a higher fraction of female managers in the fund management team. This indicates that female
fund managers tend to make decisions in accordance with market opinions, and the trends of benchmark
indexes influence their portfolio management. The study reports that the diversification gains of funds
managed by a higher fraction of female fund managers are 1.86% lower than other funds. Hence, we
conclude that less actively managed funds pay a price in the form of reduced diversification benefits.
Our results show that funds herd more with a higher female proportion in the management team and
there exists a positive relation between herding and fund returns’ tracking of the benchmark returns.
The findings also show that female fund managers manage a portfolio of less risky stocks and have a
long-term perspective to investment with a buy and hold strategy. Hence, more risk averse and less

overconfidence behaviors may explain the tendency of females to invest less actively.

1.3 Research Output

Essay one, titled “Gender and Prospect Theory Value Bias: Evidence from Insider Trading,” has been
presented at the following forums:
e PhD symposium of Massey Business School (Albany) on November 28", 2017.
e Main session of 22" Annual New Zealand Finance Colloquium (NZFC) at Massey University,
Palmerston North, New Zealand on 8" — 9" February 2018.
e Main session of 30" Asian Finance Association (Asian FA) Annual Meeting at Hitotshubashi
Hall, Tokyo, Japan on 25" — 27" June 2018.
e Main session of 2018 New Zealand Finance Meeting (NZFM) at Crowne Plaza, Queenstown,

New Zealand on 17" — 19" December 2018.

Essay three, titled “Female Fund Managers and Collectivism,” has been presented at the following

forums:

e PhD symposium of Massey Business School (Albany) on November 24", 2016.



e PhD symposium of 21* Annual New Zealand Finance Colloquium (NZFC) at University of
Auckland, Auckland, New Zealand on 8" — 9" February 2017.

e PhD symposium of 9" Financial Markets and Corporate Governance (FMCG) Conference at
La Trobe University, Melbourne, Australia on 4™ — 7" April 2018.

e Main session of 2018 Accounting and Finance Association of Australia and New Zealand

(AFAANZ) at Cordis, Auckland, New Zealand on 2" — 3™ July 2018.

1.4 Structure of the Thesis

The remainder of the thesis is structured as follows: Chapter 2 comprises of the first essay which
examines bias in insider trading according to the gender of top executives. Chapter 3 includes the second
empirical study which analyzes liquidity preference of male and female mutual fund managers. The
third research study which tests the effect of collectivism of female fund managers on fund activity is

presented in Chapter 4. Chapter 5 provides the conclusions of the three essays.*

! The studies presented in Chapter 2, 3, and 4 will be submitted to journals as co-authored work with my two
supervisors. Therefore, instead of “T” and “my”, the terms “we” and “our” are used throughout the thesis.



CHAPTER 2

GENDER AND PROSPECT THEORY VALUE BIAS: EVIDENCE
FROM INSIDER TRADING

This chapter documents the first essay of the thesis, which tests insider trading decisions by male and
female top executives. We obtain insider trading data of U.S. firms from the comprehensive source of
2iQ Research - Global Insider Transaction Data. We use the FactSet database to identify the gender of
the executives, from 2000 to 2016. Our findings show that insider trades are subject to behavioral biases.
Biased trade losses of female insiders are higher than the losses of male insiders. The study argues that

an informational disadvantage of female insiders possibly explains their higher biased trade losses.

Section 2.1 presents the research question and motivation of the study. Section 2.2 provides the
literature review while Section 2.3 establishes the research methodology and specifies the details of our
data. Section 2.4 discusses the applications of diagnostic tests, analysis, and discussion of results, along
with several additional tests. Section 2.5 concludes. An appendix to this chapter and the relevant

reference list are provided at the end of the thesis.



Gender and Prospect Theory Value Bias: Evidence from Insider

Trading

Abstract

This study shows that prospect theory value influences insider trading decisions, and that the
impact is stronger among female, rather than male, executives’ trades. Insiders who buy (sell)
when their company's prospect theory value is above (below) other firms’ prospect theory
values, lose 34 (12) basis points over the next month. Female insiders, compared to their male
counterparts, make higher number of prospect theory value biased trades and suffer
significantly higher resultant losses (i.e. 47 basis points). While the findings contradict the
overconfidence hypothesis that predicts poor trading decisions by male insiders, the results are
consistent with the male insiders’ superior information access hypothesis, suggesting that

scarcity of information possibly explains higher biases in female insider trading.

Keywords: Executive gender, insider trading, prospect theory value, biased trade loss, access to
information.



2.1 Introduction

Corporate insiders possess superior private information about their firm’s fundamentals; thus, insider
trades are generally profitable.? However, this study shows that trading decisions of insiders are subject
to biases. We investigate whether gender difference exists in biased insider trades of the executives.
Our study examines behavioral bias according to the cumulative prospect theory, which defines risk
preferences as a function of “decision weights” that tend to overweight small probabilities and
underweight high probabilities of gains and losses (Tversky & Kahneman, 1992). Additionally, we
explore possible explanations of biased trading decisions of male and female insiders. Insider trading
provides a perfect setting to explore the existence of behavioral biases in the environment where trading
decisions are based on the company’s material information. The extant literature highlights the
contribution of insiders’ behavioral biases and motives to their trading decisions (Kallunki, Nilsson, &
Hellstrom, 2009; Lee & Piqueira, 2019). Nevertheless, these studies do not separately examine biases

and resultant losses in the trading decisions of male and female executives.

The issue of behavioral disparities among gender, specifically in a professional setting, is
controversial. Based on the existing literature, we develop two competing hypotheses: the
overconfidence hypothesis and the information access hypothesis. The overconfidence hypothesis
expects that male insiders make more biased trades than their female counterparts. The overconfidence
of male insiders may offset their advantage of access to superior information. The overconfident male
insiders trade more aggressively (Kallunki, Nilsson, & Hellstrom, 2009), and earn lower returns than
females (Barber & Odean, 2001). Therefore, aggressive and frequent trading may explain higher biased

trading by male insiders than their female counterparts.

In contrast to the above conjecture, the information access hypothesis expects that female
insiders make higher biased trading decisions, compared to the ones made by male insiders. Male

dominance at top corporate levels remains a barrier that presents a “glass ceiling”, hindering females'

2 See for example, Seyhun (1986); Rozeff and Zaman (1998); Lakonishok and Lee (2001); Jeng, Metrick, and
Zeckhauser (2003); Agrawal and Cooper (2015).



progress to the top echelons of power (Athey, Avery, & Zemsky, 2000). Even after achieving an elite
corporate position, females remain excluded from the informal networks with male peers where critical
information is shared (Davies-Netzley, 1998; Lyness & Thompson, 2000). These information channels
(social connections) improve the job performance of both genders but men gain more benefits from the
connections than do women (Fang & Huang, 2017). Particularly, Inci, Narayanan, and Seyhun (2017)
provide empirical evidence that female insiders are disadvantaged in accessing the informal channels
of information and their insider trades’ profitability is lower than their male counterparts. There exists
a line of literature which suggests the uncertainty and poor information availability are positively
associated with behavioral biases (Kumar, 2009b; Zhang, 2006). Furthermore, the literature indicates
that market experience and knowledge tend to diminish the impact of behavioral biases on trading
decisions (Feng & Seasholes, 2005; List, 2003). Following this stance of the literature, we expect that
female insiders may have limited access to information, which possibly explains their tendency to carry

higher biased trades.

We develop the measure of bias by using the prospect theory value measure of Barberis,
Mukherjee, and Wang (2016). They indicate that, in the cross-section, subsequent returns are low for
stocks whose past return distributions have a high prospect theory value because investors overvalue
stocks with a positively skewed distribution of past returns. This measure shows the risk preferences of
investors who involve in narrow framing and consider that past return distribution is representative of
stock’s riskiness. Subsequently, we consider that an insider trade is biased if insider stock’s prospect
theory value is greater (lower) than prospect theory value of the benchmark, the insider times a buy
(sell) trade, and earns lower (greater) return over the next month. The resultant return from this trade is
referred to a loss from the biased trade. To select a benchmark for comparison, we measure cross-

sectional average prospect theory value of other stocks in the market (benchmark) at a particular time.

We obtain insider trading data for the United States (U.S.) firms from the comprehensive source
of 2iQ Research - Global Insider Transaction Data. We include transactions of only top insiders who

are classified “A” in the insider-level category by 2iQ Research. “A” insiders include those with



membership on the executive board, chairpersons, and the top 5% beneficial owners of the company’s
stock. The findings show that insider trading decisions induced by the prospect theory value of their
stocks negatively affect future returns. Hence, the results are consistent with the literature that prospect
theory value explains future returns of a stock (Barberis, Mukherjee, & Wang, 2016). Considering male
and female insider trades, we notice that number of male insider transactions is higher than female ones.
However, overconfident male insiders are less likely to make behaviorally biased trades as compared
to females. We find that female insiders carry a higher number of biased trades and suffer with higher
losses, compared to their male counterparts, even after controlling for firm and insider level
characteristics. Subsequently, we rule out the hypothesis that the overconfidence behavior of male

insiders contributes to their higher biased trades than females.

We conduct additional tests to explore whether informational disadvantage to female insiders
possibly explains their higher biased trading decisions and resultant losses. We run the analyses in two
settings; first, where level of information is expected to be equal among all the executives, irrespective
of their gender, second, where trades are made when superior or high-quality information is available.
We expect that in the first setting, if information is equally dispersed, there ought to be no gender
difference in losses from biased insider trades. For the second setting, higher losses from female
insiders’ biased trades are expected to diminish because the trades are influenced by superior
information. For the first setting, we examine the association between female insiders and losses from
biased trades under executives’ similar formal titles, trade size, routine trades, and macro-level market
uncertainty. Whereas, sub-sample of buy trades and firms with high proportion of female insider

transactions is used for the second setting.

One may argue that the difference in informational quality between insiders’ gender might be
driven by their executive positions or formal titles. The extant literature documents that chief financial
officers (CFQO) incorporate better quality information about their future earnings and make more
profitable trades than chief executive officers (CEO) (Wang, Shin, & Francis, 2012). Knewtson and

Nofsinger (2014) explain that CEOs refrain from exploiting private information because of the higher



scrutiny risk of their insider trades, compared to CFOs’ trades. The access to information ought to be
equal within each formal title; therefore, we assume that the difference in losses from biased trades
among male and female insiders is likely to attenuate within a similar executive position. We group
insiders into three executive positions, i.e., chairperson, chief officer, and director. The results show
that, within each title category, female insiders earn higher biased trade losses than male insiders. These
findings are in line with the argument that female insiders may struggle to access better information

even within formal channels of information (Inci, Narayanan, & Seyhun, 2017).

Trade size is a proxy for level of information of the traders. It is evident in the literature that
highly informed investors choose to trade in large size to earn greater trading profits (Dufour & Engle,
2000; Easley & O’hara, 1987). Literature provides theoretical argument that trade size is associated
with higher confidence of traders with high precision of information quality, and they earn abnormal
profits (Grossman & Stiglitz, 1980). Subsequently, we run our analysis conditioned on trade size. We
divide our sample in trade terciles and examine the association between female insiders and prospect
theory value biased trade losses. We expect that gender difference in losses may reduce in a given trade
size, if all executives possess the same access to information. The findings exhibit that, even controlling
for trade size, females suffer with higher biased trade losses than male insiders. Hence, females’ limited

access to private information may serve as a channel for their higher losses.

We categorize insider trading into (i) routine, (ii) opportunistic, and (iii) non-classified trades,
following the methodology of Cohen, Malloy, and Pomorski (2012). Opportunistic trades exploit
superior non-public information and result in abnormal returns. Whereas, routine trades are unlikely to
incorporate better quality information about their future earnings. These trades are made on the same
dates and in a regular pattern, demonstrating no information superiority. Hence, we expect to observe
no gender difference in biased trade losses in routine trades’ category. Similarly, we run our analysis
under uncertain market situation. Following Kumar (2009b), our study considers four proxies to
measure macro-level market uncertainty: (i) market volatility; (ii) the Chicago Board Options Exchange

(CBOE) Volatility Index (VIX); (iii) the American Association of Individual Investors (AAII) Investor



Sentiment Data; and (iv) the U.S. national unemployment rate. There are various macro-level
uncertainty variables, however, we focus on the factors which influence investment behaviors of
investors and market participants. When uncertainty is high for investors, the signals conveyed from
insider trading might be received differently from market participants. Hence, we expect that under
uncertain market situation, insiders ought to trade on equal informational level and convey similar
signals. In these settings, our outcomes of higher losses of female insiders’ biased trading, compared to
males, indicate that tendency of females to be influenced by their heuristics is higher than males and

poor information availability potentially contribute to this association.

It is evident in the literature that insiders may sell due to reasons other than profit maximization,
such as diversification or rebalancing of portfolio, liquidity, wealth, income, or tax-loss selling (Huddart
& Ke, 2007). Buy trades, on the other hand, possess private information and insiders earn abnormal
returns (Lakonishok & Lee, 2001). We argue that if access to information explains our results, then a
reduction in losses of female insiders biased trades is expected for superior information-based buy
trades. Our results are consistent with this argument. Furthermore, we follow the argument of Inci,
Narayanan, and Seyhun (2017) that informational advantage from informal networks is reduced for
male insiders in firms where the number of males is lesser than females. We use the proportion of
female trading as a proxy for the proportion of female executives in a firm. We analyze a setting where
the proportion of female trading is higher than male trading (95" percentile and above) and find that the
results of higher losses from biased female trades do not persist.® These findings provide evidence that
biased insider trades and the resultant losses of female insiders are highly likely to diminish for the

trades induced by superior material information.

To the best of our knowledge, this study provides the first empirical evidence of gender
differences in prospect theory value bias, specifically for insider trading. Our results are consistent with

the line of literature describing that insider trades are prone to behavioral biases (e.g., Hillier, Korczak,

3 This result supports the findings of Mobbs, Tan, and Zhang (2018) that in firms with only one female director,
female outside directors earn lower abnormal returns than males when buying their company stocks. The gender
difference in trading profits is statistically insignificant in firms with more than one female directors.



& Korczak, 2015; Kallunki, Nilsson, & Hellstrom, 2009; Lee & Piqueira, 2019). The analysis of
insiders’ gender disparity in behavioral bias is a contribution to the existing literature on decision
making by professional male and female executives (e.g., Hibbert, Lawrence, & Prakash, 2016; Huang
& Kisgen, 2013; Niessen-Ruenzi & Ruenzi, 2019). Our findings are in line with the argument that
females, at corporate positions, are excluded from formal and informal channels of information and
these networks are more beneficial for males (e.g., Davies-Netzley, 1998; Fang & Huang, 2017; Inci,
Narayanan, & Seyhun, 2017; Lyness & Thompson, 2000; Mobbs, Tan, & Zhang, 2018). These findings
support the literature that limited availability of information may explain behavioral biases (e.g.,
Kumar, 2009b; Zhang, 2006). Moreover, this study provides an insight to the limited literature of gender
differences in loss aversion and probability-weighting preferences under prospect theory (e.g., Fehr-

Duda, De Gennaro, & Schubert, 2006; Hibbert, Lawrence, & Prakash, 2016; Schmidt & Traub, 2002).

The rest of the paper is structured as follows. Section 2.2 provides the literature review while
Section 2.3 establishes the research methodology and specifies the details of our data. Section 2.4
presents the applications of diagnostic tests, analysis, and discussion of results, along with several

additional tests. Section 2.5 provides the conclusions.

2.2 Literature Review and Hypotheses Development

2.2.1 Insider Trading, Information Advantage, and Behavioral Biases

The literature on insider trading highlights several firm and market-related components that may affect
buying and selling decisions and profitability of insider trading. The purchase of stock by insiders is
based on superior information and insiders possess predictive ability to forecast cross-sectional stock
returns (Jiang & Zaman, 2010; Lakonishok & Lee, 2001). Access to information about a firm’s
prospects motivates insiders to earn abnormal profits (Rozeff & Zaman, 1998; Seyhun, 1986). Market
participants also believe that insiders possess superior information about cash-flow realization and
future earnings (Piotroski & Roulstone, 2005); hence, an average investor can possibly make profitable

trading decisions by following the trade behaviors of certain insiders. Nonetheless, insiders’ sales



possess weak information. It is evident in the literature that insiders may sell due to reasons other than
profit maximization, such as diversification or rebalancing of portfolio, liquidity, wealth, income, or

tax-loss selling (Huddart & Ke, 2007; Lakonishok & Lee, 2001).

The literature sheds light on the existence of information differences among various categories
of inside executives and their trades. Cohen, Malloy, and Pomorski (2012) categorize insiders into
routine and opportunistic groups based on the information content and abnormal returns earned by their
trading patterns. Ali and Hirshleifer (2017) introduce another methodology to identify routine and
opportunistic trades, finding that opportunistic trades earn abnormal profits by exploiting private
information. By examining the information hierarchy hypothesis, it is reported that executives at the
top level of the formal hierarchy (e.g., CEO and executive chairperson) have higher predictive power
and earn greater abnormal returns than other executive officers do (Seyhun, 1986; Tavakoli, McMillan,
& McKnight, 2012). Similarly, it is found that insider purchases by independent directors and CFOs
incorporate better information about future earnings and earn positive abnormal returns, compared with

officers and CEOs (Ravina & Sapienza, 2009; Wang, Shin, & Francis, 2012).

The existing literature describes the effects of behavioral biases and personality traits on insider
trading. Terpstra, Rozell, and Robinson (1993) highlight that, in addition to personality and
demographic variables, a trader’s gender may influence the ethical decisions related to insider trading,
where men are more likely to be involved in insider trading than women. Using Swedish market data,
Kallunki, Nilsson, and Hellstrom (2009) examine behavioral biases, along with situational motives, and
conclude that portfolio rebalancing, tax strategies, and disposition effect play the most important roles
in insider trades. Moreover, male insiders trade more aggressively than females (overconfidence).
Hillier, Korczak, and Korczak (2015) provide evidence that personal attributes such as year of birth,
education, and gender explain up to a third of the variability in insider trading performance. Using a
stock’s 52-week high, Lee and Piqueira (2019) show that insider trading is affected by behavioral biases
such as anchoring and disposition effect. However, no study examines gender difference in biased

insider trading.



2.2.2 Prospect Theory, Probability Weighting, and Behavior Toward Prior Gains and Losses

Kahneman and Tversky (1979) and Tversky and Kahneman (1992) develop and use prospect theory to
describe investors’ attitude toward risky choices. According to the theory, in uncertain situations,
individuals underweight uncertain outcomes compared to those that can be obtained with certainty.
Thus, they become risk averse when facing potential gains and risk seeking when facing possible losses.
When probability weights are applied to the value function, given the concavity across gains and
convexity across losses, results show that the weighting function generally places more weight on the
tails of the distribution. Thus, it reveals a common preference for lottery-like gains and a dis-preference
for low probability extreme losses.

Barberis and Huang (2008) test the asset-pricing implication of the cumulative prospect theory
by focusing on the probability-weighting component. Their results shed light on the theory’s novel
prediction that a security’s own skewness can be priced. To the extent that preferences for stocks with
a positively skewed return distribution are strong, assets tend to be overpriced and subsequently
underperform. Barberis and Xiong (2009) argue that differences in evaluation period, expected level of
return, and shape of the value function are most likely to cause variation in the prediction of subsequent
risk-taking attitudes. They assume that prospect theory predicts a disposition effect only when investors
derive utility from realizing gains and losses on some assets. Without this assumption, the change in
the value function’s curvature might contribute to risk-taking after prior gains instead of losses.

Barberis, Mukherjee, and Wang (2016) indicate that in the cross section, subsequent returns are
low for stocks whose past return distributions have a high prospect theory value. Investors overvalue
stocks with a high positively skewed distribution of past returns, resulting in the overvalued stock
having low subsequent returns. Their study shows that the probability-weighting component of the
cumulative prospect theory enhances the prospect theory value (PTV)’s predictive power for returns.

The literature on return skewness highlights the importance of the probability-weighting
function. Kumar (2009a) classifies lottery stocks as those with the highest idiosyncratic skewness, the
highest idiosyncratic volatility, and the lowest share prices. He shows that lottery stocks typically

underperform non-lottery stocks. Using a four-factor asset-pricing model, he demonstrates that lottery



stocks generate negative alpha that is both statistically significant and economically meaningful. Boyer,
Mitton, and Vorkink (2010) estimate the expected idiosyncratic skewness and show that stocks with the
highest expected idiosyncratic skewness underperform other stocks. The relationship between lagged
extreme positive returns and future returns is reported to be significant by Bali, Cakici, and Whitelaw
(2011). They show that the expected returns on stocks that exhibit extreme positive returns are low;
however, controlling for this effect, the expected returns on stocks with high idiosyncratic risk are high.

Advances in the literature have been made to understand how risk attitudes of professional
investors are affected based on prior gains and losses. O’Connell and Teo (2009) analyze the effect of
trading gains and losses on the risk-taking attitude of institutional managers. Using a proprietary
currency trades’ database, their study reports that institutional investors are not prone to disposition
effects; rather, they aggressively reduce risk following losses and mildly increase risk following gains.
Haigh and List (2005) compare behavioral differences among undergraduate students, and professional
options and futures traders from the CBOT. They conclude that professional traders, despite having vast

trading experience, tend to show greater myopic loss aversion than students.

2.2.3 Gender Differences in Behavioral Biases and Access to Information

The literature on gender differences suggests that systematic dispositional disparities exist between
males and females. Investigating a preference condition for loss aversion in the framework of
cumulative prospect theory, Schmidt and Traub (2002) show that female subjects contribute over-
proportionally to the set of strictly loss-averse choices. They demonstrate a higher degree of loss
aversion than their male counterparts do. In experiments on binary choices among lotteries involving
small-scale real gains and losses, Brooks and Zank (2005) describe that relatively more women are loss-
averse than men. Exploring the sensitivity of women in assessing probabilities, Fehr-Duda, De Gennaro,
and Schubert (2006) find women to be more risk-averse than men when facing investment choices. This
laboratory experiment reveals that women tend to underweight larger probabilities than do men, and

this is more pronounced in the domain of gains.



With an experimental betting game, Lam and Ozorio (2013) examine gender differences in the
effect of prior gains or losses on risk-taking behavior. The study finds that women are more likely to
take greater risks after a loss, whereas men tend to take greater risks after a gain. In a survey on finance
professors, Hibbert, Lawrence, and Prakash (2016) report that women are more loss-averse and more
likely to expect unfavorable market conditions than men, irrespective of whether they have made gains

or incurred losses in their recent past investments.

The dissimilarities in risk-related behavior between the genders have been tested in multiple
settings. Croson and Gneezy (2009) review the economics literature on gender differences in risk
preferences, social preferences, and reaction to competition. The evidence provides substantial support
that women are more risk-averse than men are. Beckmann and Menkhoff (2008) conduct a survey
among professional fund managers and conclude: “fund-managing women will be women in their
profession;” they are more risk-averse, shy from competition, and are less over-confident than men are.
Huang and Kisgen (2013) provide evidence that female executives are more risk-averse in investment
and capital structure decisions as they are more likely to exercise deep-in-the-money options early.
Faccio, Marchica, and Mura (2016) evaluate whether corporate risk-taking is affected by CEO gender.
They observe a subsequent decrease in risk-taking of a given firm around the transition from a male to
a female CEO. Moreover, firms with a female CEO make less risky financing and investment choices.
Niessen-Ruenzi and Ruenzi (2019) report that female equity fund managers are more risk-averse, follow

a less extreme investment style, invest more consistently, and trade less than their male counterparts do.

Although empirical evidence supports less risk-taking behavior among women, we find
controversies in the related literature. Atkinson, Baird, and Frye (2003) find that fixed income mutual
funds managed by male and female managers do not differ in terms of performance, risk, and other fund
characteristics. Berger, Kick, and Schaeck (2014) show that three years following an increase in female

board representation, portfolio risk increases marginally.

Another prominent and extensively tested behavioral bias among genders that affects

investment decisions is overconfidence. Barber and Odean (2001) investigate the trading behavior of



male and female investors and find that men trade more frequently and earn annual risk-adjusted net
returns that are smaller than those earned by women. They conclude that “men being more
overconfident than women” drives their results. It is observed that women in general shy away from
competition (Niederle & Vesterlund, 2007). Huang and Kisgen (2013) find that female executives make
more value-enhancing decisions for their shareholders as they are involved in less frequent acquisitions
and debt issuance. On the contrary, Nekby, Thoursie, and Vahtrik (2008) show that women selected to
participate in male-dominated environments are likely to be highly competitive. Deaves, Liiders, and
Luo (2009) do not find any gender differences regarding overconfidence or trading activity. They
propose that women who are attracted to “male” disciplines may be different from the overall female
population. Following the literature of aggressive trading by overconfident men, we expect that male

insiders are more likely to carry out biased trades and suffer higher losses than female insiders.

H1la: Biased trade losses are higher among male than female insiders.

It is argued that male dominance at top corporate levels remains a barrier, hindering females'
progress to the top echelons of power (Athey, Avery, & Zemsky, 2000). Human capital theory
developed by Becker (1964) recognizes the importance of an individual’s cumulative stocks of
education, experiences, and skills in enhancing cognitive and productive capabilities. Tharenou,
Latimer, and Conroy (1994) document that women have traditionally made fewer investments in
education and work experience as reflected by lower pay and promotion. As a result, a commonly held
assumption is that women possess inadequate human capital for board and top executive positions
(Burke & Mattis, 2000). In addition, Oakley (2000) suggests that the gatekeepers, dominated by male,
do not offer women same opportunities, such as training and development, pay and promotion.
Therefore, women executives must possess substantial human capital stocks in order to be considered

and bring the unique characteristics to the board (Kesner, 1988).

In addition to the assumption of females having insufficient human capital stocks, their

underrepresentation is also related to the status characteristics theory documented in Biernat and



Kobrynowicz (1997), that standards of ability set are higher for low-status groups, i.e. women,
compared to high-status groups, i.e. men. Thus, women are forced to provide more evidence to be
perceived as being of high ability. Subsequently, women are underrepresented at top executive
positions. Even reaching at the top position, they suffer from their limited connection with formal and
informal networks. Ibarra (1992) describes that, compared to females, males use their network ties quite
effectively to improve their position in the firm. Lyness and Thompson (2000) report that women are
excluded from informal networks, and their information disadvantage is stronger in firms where they
are underrepresented. Moreover, due to better connections, the effect of forecasting accuracy and
recommendation impact is twice as large for male analysts than that of their female counterparts (Fang

& Huang, 2017).

Inci, Narayanan, and Seyhun (2017) analyze gender differences in insider trading profitability
among different executive positions. They report that limited access to informal networks might be the
possible explanation that female insiders tend to possess less material information, earn less abnormal
profits, and trade less than their male counterparts. Mobbs, Tan, and Zhang (2018) report that, when
female outside directors buy their company stocks, their informational disadvantage is largely driven
by geographic distance, unrelated work experience, and lack of firm-specific board experience. This
partially explains why they earn lower abnormal returns than male outside directors. Following this line
of literature, we hypothesize that limited connections and information disadvantage of female insiders

are highly likely to explain their higher biased trades and resultant losses, than male insiders.

H1b: Biased trade losses are higher among female than male insiders.

Based on the literature reviewed, we test gender differences in prospect theory value biased

trading decisions of insiders and provide possible explanations of the results.



2.3 Data and Methodology
2.3.1 Data

We obtain insider trading data for the United States (U.S.) firms from the comprehensive source of 2iQ
Research - Global Insider Transaction Data. To avoid survivorship or selection bias, 2iQ Research uses
Standard and Poor Broad Market Index (S&P BMI) benchmark for orientation. 2iQ Research consists
of all listed stocks that have at least USD 100 million in float-adjusted market capitalization and value
traded of at least USD 50 million for the past 12 months. Our sample contains all regular open market
“equity” transactions (i.e., buy and sell transactions of top executives of firms). We include transactions
of only top insiders who are classified “A” in the insider-level category by 2iQ Research. “A” insiders
include those with membership on the executive board, chairpersons, and the top 5% beneficial owners
of the company’s stock.* The study ignores transactions of insiders with indirect connections (e.g.,
immediate family member or controlled corporations). Option exercises, subscription to new shares,
stock awards, transactions by beneficial owners, and private transactions are excluded from the data set.
In the sample, we include only common and ordinary shares. It contains the unique transaction ID,
company name, insider 1D, insider name, insider relation to the company, number of shares traded,
price, value of shares traded, trade date, input/reporting date to the U.S. Securities and Exchange
Commission (SEC), holdings, and the exchange on which the company is listed. By applying an initial
filter, we have 307,516 observations of insider trades of publicly traded firms from January 1, 2000 to

December 31, 2016.

Data on stock market returns and prices for firms with insider trading and have share codes 10
and 11 are retrieved from the Center for Research in Security Prices (CRSP). The sample comprises of

279,278 insider trades by 15,599 top executives of 5,920 firms. To deal with potential outliers and

4 Insiders’ category “B” of 2iQ Research consists of upper level management (e.g., executive committee and the
top 20% beneficial owners of the company. In this category, the number of insider trades is 201,000, carried out
by 29,942 insiders (with initial filters). Insiders’ category “C” contains non-executives, supervisory board, and
board of directors. The number of insider transactions is 294,556 in this category, carried out by 39,218 insiders
(with initial filters). We describe that top “A” insiders are smaller in number, but they more frequently involved
in insider trading as compared with the other two categories.



misreporting, we follow the recommendations of Inci, Narayanan, and Seyhun (2017). We exclude
insider transactions when on the trade date: (i) the insider transaction price is higher than twice the
closing price of the stock; (ii) the number of shares of the insider transaction is higher than the daily
volume of trade of the stock; and (iii) the number of shares of the insider transaction is higher than the
outstanding number of shares for the stock. The final sample consists of 223,755 insider transactions

by 11,488 top executives in 4,198 publicly listed firms from 2000 to 2016.°

To identify the gender of executives, we use the FactSet database. FactSet maintains a wide
range of personal-level data including gender, education, date-of-birth, employment history, existing
job’s address, email address, and others. We manually match the names of our sample executives with
FactSet individuals’ names by verifying their employment history and insider trading information as
available in the FactSet database. We identify and allocate the FactSet identifier to each executive in
our sample and retrieve the required data points, including gender. We identify the gender of executives,
without an appropriate match on FactSet, by exploring their profile and biography on Bloomberg,

LinkedIn, or Google’s database.

For firm-specific control variables, we obtain the monthly trading volume, shares outstanding,
and market capitalization data from the CRSP database. Data on annual book-to-market ratio is obtained
from Compustat. To measure excess returns, we use data retrieved from Kenneth French’s data library.®
Several websites are used to obtain data on the macro-level market factors. Data on CBOE VIX is
obtained from Global Financial Data’ and investors’ sentiments data, from the AAIL® The monthly

unemployment data for the U.S. is from the Bureau of Labor Statistics.®

5 We consider an insider who works for more than one firm during our sample period as more than one observation.
& Available at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/

7 Available at https://www.globalfinancialdata.com/

8 Available at http://www.aaii.com/

% Available at https://www.bls.gov/


https://www.globalfinancialdata.com/

2.3.2 Variables Definition and Model Development

In this section, we describe our main variables, along with the model used to measure losses from biased

trades.
2.3.2.1 Prospect Theory Value (PTV)

Barberis, Mukherjee, and Wang (2016) report that individual investors form a mental representation
regarding a stock’s riskiness by observing its past returns distribution and evaluate outcomes according
to cumulative prospect theory. The main effect of the probability-weighting function of the cumulative
prospect theory is to overweight the tail events of any distribution. Their model describes that, in the
cross section, investors are attracted to a stock with a high PTV, which results from very positively

skewed past returns. Such an overvalued stock earns lower subsequent returns.

In this study, we expect that PTV of insiders’ stocks is likely to influence their trading decisions.
Following Barberis, Mukherjee, and Wang (2016), the PTV is measured by allocating probability

weights to the past five years’ (60 months) return distribution of the insider’s stock:
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where PTV; . is the prospect theory value of every i" stock traded by the insider at any point in time t,

Retex; is the excess monthly return of the stock relative to the market, m is the maximum number of
losses when Retex;<0, and n is the maximum number of gains when Retex;>0 in the distribution of
the past 60 months of excess returns on the i stock. Hence, Retex_,, through Retex,, is a distribution
from the most negative return to the most positive. The distribution assigns an equal probability to each
of the 60 historical excess returns of the stock, that is, (1/60). v(Retex;) is the value function, while
w~(.) and w(.) are the probability-weighting functions for losses and gains, respectively. w=(.) and

wT(.) are explained by Tversky and Kahneman (1992) as follows:
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The degree to which an individual overweight tail is governed by the parameters y and J. Lower
values of these parameters imply more overweighting of tails (Tversky & Kahneman, 1992). Based on
the above expression, if the probabilities of extreme loss (p_,,) and extreme gain (p,,) are small, then
W~ (P—m)>P—m and wt(p,)>p,, SO that the most extreme outcomes (outcomes in the tails) are

overweighed. Following the value function of Tversky and Kahneman (1992), we use the following:*°

—A(—Retex;)* for  Retex; <0 3)
(Retex;)* for Retex; = 0

v(Retex;) = {

The PTV is calculated for each stock on a monthly basis. Trade dates are converted to calendar

months so that the PTV of each stock can be allocated to every insider trade. We measure the PTV for
each insider stock (starting from January 1, 2000) by extracting its prior 60 months’ (past five years)
monthly returns.** For each stock i at any month t, this window keeps rolling for every month until the
last month in 2016.** We then sort each window of these past 60 monthly returns in increasing order,
starting with the most negative to the most positive. In Equation (1), m is the number of negative and n
is the number of positive past monthly returns in each window of the i" stock.** We consider i as a
simple counter element with values ranging from 1 to 60 for each window of the sorted past 60 returns.

Following Barberis, Mukherjee, and Wang (2016), we denote i to the counter element to show that it

belongs to the window of past 60 returns of the i stock.

10 Tversky and Kahneman (1992) estimate y=0.61, §=0.69, and A=2.25 for their median subject. Using
experimental data, they estimate 0=0.88.

11 The reason for starting the measurement of PTV from year 2000 is to match the insider transaction sample
(available from 2000 to 2016).

12 For example, for a particular stock, with reference to January 1, 2000, the selected past 60 monthly returns’
window is from January 1, 1995 till December 31, 1999.

13 “p= 60-m.” For example, negatives are 10 so m=10 & n= (60-10).



2.3.2.2 Measurement of Biased Trade Loss

We develop a measure of behavioral bias according to the PTV. We describe that a trade is biased if
insider stock’s prospect theory value is greater (lower) than prospect theory value of the benchmark,
the insider times a buy (sell) trade, and earns lower (greater) return over the next month. To select a
benchmark for comparison, we assume that insiders time their buy or sell trade by comparing the PTV
of their stock with a cross-sectional average PTV of other stocks in the market (benchmark).'* . The
next month’s return from this trade (in absolute terms) is referred to as loss from the biased trade and

is measured as follows:

Biased_Trade_Loss;; = |Retex; ;4|
PTV;: > AvgPTV, and Trade;; = Buy and Retex;;,; <0 (4)

= OR
PTV;: < AvgPTV, and Trade;, = Sell and Retex;;,, > 0

where Biased_Trade_Loss;, is the absolute excess return of insider stock i at time t+1 (i.e., the
subsequent month of the insider trade), when any one of the mentioned conditions of biased trade is
met, and “0” if otherwise. Time t is the calendar month of the insider trade. PTV; ; is the prospect theory
value of insider stock i at time t. AvgPTV, is the cross-sectional average prospect theory value of other
stocks in the market at time t. Trade; ; is the type of transaction (buy or sell) of insider stock i at time

t.

Giving the title of “Bias” to prospect theory value induced trades is our subjective
interpretation. The loss from such a trade is affected by the prospect theory value of the stock, instead
of information. Therefore, we consider it as a mistake or error in trading decision and refer to it as loss.
We develop the following model to test whether gender differences exist in the losses of prospect theory

value-based trading decisions:

14 Excess PTV = insider stock’s PTV — cross-sectional average PTV.



Biased_Trade_Loss;
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where Biased_Trade_Loss; , is the absolute excess return of insider stock i at time t+1. Female; ¢ is
a dummy variable, which is equal to “1” if insider trade is made by a female executive, and “0” if it is
made by a male executive at time t. Retex_m; 4 is the monthly return in excess of the market return
of insider stock i at time t-1. Retex_y; (t—12,:—2) IS the cumulative past monthly returns in excess of the
market returns of insider stock i from t-12 to t-2. Size; ;_, is the log of the monthly market capitalization
of insider firm at time t-1. Turnover; ._, is the monthly volume turnover of insider stock i at time t-1;
it is equal to the number of shares traded divided by the number of shares outstanding. Book_Mkt; ._4
is the book-to-market ratio of insider stock i at time t-1. Age_insider;; is the insider’s age at the time
of transaction, t. PhD; ., Grad; ., MBA; ¢, and UnderGrad,; . are dummy variables, where one of them

is equal to “1” depending upon the highest degree earned by the insider, and the rest are equal to “0”.

2.3.3 Summary Statistics

Figure 2.1 depicts the total number of male and female insider trades in each year, from January 2003
to December 2016 (we do not plot year 2000, 2001, and 2002 due to the unavailability of female insider
trades). It also plots the proportion of prospect theory value biased trades by female and male insiders
over our sample time period.™® We observe that, in most of the years, the proportion of biased trades by

female insiders is higher than the proportion of biased trades by male insiders.®

15 See the numbers in the Appendix (Table A2).
16 See a pattern of average prospect theory value biased trades and insider trades by female executives over time
in the Appendix (Figure Al).



Figure 2.1. Comparison of Biased Insider Trades by Executive Gender

Figure 2.1 shows the total number of trades by male and female insiders, and the proportion of prospect theory value biased
trades by male and female insiders in our sample from January 2003 — December 2016.

Comparison of Male and Female Biased Insider Trades
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Table 2.1 provides detailed summary statistics of the insiders and their trades in the sample.
Panel A of the table provides information about gender differences in the total number of insider
transactions, number of executives, number of biased transactions and earned losses, number of buy
and sell trades, average number of shares traded, and the dollar value of the trades. There are more firms
with insider trading by males than those with insider trading by females. Firms with female insider
trades represent only 14.41% of the sample firms. The limited number of women working at the
corporate level is a prominent issue in terms of gender gap: only 5.71% of top executives in the sample
are female. Moreover, this percentage goes down further when we observe that only 2.56% of the insider
trades are made by female top executives. This supports Inci, Narayanan, and Seyhun’s (2017) finding

that female executives do not trade as frequently as their male counterparts do. We find that 14.01% of



the total transactions are prospect theory value biased. Moreover, we show that 20.02% (13.86%) of the
total trades made by female (male) insiders are biased. Furthermore, average loss from these biased
trades of female insiders (1.78%) is higher than that of their male counterparts (1.24%). This suggests
that female insiders are more likely to make behaviorally biased trades and suffer more losses than

males.

Panel A of Table 2.1 also reveals that top executives frequently make more sale transactions
than purchases. However, female executives buy more insider stock (29.56%) than their male
counterparts (22.08%) during the sample period. This suggests that male insiders, on average, not only
trade (buy/sell) more shares but also trade at a higher dollar value than female insiders. The average

dollar value of purchases by males (females) is $84,182 (54,962) and of sales is $302,742 (199,404).

Panel B of Table 2.1 provides in-depth descriptive statistics of male and female insiders in the
three formal executive types: Chairperson, Chief_Officer, and Director (considered to be in decreasing
order of seniority). We observe that the Chief_Officer category has the largest number of insiders of
both genders (i.e., 8,929), with females representing 6.35% of the total Chief_Officer category. There
is a larger percentage of female directors (7.14%) than female chairpersons or chief officers. Our results,
in the context of a declining number of female insiders as seniority increases, are consistent with those
of Inci, Narayanan, and Seyhun (2017). We note that there are only 2.39% of female insiders belonging

to the Chairperson category.



Table 2.1. Summary Statistics

This table presents insider trading statistics of male and female executives in our sample for year 2000 to 2016. Panel A
provides detailed characteristics of insider transactions, categorized by executives’ gender. The last column of Panel A
describes statistics for female insiders as a percentage of the total. We consider an insider who works for more than one firm
during our sample period as more than one observation. Panel B provides statistics of the number of male and female insiders
in three executive types, in decreasing order of seniority. We consider an insider who works for more than one firm or holds
more than one position in the same firm during our sample period as more than one observation. Panel C provides descriptive
statistics of all variables by grouping them based on the executives’ gender. Biased_Trade_Loss is a measure of loss from
prospect theory value biased trades and is equal to |Retex,, , | if either of the two conditions mentioned in Equation (4) is met
at time t and O otherwise. Retex,.  is a measure of the monthly return in excess of the market return at time t+1. Retex_m is
the monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly returns in excess of the
market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover is the monthly volume
turnover at time t-1; it is equal to the number of shares traded divided by the number of shares outstanding. Book_Mkt is the
book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing price*number of shares
outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider has doctoral degree and
0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the insider has a Master of
Business Administration degree and 0 otherwise. Undergrad equals 1 if the insider has an undergraduate degree and O
otherwise. The insiders and their trades are grouped in three categories of executive positions based on seniority (i.e.,
Chairperson, Chief_Officer and Director).

Panel A. Characteristics of Insider Transactions by Executive Gender

Total Trades by Males Trades by Female as a percentage

Females of total (%)
Number of Firms 4,198 4,131 605 14.41%
Number of Executives 11,488 10,832 656 5.71%
Number of Transactions 223,755 218,017 5,738 2.56%
Number of Biased Transactions 31,359 30,210 1,149 3.66%
Percentage of Biased Transactions 14.01% 13.86% 20.02% -
Average Loss from Biased Transactions 1.25% 1.24% 1.78% -
Number of Transactions - Buy 49,828 48,132 1,696 3.40%
Percentage of Buy Transactions 22.27% 22.08% 29.56% -
Number of Transactions - Sell 173,927 169,885 4,042 2.32%
Percentage of Sell Transactions 77.73% 77.92% 70.44% -
Average Number of Shares Traded - Buy 8,032 8,051 7,470 -
Average Number of Shares Traded - Sell 9,834 9,916 6,418 -
Average Value($) of Shares Traded - Buy 83,188 84,182 54,962 -
Average Value($) of Shares Traded - Sell 300,340 302,742 199,404 -
Panel B. Number of Male and Female Insiders by Executive Type
Position Total Male Female Female (%)
Chairperson 2,464 2,405 59 2.39%
Chief_Officer 8,929 8,362 567 6.35%

Director 532 494 38 7.14%



Table 2.1. (continued)

Panel C. Descriptive Statistics of Variables by Executive Gender

Gender Variable Obs. Mean Median Std. Dev. Min Max
Male Biased_Trade_Loss 218,017 0.012 0 0.061 0 1.949
Male Retex_m 218,017 0.014 0.005 0.137 -0.798 6.893
Male Retex_y 218,017 0.074 0.059 0.413 -3.873 2.942
Male Size 218,017 14.152 14.170 2.153 8.062 17.702
Male Turnover 218,005 2.108 1.725 1.811 0.020 9.819
Male Book_Mkt 211,070 0.545 0.389 0.538 0.033 4.351
Male Age_insider 212,361 56.852 57 9.208 20 91
Male PhD 218,017 0.002 0 0.044 0 1
Male Grad 218,017 0.023 0 0.149 0 1
Male MBA 218,017 0.007 0 0.082 0 1
Male UnderGrad 218,017 0.713 1 0.452 0 1
Male Chairperson 218,017 0.522 1 0.499 0 1
Male Chief_Officer 218,017 0.431 0 0.495 0 1
Male Director 218,017 0.046 0 0.210 0 1
Female Biased_Trade_Loss 5,738 0.018 0 0.049 0 0.529
Female Retex_m 5,738 0.013 -0.001 0.151 -0.732 2.042
Female Retex_y 5,738 0.018 0.054 0.377 -2.759 1.714
Female Size 5,738 13.306 13.276 2.072 8.601 17.702
Female Turnover 5,737 1.766 1.280 1.815 0.020 9.819
Female Book_Mkt 5,446 0.624 0.484 0.630 0.033 4.351
Female Age_insider 5,033 51.860 51 9.409 25 81
Female PhD 5,738 0.027 0 0.163 0 1
Female Grad 5,738 0.009 0 0.095 0 1
Female MBA 5,738 0.012 0 0.107 0 1
Female UnderGrad 5,738 0.594 1 0.491 0 1
Female Chairperson 5,738 0.206 0 0.405 0 1
Female Chief_Officer 5,738 0.696 1 0.460 0 1
Female Director 5,738 0.098 0 0.297 0 1




Panel C of Table 2.1 provides the descriptive statistics of our main variables for both genders.
It is evident that on average, the biased trade loss of females is higher (1.8%) than that of males (1.2%).
We observe no gender difference in the past one-month’s excess return. However, male insiders earn a
larger past 12-months’ cumulative excess return (7.4%) than female insiders (1.8%). Females and males
are associated with similarly sized firms. Shares traded by male insiders have a higher turnover volume
(Turnover) (2.11 times) compared with those of females (1.77 times). This result is consistent with the
existing literature of overconfidence (e.g., Barber & Odean, 2001). On average, a higher book-to-market
ratio of stocks traded by female insiders (0.62) compared with male insiders’ traded stocks (0.55)
depicts that females prefer to trade value stocks. Panel C shows that female insiders are younger than
males, with an average age of 52, while for males, the average age is 57. Among male (female) insiders,
0.2% (2.7%) hold a doctoral degree, 2.3% (0.9%) have a graduate degree, 0.7% (1.2%) are MBAs, and
71.3% (59.4%) hold undergraduate degree as their highest earned degree. Panel C also provides
information about gender difference in insider trading among three formal executive positions. Out of
the 218,017 male transactions in the sample, 52% of the trades are made by those in the Chairperson
category, whereas 43% and 4.6% of transactions belong to the Chief Officer and Director categories,
respectively. Conversely, out of the 5,738 total female transactions, 21% of the trades come from the

Chairperson position, 70% from Chief_Officer, and 9.8% from the Director category.

Table 2.2 presents the correlation matrix of the key variables used in the study. We find that
insider trades by female executives, last month’s excess return, traded shares with high book-to-market
ratio, senior insiders (in terms of their age), and insiders holding a Ph.D., Graduate, or Undergraduate
degrees are positively and significantly correlated with biased trade losses. Meanwhile, the past 12-
months’ cumulative excess return and firm size are negatively and significantly correlated with the
losses. Two of the variables, volume turnover and trades by insiders holding an MBA degree, are
negatively but insignificantly correlated with the losses. Moreover, we observe that trades by female
insiders are correlated positively and significantly with stocks that have high book-to-market ratio and

insiders holding a Ph.D. or an MBA degree.



Table 2.2. Correlation Matrix

This table presents a correlation matrix for the main variables of insider transactions from year 2000 to 2016. Biased_Trade_Loss is a measure of loss from prospect theory value biased trades and
is equal to |Retex,, | if either of the two conditions mentioned in Equation (4) is met at time t and O otherwise. Retex,. , is @ measure of the monthly return in excess of the market return at time
t+1. Female is a measure of trade by a female insider that is equal to 1 if the insider trading is carried out by the female at time t and 0 otherwise. Retex_m is the monthly return in excess of the
market return at time t-1. Retex_y is the cumulative past monthly returns in excess of the market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover
is the monthly volume turnover at time t-1; it is equal to the number of shares traded divided by the number of shares outstanding. Book_MKkt is the book-to-market ratio at time t-1, measured as
(total assets - total liabilities) divided by (closing price*number of shares outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider has doctoral degree
and 0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the insider has a Master of Business Administration degree and 0 otherwise. Undergrad equals
1 if the insider has an undergraduate degree and O otherwise.

Variable Biased_Trade_Loss Female Retex_m Retex_y Size Turnover Book_Mkt Age_insider PhD Grad MBA
Female 0.0142

Retex_m 0.0372 -0.001

Retex_y -0.0422 -0.0222 0.0422

Size -0.1182 -0.0622 0.0412 0.2112

Turnover -0.002 -0.030? 0.1042 0.246? 0.174?

Book_Mkt 0.069° 0.0232 0.0000 -0.1542 -0.443? -0.073?

Age_insider 0.0112 -0.0812 0.003 -0.0222 0.030? -0.035° 0.049?

PhD 0.0232 0.079? -0.0072 -0.0132 -0.0112 0.0472 -0.020° 0.0132

Grad 0.0232 -0.015° 0.0212 0.0182 -0.051° -0.039° 0.020? 0.039? -0.008?

MBA -0.003 0.009? -0.006° -0.0142 -0.0512 -0.0272 0.0432 -0.0242 -0.004° -0.013?

UnderGrad 0.006? -0.0422 -0.038? 0.001 0.225% 0.0212 -0.066° -0.141° -0.080° -0.2372 -0.130°

ap <0.01,°p<0.05, and °p < 0.10.



2.4 Empirical Results and Discussion

2.4.1 Effect of Prospect Theory Value on Future Returns of Insider Trades

Before moving to the analysis of gender of executives and their losses from prospect theory value biased
trades, we examine whether prospect theory value of insider stock influences the future returns of
insider trades. In the cross section of stock returns, Barberis, Mukherjee, and Wang (2016) provide
empirical evidence that a stock whose past return distribution has a high (low) prospect theory value
earns a low (high) subsequent return, on average. We examine this association in our setting of insider

trading, where insiders decide to time their buy or sell transactions.

Table 2.3 shows the effect of the PTV on subsequent future returns (next month of the trade)
of insider trades when they choose to buy or sell their company’s stock. In Panel A, we categorize buy
and sell transactions based on high (PTV of insider stock is greater than the benchmark PTV) or low
(PTV of insider stock is smaller than the benchmark PTV) PTV of the stocks. The results show that on
average, when insiders buy stocks having a high PTV, their subsequent future returns are lower by
0.34% than the future returns of buy trades of low PTV stocks. The finding is significant at the 5% level
under the assumption of equal, as well as unequal, population variances. Likewise, on average, when
insiders sell low PTV stocks, they lose 0.12% of future returns as compared with selling high PTV
stocks. However, the higher future returns of low PTV stocks represent an opportunity loss for the
insiders as they had already sold off their stocks. Assuming both equal and unequal population

variances, the mean difference of this finding is significant at the 5% and 10% levels, respectively.

Panel B of Table 2.3 shows the regression results of the association between the PTV of insider
stocks and the subsequent future returns earned by them. Ex_PTV is the variable of excess PTV. It
represents the difference between the insider stock’s PTV and the cross-sectional average PTV of other
stocks in the market (benchmark) on the same day of trade (calendar month). A positive (negative)
number represents a high- (low-) PTV insider stock. Column (1) presents results of the main model and
shows a significantly negative relation between the dependent and independent variables. To give

strength to the model, we introduce firm and insider-specific control variables. These results are



presented in Column (2) of the table. While Column (3) exhibits the results considering all the control
variables and firm fixed effect. The findings show that, when insiders time to buy or sell their stocks,
the PTV negatively impacts subsequent future returns of such trades. These results are significant at the
1% level for all the regressions. After considering several firm level control variables, we find that firm
size is negatively associated, whereas turnover and book-to-market ratio are positively associated with
future returns. We also control for several insider level variables and find that insider age and
undergraduate education are negatively associated, whereas graduation is positively related to future
returns. All the findings are significant at the 1% level; the goodness of fit of the model in Column (3)

is 24.28%.

Our findings are consistent with Barberis, Mukherjee, and Wang (2016). In the setting of the
present study, insiders consider when to buy/sell their company’s stock in order to make abnormal
profits. However, it is evident that prospect theory value induced trades contribute negatively to the
subsequent future returns. Hence, the results of Table 2.3 are consistent with the literature and provide
support to our developed measure of prospect theory value biased trades and resultant losses. As,
prospect theory value induced trades reduce subsequent returns, therefore, we consider these returns as

loss for our further analysis.



Table 2.3. Prospect Theory Value and Future Returns

Panel A presents the mean differences of insider trades’ subsequent future returns based on high or low PTV of an insider
stock. High (low) PTV means that the PTV of an insider stock is greater (smaller) than the cross-sectional average PTV of
other stocks in the market at time t. Panel B presents the findings of regression of insider trades’ future returns on excess PTV
(Ex_PTV) without, as well as with, firm- and insider-specific controls. The dependent variable is insider trades’ return at time
t+1. Ex_PTV is the difference between the PTV of the insider stock and the cross-sectional average PTV of other stocks in the
market at time t. Retex_m is the monthly return in excess of the market return at time t-1. Retex_y is the cumulative past
monthly returns in excess of the market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-
1. Turnover is the monthly volume turnover at time t-1; it is equal to the number of shares traded divided by the number of
shares outstanding. Book MKkt is the book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by
(closing price*number of shares outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the
insider has doctoral degree and 0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals
1 if the insider has a Master of Business Administration degree and 0 otherwise. Undergrad equals 1 if the insider has an
undergraduate degree and 0 otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized
at their 1 and 99 percentile levels. The t-statistics based on White robust standard errors are reported in parentheses. ***, **,
and * denote 99%, 95%, and 90% significance levels.

Panel A. Mean Difference

Insiders’ Future Returns from Buy Trades Insiders’ Future Returns from Sell Trades

N Mean Std. Dev. N Mean Std. Dev.
High PTV 22,313 0.0084 0.1350 129,688 0.0043 0.0915
Low PTV 27,515 0.0118 0.1817 44,239 0.0055 0.1466
Difference - -0.0034** 0.1625 - -0.0012* 0.1082

Panel B. Regression of Insider Trades’ Future Returns

No controls and no fixed All controls but no fixed .
effect offect All controls and fixed effect
1) 2 (3)
-0.1415%** -0.1492%** -0.1455***
Ex_PTV (-12.01) (-12.75) (-11.67)
Retex m i -0.0037 0.0005
- (-1.33) (0.27)
Retex i 0.0020* 0.0004
-y (1.80) (0.42)
Size i -0.0043*** -0.0036***
(-24.48) (-5.15)
Turnover i 0.0041*** 0.0024***
(21.29) (10.55)
0.0022*** 0.0059***
Book_Mkt - (2.61) (7.63)
Ade insider i -0.0002%** -0.0003***
ge_ (-6.44) (-5.77)
-0.0125* -0.0097
PhD - (-1.68) (-1.27)
Grad i 0.0154*** 0.0315%**
(7.41) (10.18)
-0.0158*** -0.0037
MBA - (-4.95) (-0.84)
-0.0084*** -0.0129***
UnderGrad - (-13.22) (-12.07)
Firm-fixed Effect NO NO YES
No. of Obs. 223,755 210,675 210,675

R-squared 0.0015 0.0176 0.2428




2.4.2 Effect of Female Insider Trading on Losses from Prospect Theory Value Biased Trades

We analyze insider trading by female and male executives to examine whether gender differences exist
in the biased trade losses. Table 2.4 shows the regression results. To address the concern of any impact
of firm related fixed factors on the results, we include a firm fixed effect model, where there are 4,198
firms in our sample. The regression results in Column (1) indicate that female insiders tend to suffer
more losses (i.e. 0.65% or 65 basis points) from prospect theory value biased trades than male insiders

do.

Hillier, Korczak, and Korczak (2015) provide evidence that not only firm- or trade-specific
characteristics affect the performance of insider trading, but corporate insiders’ attributes also have a
strong influence in explaining a significant proportion of the variability in insider trading performance.
Considering this view, we control for firm-specific characteristics (last month’s excess return,
cumulative past monthly excess returns from t-12 to t-2, firm size, turnover volume, and book-to-market
ratio) and insider-specific characteristics (age and education). Controlling for firm-specific
characteristics and insiders’ demographics, along with firm fixed effects, Columns (2), (3), and (4) show
a positive and significant relation between biased trade loss and female insider trading. The findings
provide evidence that female insider trading is subject to higher bias and suffers more losses as

compared with male insider trading.

In Column (4), we observe that the loss from biased trading is significantly higher for stocks
that have a high excess return in the previous month, high cumulative excess returns in past months
from t-12 to t-2, a high turnover volume, and a high book-to-market ratio. Moreover, higher prospect
theory value loss is associated with stocks traded by senior insiders in terms of age and those holding
an undergraduate degree. Meanwhile, the relation is significantly negative with firm size and trades by
insiders with graduate degrees. It is observed that the control variables have a significant impact on the
dependent variable. However, the coefficient of a higher loss of 0.47% (47 basis points) from biased

trades by female insiders is still statistically significant at the 1% level.



It is expected that certain firms may endogenously pair with female insiders. Stocks traded by
female insiders may thus be systematically different from those traded by male insiders. We explore
whether this phenomenon explains the results of the study by considering a sub-sample of firms with
insider trading by both female and male executives. We consider an insider who is affiliated with more
than one firm during the sample period as more than one observation. There are 538 firms in our sample
with 5,344 transactions by female insiders and 34,434 trades by male insiders. We observe a higher
percentage of insider trades by female executives (i.e., 13.43% in our sub-sample of firms as compared
with the full sample). This indicates that within mixed-gender firms, female executives have a higher
tendency to carry insider trading as compared with firms that have single-gender executives. The total
number of inside executives in these firms is 2,097; among them, 1,512 are males and 585 are females,
depicting a higher proportion of female executives in such firms (i.e., 27.9% as compared with the full
sample). Similarly, we report a higher number of biased transactions and resulting losses from female
insider trading, compared with male insider trading. The percentage of number of biased transactions

by female (male) executives is 20.32% (12.70%), and the average loss is 1.81% (1.07%).

Column (5) of Table 2.4 shows the results of the sub-sample of firms with insider trading by
both genders. It reports that the trading losses increase by 0.41% (41 basis points) when female insiders
carry out biased transactions compared to their male counterparts. This result is significant at the 1%
level. There are changes in the signs of some control variables’ coefficients; however, the results remain

robust with a goodness of fit of 30.65%.



Table 2.4. Biased Trade Loss and Female Insider Trading

This table presents the findings of the regression of biased trade loss on female insider trades with firm- and insider-specific
controls. The dependent variable, Biased_Trade_Loss (B_T_Loss), is a measure of loss from prospect theory value biased
trades and is equal to |Retex,,, | if either of the two conditions mentioned in Equation (4) is met at time t and O otherwise.
Retex,,, is a measure of the monthly return in excess of the market return at time t+1. Female is a measure of trade by a
female insider that is equal to 1 if the insider trading is carried out by the female at time t and O otherwise. Retex_m is the
monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly returns in excess of the
market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover is the monthly volume
turnover at time t-1; it is equal to the number of shares traded divided by the number of shares outstanding. Book_Mkt is the
book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing price*number of shares
outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider has doctoral degree and
0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the insider has a Master of
Business Administration degree and O otherwise. Undergrad equals 1 if the insider has an undergraduate degree and O
otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized at their 1 and 99 percentile
levels. The results are reported for the full sample, as well as for the subsample of firms with trades by both genders. The
results are presented with firm-fixed effects. The t-statistics based on White robust standard errors are reported in parentheses.
*xx *x and * denote 99%, 95%, and 90% significance levels.

BT Loss;y = a+ B, Female;; + B, Retex_m;,_; + 3 Retex_Y; _12,-2) + Ba Size; ;1 + Bs Turnover; ;_,
+ BsBook_Mkt;,_, + B, Age_insider;, + Bg PhD;; + PoGrad;; + 190 MBA;,
+ B UnderGrad;, + &

Full Sample Trac;e:nté)érboth
Fixed effect but  Firm controlsand  Insider controls All controls and All controls and
no controls fixed effect and fixed effect fixed effect fixed effect
1) ) 3) (4) ®)
Female 0.0065*** 0.0044*** 0.0071*** 0.0047*** 0.0041***
(6.15) (6.21) (6.05) (6.10) (5.33)
Retex_m - 0.0011* - 0.0016** 0.0191***
(1.68) (2.37) (11.78)
Retex_y - 0.0012*** - 0.0017*** 0.0098***
(4.19) (5.84) (14.28)
Size - -0.0086*** - -0.0090*** -0.0141***
(-36.16) (-36.86) (-27.72)
Turnover - 0.0003*** - 0.0003*** -0.0006***
(3.24) (3.73) (-3.03)
Book_Mkt - 0.0016*** - 0.0015*** -0.0118***
(5.76) (5.31) (-17.20)
Age_insider - - 0.0002*** 0.0001*** -0.0001**
(8.29) (8.33) (-2.19)
PhD - - -0.0017 -0.0038 0.0024
(-0.42) (-1.34) (0.63)
Grad - - -0.0074*** -0.0073*** -0.0197***
(-4.43) (-6.45) (-11.05)
MBA - - -0.0020 -0.0026 0.0022
(-0.81) (-1.58) (0.70)
UnderGrad - - 0.0019*** 0.0018*** 0.0056***
(3.18) (4.68) (6.17)
Firm-fixed Effect YES YES YES YES YES
No. of Obs. 223,755 216,503 217,394 210,675 36,449

R-squared 0.1668 0.2600 0.1651 0.2620 0.3065




The findings provide empirical evidence that gender differences exist in prospect theory value
biased insider trading and that female insiders suffer higher losses compared to male insiders. We may
not exclusively explain these results by the overconfidence hypothesis, which expects less profitable
outcomes of trading by males due to their aggressive decisions. However, we can describe the
consistency of our results with the information access hypothesis, which assumes that limited access to
information may provide possible explanation of females’ biased decisions and higher resultant losses.
The literature provides evidence that uncertainty and lack of information contribute to higher behavioral
bias.!” There might be several factors influencing the association between female insiders and losses
from biased trades, however, we propose that scarcity of information may serve as a possible
explanation of our results. Consequently, we conduct additional tests to explore the role of access to

information. We run the analyses in two settings, based on the level of information.

2.4.3 Equal Level of Information and Female Insiders’ Losses from Prospect Theory Value Biased

Trades

In this setting, the level of information is expected to be equal among all the executives, irrespective of
their gender. We expect that in this setting, if information is equally dispersed, there ought to be no
gender difference in losses from biased insider trades. We examine the association between female
insiders and losses from biased trades under executives’ similar formal titles, trade size, routine trades,

and macro-level market uncertainty.
2.4.3.1 Female Insider Trading and Biased Trade Losses under Executives’ Position

It is well documented that informativeness and abnormal future returns earned by insiders vary at
different levels of the formal hierarchy.®® The extant literature documents that chief financial officers

(CFO) incorporate better quality information about their future earnings and make more profitable

17 See for example, Feng and Seasholes (2005); Kumar (2009b); Fang and Huang (2017); Inci, Narayanan, and
Seyhun (2017).
18 See for example, Seyhun (1986); Ravina and Sapienza (2009); Knewtson and Nofsinger (2014).



trades than chief executive officers (CEO) (Wang, Shin, & Francis, 2012). The access to information
ought to be equal within each formal title; therefore, we assume that the difference in losses from biased
trades among male and female insiders is likely to attenuate within a similar executive position.
However, Inci, Narayanan, and Seyhun (2017) conclude that female insiders face an informational
disadvantage even within the same executive position, contributing to their lower abnormal returns than
males. Consequently, we run our analysis under executives’ positions to examine gender differences in

biased trade losses.

We split our sample according to three executive positions: Chairperson, Chief_Officer, and
Director (considered to be in decreasing order of seniority). We perform a regression of prospect theory
value biased trade losses as the dependent variable against the cross products of gender (Male or
Female) and the executive’s position (Chairperson, Chief Officer, or Director) as the independent
variables. MalexDirector is assigned as the benchmark category. The results are provided with firm
fixed effect. Table 2.5 Column (1) shows the regression results of the full sample of insider trading. It
is evident that under all executive positions, female insiders suffer more biased trade losses than males
do. The coefficients of the cross product of FemalexDirector and FemalexChairperson are positive
and significant at the 10% level, whereas the positive coefficient of FemalexChief Officer is significant
at the 1% level. Table 2.5 indicates the significance of the differences among the coefficients of male
and female insiders under each executive position. It is noticeable that the biased trades’ loss is
significantly higher among female than those among male insiders under the Chief_Officer (0.9%) and
Director (0.7%) positions. These differences are significant at the 1% and 10% levels, respectively. At
the top executive level of Chairperson, we do not find any significant gender differences in biased
trades. This is consistent with the notion that the most senior executives are highly informed (Tavakoli,

McMillan, & McKnight, 2012).

In Table 2.5 Column (2), we present the results of a sub-sample of firms with insider trades by
both genders. The findings are consistent with our full sample. We report higher biased trade losses for

female insider trades, compared to male trades. Moreover, the coefficients are significant, at the 1%



level in the Chairperson and Chief_Officer positions, and at the 10% level in the Director position. Our
results suggest that higher biased trade losses of female insiders might be explain by the argument of
Inci, Narayanan, and Seyhun (2017), that females have limited access to information even within a

similar executive position.

Table 2.5. Biased Trade Loss and Female Insider Trading under Executives’ Position

This table presents the findings of the regression of biased trade loss on female insider trades under three executive positions.
The dependent variable, Biased_Trade_Loss (B_T_Loss), is a measure of loss from prospect theory value biased trades and is
equal to |Retex,, | if either of the two conditions mentioned in Equation (4) is met at time t and O otherwise. The independent
variables are the cross products of gender (Female or Male) and executive positions (Chairperson, Chief_Officer, and
Director). MalexDirector is considered as the benchmark category. Column (1) shows findings of the full sample of insider
trades, whereas in Column (2) the results are for the sub-sample of firms with trades by both genders. The results are presented
with firm fixed effects. In the bottom of the table, the significance of the difference in the female and male coefficients for
three executive positions is tested with F-test. The t-statistics are reported in parentheses. ***, ** and * denote 99%, 95%,
and 90% significance levels.

B_T_Loss;; = a + B;Male X Director;, + B, Female X Director;, + B3 Female X Chairperson;,
+ B4 Male X Chairperson;, + s Female X Chief _Of ficer;, + ¢ Male X Chief _Of ficer;, + &,

Full Sample Trades by both gender
1) (2
Constant -0.0066 -0.0048
(-0.12) (-0.33)
FemalexDirector 0.0070* 0.0051*
(1.69) (1.81)
FemalexChairperson 0.0047* 0.0047**
(1.89) (2.51)
MalexChairperson 0.0066*** -0.0029**
(8.24) (-2.45)
FemalexChief_Officer 0.0118*** 0.0103***
(8.39) (7.88)
MalexChief_Officer 0.0029*** 0.0048***
(3.58) (4.12)
Firm-fixed Effect YES YES
No. of Obs. 223,755 39,778
R-squared 0.1673 0.2816

Significance of (Female-Male) coefficient differences with t-value in brackets

Chairperson -0.0019 0.0076***
(-0.80) (4.66)

Chief_Officer 0.0090*** 0.0055***
(7.37) (6.77)

Director 0.0070* 0.0051*

(1.69) (1.81)




2.4.3.2 Female Insider Trading and Biased Trade Losses Conditional on Trade Size

In the studies on asset pricing, it is argued that trade size itself is unlikely to influence security prices,
as every market participant is considered to possess the same access to information. Nevertheless, if
some market participants are more informed than others, the uninformed ones may make adverse
trading decisions (Glosten & Milgrom, 1985). It is evident in the literature that large trades are more
informative than small trades. Highly informed investors choose to trade in large size to earn greater
trading profits (Easley & O’hara, 1987). There is an extensive literature on the association between
trade size and investors’ information (Chakravarty, 2001; Dufour & Engle, 2000; Easley, Kiefer, &
O'Hara, 1997). Literature provides theoretical argument that trade size is associated with higher
confidence of traders with high precision of information quality, and they earn abnormal profits

(Grossman & Stiglitz, 1980).

Subsequently, we run our analysis conditioned on trade size. We divide our sample in trade
terciles and examine the association between female insiders and prospect theory value biased trade
losses. We expect that gender difference in losses may reduce in a given trade size, if all executives
possess equal access to information. However, Inci, Narayanan, and Seyhun (2017) report that even
after controlling for trade size, male insiders earn greater profits than females; this indicates an
informational advantage of male insiders over females. If we find gender differences in biased trader

losses, it might be explained by the informational disadvantage of female insiders.

We divide our sample into trade size terciles according to dollar values. We consider that within
each tercile the trade size is approximately equal. Table 2.6 shows regression results of female trades
and losses from the biased trades under each tercile of the trade size. We repeat the regression analysis
shown in Table 2.4 and present the results in Column (1), (2), and (3) based on the Lowest, Middle, and
Highest trade sizes, respectively. Using the full sample, we introduce in Column (4) an interaction term,

FemalexTSize, which is the product of Trade size terciles and a Female dummy.



Table 2.6. Biased Trade Loss and Female Insider Trading Conditional on Trade Size

This table presents the findings of the regression of biased trade loss on female insider trades, controlling for trade size. The
full sample is divided into three terciles based on the dollar value of the trade size, and the results are shown for each tercile.
The dependent variable, Biased_Trade_Loss (B_T_Lo0ss), is a measure of loss from prospect theory value biased trades and is
equal to |Retex,, | if either of the two conditions mentioned in Equation (4) is met at time t and 0 otherwise. Female is a
measure of trade by a female insider that is equal to 1 if the insider trading is carried out by the female at time t and 0 otherwise.
The variable Female X TSize is the cross product of a female dummy and the trade size terciles (Lowest, Middle, and
Highest). Retex_m is the monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly
returns in excess of the market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover
is the monthly volume turnover at time t-1; it is equal to the number of shares traded divided by the number of shares
outstanding. Book_Mkt is the book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing
price*number of shares outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider
has doctoral degree and 0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the
insider has a Master of Business Administration degree and 0 otherwise. Undergrad equals 1 if the insider has an undergraduate
degree and 0 otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized at their 1 and
99 percentile levels. The results are presented with firm-fixed effects. The t-statistics are reported in parentheses. ***, ** and
* denote 99%, 95%, and 90% significance levels.

B_T_Loss;; = a+ B, Female;; + B, Trade_Size;, + B3 Female X TSize;, +y Controls + &;,

Full Sample
Lowest Middle Highest Interaction
(©)] ) 3 (4
Female 0.0034** 0.0046*** 0.0047*** 0.0036***
(2.06) (3.46) (4.33) (3.43)
Trade_Size - - - -0.0007***
(-5.04)
FemalexTSize - - - 0.0012*
(1.65)
Retex_m 0.0015 0.0073*** -0.0031*** 0.0017**
(1.16) (6.25) (-2.78) (2.51)
Retex_y 0.0040*** 0.0003 0.0009** 0.0017***
(6.53) (0.60) (2.00) (5.89)
Size -0.0110*** -0.0112*** -0.0063*** -0.0089***
(-18.73) (-25.46) (-19.31) (-36.05)
Turnover 0.0001 0.0009*** 0.0007*** 0.0003***
(0.47) (6.63) (6.10) (3.77)
Book_Mkt -0.0016*** -0.0033*** -0.0027*** 0.0015***
(-3.02) (-5.41) (-4.64) (5.23)
Age_insider 0.0002*** 0.0001*** 0.0001** 0.0001***
(5.87) (2.72) (2.28) (8.55)
PhD 0.0017 -0.0020 -0.0105** -0.0036
(0.25) (-0.51) (-2.47) (-1.30)
Grad -0.0151*** -0.0059*** -0.0040** -0.0073***
(-6.13) (-3.25) (-2.40) (-6.49)
MBA -0.0046 0.0004 -0.0017 -0.0027*
(-1.40) 0.12) (-0.75) (-1.64)
UnderGrad 0.0028*** 0.0032*** 0.0006 0.0018***
(3.01) (5.01) (1.21) (4.59)
Firm-fixed Effect YES YES YES YES
No. of Obs. 69,411 70,480 70,784 210,675

R-squared 0.2929 0.3316 0.2935 0.2621




By applying firm fixed effects and controlling for firm- and insider-specific characteristics, we
find a significantly positive relation between female insider trades and the biased trade losses. In the
lowest tercile, the magnitude of the positive coefficient is the smallest (at 0.34%), and significant at the
5% level, compared with the middle and highest terciles. In the middle and highest terciles, the positive
coefficients are significant at the 1% level. In Column (4), the positive coefficient of FemalexTSize, at
0.12%, is significant at the 10% level. Thus, consistent with the argument, we demonstrate that limited

access to information may possibly explain higher biased trade losses in female insider trading.
2.4.3.3 Female Insider Trading and Biased Trade Losses under Routine Trades

The existing literature describes that insiders engage in opportunistic trading to exploit private
information and earn abnormal profits (Ali & Hirshleifer, 2017). Opportunistic insiders trade whenever
they receive superior information regarding their company; therefore, these trades do not follow a
specific pattern or timing. Whereas, routine trades are unlikely to incorporate better quality information
about their future earnings. Therefore, these routine traders trade on particular dates and their
transactions follow a regular pattern. As routine trades are not indicative of a firm’s future prospects,
they earn lower returns compared to opportunistic trades (Cohen, Malloy, & Pomorski, 2012). Hence,
under the category of routine trades, we argue that availability of superior information is highly unlikely,
and all insiders possess equal quality information. As a result, we expect to observe no gender difference

in biased trade losses under routine trades’ category.

We follow the same technique developed by Cohen, Malloy, and Pomorski (2012) to categorize
the sample into different classes of insiders based on their trading patterns. We examine whether female
insiders’ tendency to suffer higher losses from biased trades relative to their male counterparts differ
under routine category. Our sample is divided into Routine trades (trades made by insiders at least once
in the preceding three years and in the same calendar month each year), Opportunistic trades (trades for
which there is no definite pattern in the preceding three years), and Non-classified trades (all remaining
trades with no history of trades in the preceding three years). Cohen, Malloy, and Pomorski (2012)

indicate that non-classified trades show the same characteristics as opportunistic trades.



Table 2.7. Biased Trade Loss and Female Insider Trading under Routine Trades

This table presents the findings of the regression of biased trade loss on female insider trades when insider trades are classified
as routine, opportunistic, and non-classified. The dependent variable, Biased_Trade _Loss (B_T_Loss), is a measure of loss
from prospect theory value biased trades and is equal to |Retex,, , | if either of the two conditions mentioned in Equation (4)
is met at time t and 0 otherwise. Female is a measure of trade by a female insider that is equal to 1 if the insider trading is
carried out by the female at time t and O otherwise. Female X Routine is the product of the routine trade and a female dummy
variable. Retex_m is the monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly
returns in excess of the market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover
is the monthly volume turnover at time t-1; it is equal to the number of shares traded divided by the number of shares
outstanding. Book_Mkt is the book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing
price*number of shares outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider
has doctoral degree and 0 otherwise. Grad equals 1 if the insider has a graduate degree and O otherwise. MBA equals 1 if the
insider has a Master of Business Administration degree and 0 otherwise. Undergrad equals 1 if the insider has an undergraduate
degree and 0 otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized at their 1 and
99 percentile levels. The results are presented with firm-fixed effects. The t-statistics based on White robust standard errors
are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.

B_T_Loss;; = a+ B, Female;, + B, Routine;, + 3 Female X Routine;, +y Controls + &,

Full sample
All controls but no fixed effect  Fixed effect but no controls  All controls and fixed effect
(©)] (2 3)
Female 0.0028*** 0.0062*** 0.0046***
(4.31) (5.81) (5.90)
Routine -0.0019*** -0.0105*** -0.0074***
(-5.59) (-12.05) (-12.29)
FemalexRoutine 0.0129** 0.0123* 0.0110**
(2.06) (1.74) (2.35)
Retex_m -0.0033*** - 0.0016**
(-3.46) (2.28)
Retex_y 0.0003 - 0.0016***
(1.00) (5.45)
Size -0.0028*** - -0.0088***
(-47.05) (-35.71)
Turnover 0.0008*** - 0.0003***
(11.73) (3.74)
Book_Mkt 0.0007* - 0.0016***
(1.76) (5.71)
Age_insider 0.0001*** - 0.0001***
(9.43) (9.17)
PhD 0.0301*** - -0.0037
(12.05) (-1.32)
Grad 0.0118*** - -0.0073***
(12.60) (-6.48)
MBA -0.0013 - -0.0026
(-1.19) (-1.64)
UnderGrad 0.0039*** - 0.0019***
(17.81) (4.84)
Firm-fixed Effect NO YES YES
No. of Obs. 210,675 223,755 210,675

R-squared 0.0236 0.1673 0.2626




In Table 2.7, we report the results of the relationship of routine trades made by female insiders
and the biased trade losses. We introduce an interaction term, FemalexRoutine, which is the product of
Routine trades and the Female dummy variable. Column (1), controlling for firm and insider-level
variables, and Column (2), with fixed effects, show that routine trades are negatively and significantly
related to the losses from biased trades. However, when routine trades are made by female executives,
the losses increase. In Column (3), we consider firm-fixed effects as well as all the control variables.
The results report a significant 0.74% decrease in the losses when insiders are routine traders.
Interestingly, the results show a positive relation between prospect theory value biased trade losses and
routine trades by female insiders. There is an increase of 1.1% in the loss from biased trading when
female insiders carry out routine trades and follow a regular pattern of trading. As shown in Column

(3), this outcome is significant at the 5% level with a goodness of fit of 26.26%.

Our results demonstrate that female insiders are subject to a higher prospect theory value bias,
irrespective of the trading patterns. Even under routine trades category, where exploitation of superior
non-public information is not observed, female insiders’ decisions are influenced by prospect theory

value of the stock and they suffer with higher losses than male insiders.

2.4.3.4 Female Insider Trading and Biased Trade Losses in Macro-level Market Uncertainty

We run our analysis under uncertain market situation. There are various macro-level uncertainty
variables, however, we focus on the factors which directly influence investment behaviors of investors
and market participants. When uncertainty is high for investors, the signals conveyed from insider
trading might be received differently from market participants. Hence, we expect that under uncertain
market situation, insiders ought to trade on equal informational level and convey similar signals. If
exploiting firm’s fundamental information and earning abnormal returns are avoided during uncertain
market situation, we may expect to see no gender difference in the losses of biased trades. Following
Kumar (2009b), our study considers four proxies to measure macro-level market uncertainty: (i) market
volatility (VIty), measured as the cross-sectional average of monthly standard deviation of the stocks’

daily returns; (ii) investors sentiment (Sntmt), a monthly index measured by the American Association



of Individual Investors (AAII); (iii) national unemployment rate (Unempl), a monthly measure obtained
from the U.S. Bureau of Labor Statistics; and (iv) CBOE volatility index (VIX), a monthly measure

obtained from Global Financial Data.

To examine the relation of female insiders and losses from biased trades under uncertain market
conditions, we introduce four interaction terms; FemalexVIty, FemalexSntmt, FemalexUnempl, and
FemalexVIX, which are the products of Female dummy variable and macro-level market uncertainty
proxies. Table 2.8 provides the results with and without control variables and fixed effects. Column (1)
is based on the basic model with no controls and fixed effects. Column (2) includes all firm and insider
level control variables, without firm fixed effect, and shows that most of the uncertainty proxies, except
VIX, are positively and significantly associated with the loss. Column (3), with fixed effects for firm,
reports that the biased trades’ loss is significantly larger when market volatility, investor sentiment, and
unemployment rate are high, or VIX is low. Under market uncertainty conditions, other than market
volatility, the losses from biased trades made by inside female executives increase. Among these

measures, the coefficient of investor sentiment is the strongest.

In Column (4) of Table 2.8, we present results based on all control variables and firm fixed
effects. It is evident that, when the market is volatile, biased trades’ losses by female insiders are
reduced by 0.39%, while under high sentiment and VIX index, female insider trades are subject to
higher losses compared to trades by male insiders. The positive estimate of FemalexUnempl is not
statistically significant. The findings of higher losses by female insider trades are supported only under
increased investors’ sentiments and VIX. Due to mixed signs of coefficients, the results are not

conclusive.

As a result, in our first setting of informational level, higher losses of female insiders’ biased
trading, compared to male trading, indicate that tendency of females to be influenced by their heuristics

is higher than males and limited information availability potentially contribute to this association.



Table 2.8. Biased Trade Loss and Female Insider Trading under Macro-Level Market Conditions

This table presents the findings of the regression of biased trade loss on female insider trades under various uncertain market
conditions. The dependent variable, Biased_Trade_Loss (B_T_Loss), is a measure of loss from prospect theory value biased
trades and is equal to |Retex,,, | if either of the two conditions mentioned in Equation (4) is met at time t and 0 otherwise.
Female is a measure of trade by a female insider that is equal to 1 if the insider trading is carried out by the female at time t
and 0 otherwise. The uncertainty variables include Market Volatility (VIty), Investors Sentiment Index (Sntmt), National
unemployment rate (Unempl), and Volatility Index (VIX). These variables are measured at time t-1. Female X Vlity,
Female x Sntmt, Female X Unempl, and Female X VIX are the product of female dummy variable and above mentioned
uncertainty variables respectively. Retex_m is the monthly return in excess of the market return at time t-1. Retex_y is the
cumulative past monthly returns in excess of the market returns from t-12 to t-2. Size is the log of the monthly market
capitalization at time t-1. Turnover is the monthly volume turnover at time t-1; it is equal to the number of shares traded divided
by the number of shares outstanding. Book_Mkt is the book-to-market ratio at time t-1, measured as (total assets - total
liabilities) divided by (closing price*number of shares outstanding). Age insider is the insider’s age at the time of transaction
t. PhD equals 1 if the insider has doctoral degree and O otherwise. Grad equals 1 if the insider has a graduate degree and 0O
otherwise. MBA equals 1 if the insider has a Master of Business Administration degree and 0 otherwise. Undergrad equals 1
if the insider has an undergraduate degree and 0 otherwise. To ensure that extreme values are not affecting the results, all
variables are winsorized at their 1 and 99 percentile levels. The results are presented with firm fixed effects. The t-statistics
based on White robust standard errors are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance
levels.

B_T_Loss;y = a+ By Female;, + B, Vity;;_1 + B3 Sntmt;,_, + By Unempl;,_; + BsVIX; 1 + Bs Female X Vity;,
+ f; Female X Sntmt;, + g Female X Unempl;, + Bo Female X VIX;, +vy Controls + &,

Whole Sample
No controls and no All controls but no Fixed effect but no All controls and fixed
fixed effect fixed effect controls effect
1) (2) 3) 4)
Female 0.0090*** 0.0107*** 0.0077* 0.0001
(2.58) (3.60) (1.76) (0.05)
Vity 0.0039*** 0.0024*** 0.0037*** 0.0010***
(15.64) (9.79) (11.13) (4.23)
Sntmt 0.0029*** 0.0054*** 0.0055*** 0.0040***
(5.19) (9.87) (6.54) (7.04)
Unempl 0.0023*** -0.00001 0.0027*** -0.0002**
(14.95) (-0.15) (24.96) (-2.45)
VIX -0.0003*** -0.0001*** -0.0002*** 0.0001**
(-9.65) (-3.18) (-4.33) (2.38)
FemalexVIity -0.0033** -0.0053*** -0.0053*** -0.0039***
(-2.46) (-4.18) (-2.86) (-3.04)
FemalexSntmt -0.0155*** -0.0036 0.0106** 0.0265***
(-4.11) (-0.91) (2.11) (7.19)
FemalexUnempl 0.00001 -0.0005 -0.0001 0.0005
(0.03) (-0.99) (-0.17) (1.17)
FemalexVIX 0.0003** 0.0006*** 0.0007*** 0.0006***
(2.24) (4.17) (2.93) (3.53)
Retex_m - -0.0031*** - 0.0017**
(-3.20) (2.41)
Retex_y - 0.0004 - 0.0014***
(1.22) (4.80)
Size - -0.0027*** - -0.0081***
(-46.43) (-32.33)
Turnover - 0.0007*** - 0.0001*

(11.26) (1.74)



Table 2.8. (continued)

No controls and no All controls but no Fixed effect but no All controls and fixed
fixed effect fixed effect controls effect
1 ) 3) 4
Book_Mkt - 0.0006 - 0.0017***
(1.51) (5.81)
Age_insider - 0.0001*** - 0.0001***
9.77) (8.09)
PhD - 0.0298*** - -0.0009
(12.34) (-0.31)
Grad - 0.0122*** - -0.0072%**
(13.06) (-6.34)
MBA - -0.0016 - -0.0024
(-1.47) (-1.49)
UnderGrad - 0.0039*** - 0.0018***
(18.13) (4.64)
Firm Fixed Effect NO NO YES YES
No. of Obs. 223,755 210,675 223,755 210,675
R-squared 0.0054 0.0254 0.1714 0.2631

2.4.4 Trades Induced by Superior Information and Female Insiders’ Losses from Prospect Theory Value

Biased Trades

In this setting, we consider the trades which are made when superior or high-quality information is
available. For this setting, higher losses of female insiders’ biased trades are expected to diminish
because the trades are influenced by superior information. We consider the sub-sample of buy trades

and firms with high proportion of female insider transactions.

2.4.4.1 Female Insider Trading and Biased Trade Losses for Buy Trades

It is evident in the literature that insiders may sell due to reasons other than profit maximization, such
as diversification or rebalancing of portfolio, liquidity, wealth, income, or tax-loss selling (Huddart &
Ke, 2007). Insiders’ buy trades mostly reflect some good news concerning a company’s prospects and
insiders earn abnormal returns in future. Lakonishok and Lee (2001) show that insider buying strongly

predicts future long-term returns. Jeng, Metrick, and Zeckhauser (2003) find abnormal performance of



over 6% annually after insider buying, as opposed to no significant abnormal performance for insider
selling. Kallunki, Nilsson, and Hellstrom (2009) report that insiders tend to buy stocks that earn high
positive abnormal returns on non-trading days, with returns that are greater than selling. Although
insiders have an information advantage over other investors or market participants, there is always
litigation risk associated with insider buy trades. Therefore, insiders are more likely to be cautious when
timing their purchases than their sales because of the risk of regulatory monitoring (Seyhun, 1998).
Jeng, Metrick, and Zeckhauser (2003) explain that CEO trades are closely scrutinized by regulators,
therefore they trade more cautiously. We argue that if access to information explains our results, then a
reduction in losses of female insiders’ biased trades is expected for superior information induced buy

trades.

Table 2.9 shows the regression results of the relationship between losses of prospect theory
value biased trades and insider trading by females when they buy their company’s stock. Columns (1)
and (2) present the results of the full sample, whereas Columns (3) and (4) include firms with trades by
both genders. We use two different models for this test. First, we consider only buy transactions and
investigate the association between female trades and losses. Second, we analyze an interaction term,
FemalexBuy, which is the product of Buy trades and a Female dummy. We test the relationship with
firm-fixed effects as well as with firm- and insider-specific characteristics. Columns (1) and (3) present
the regression results for buy transactions only, where it is evident that the coefficient of female trades
and the losses is insignificant. This validates the supposition that our finding of higher biased trade
losses by female insiders is inconsistent when we control for buy trades. Similarly, Columns (2) and

(4) exhibit negative coefficients of the FemalexBuy variable that are significant at the 1% level.

We argue that female insiders decide to buy their company’s stock when they have access to
relatively higher quality internal information, resulting in a significant decrease in biased trade loss.

Hence, we suggest that information availability plays an important role in explaining our results.



Table 2.9. Biased Trade Loss and Female Insider Trading under Buy Transactions

This table presents the findings of the regression of biased trade loss on female insider trades when female executives decide
to buy the insider stock. We present results for buy transactions only, as well as for the interaction between female and buy
insider trades using the full sample. The dependent variable, Biased_Trade_Loss (B_T_Loss), is a measure of loss from
prospect theory value biased trades and is equal to |Retex,, , | if either of the two conditions mentioned in Equation (4) is met
at time t and O otherwise. Female is a measure of trade by a female insider that is equal to 1 if the insider trading is carried out
by the female at time t and O otherwise. Female X Buy is the product of buy transaction and a female dummy variable.
Retex_m is the monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly returns in
excess of the market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover is the
monthly volume turnover at time t-1; it is equal to the number of shares traded divided by the number of shares outstanding.
Book_Mkt is the book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing price*number
of shares outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider has doctoral
degree and 0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the insider has a
Master of Business Administration degree and 0 otherwise. Undergrad equals 1 if the insider has an undergraduate degree and
0 otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized at their 1 and 99 percentile
levels. The results are reported for the full sample, as well as for the subsample of firms with trades by both genders. The
results are presented with firm-fixed effects. The t-statistics are reported in parentheses. ***, ** and * denote 99%, 95%, and
90% significance levels.

B_T_Loss;; = a+ B, Female;, + B, Buy;, + 3 Female X Buy;, +y Controls + &,

Full sample Trades by both genders
Buy Transactions Interaction Buy Transactions Interaction
All controls and fixed ~ All controls and fixed  All controls and fixed  All controls and fixed
effect effect effect effect
) 2) (©)] (4)
Female -0.0006 0.0075*** -0.0007 0.0076***
(-0.32) (8.43) (-0.27) (8.49)
Buy - 0.0056*** - 0.0126***
(14.08) (12.60)
FemalexBuy - -0.0098*** - -0.0117***
(-6.01) (-6.88)
Retex_m 0.0165*** 0.0029*** 0.0561*** 0.0222***
(10.45) (4.11) (15.03) (13.53)
Retex_y 0.0068*** 0.0024*** 0.0237*** 0.0110***
(10.12) (8.01) (15.80) (15.89)
Size 0.0062*** -0.0085*** -0.0148*** -0.0132***
(10.92) (-34.20) (-11.57) (-25.89)
Turnover 0.0027*** 0.0002*** 0.0014** -0.0008***
(11.76) (2.93) (2.12) (-4.01)
Book MKkt -0.0083*** 0.0014*** -0.0130*** -0.0125***
(-14.71) (5.05) (-8.87) (-18.17)
Age_insider -0.00004 0.0001*** -0.00002 -0.0001**
(-1.00) (8.77) (-0.23) (-1.99)
PhD -0.0035 -0.0047* - -0.0013
(-0.45) (-1.69) (-0.35)
Grad -0.0143*** -0.0076*** -0.0308*** -0.0205***
(-5.50) (-6.76) (-7.41) (-11.51)
MBA -0.0066* -0.0028* 0.0084 0.0002
(-1.81) (-1.72) (0.92) (0.07)
UnderGrad -0.0010 0.0015*** 0.0037 0.0047***
(-0.89) (3.89) (1.41) (5.14)
Firm-fixed Effect YES YES YES YES
No. of Obs. 44,476 210,675 8,616 36,449
R-squared 0.3361 0.2628 0.2769 0.3097




2.4.4.2 Female Insider Trading and Biased Trade Losses in Firms with Higher Female Proportion

We have reported in our descriptive statistics that 5.71% of the executives are female, but they are
responsible for only 2.56% of the total insider transactions. It is evident that they are underrepresented
in the firms, especially at the top corporate level. Moreover, their lack of connections and limited access
to informal networks become a hurdle for females to collect useful, material information and for making
profitable decisions (Fang & Huang, 2017; Inci, Narayanan, & Seyhun, 2017; Mobbs, Tan, & Zhang,
2018). We anticipate that the impact of these factors may diminish in firms where the proportion of
female insiders is comparatively higher than males. A greater number of females at top positions reflects
stronger ties and networks among them, which ultimately improve their learning, work related
experience, and the availability of useful information. Following Inci, Narayanan, and Seyhun (2017),
we consider the proportion of female insider trades in a firm as a proxy of the proportion of female
insiders. If access to information contributes to our results, in such firms we expect a decrease in the

positive association between female insiders and their biased trades’ losses.

Table 2.10 displays the findings of female insider trading and biased trade losses in the sub-
sample of firms with a higher proportion of female insiders (i.e., where the proportion of female insider
trading is at the 95™ percentile and above). First, we measure the proportion of female insider trades in
each firm within our full sample. Subsequently, by using these proportions, we consider the sub-sample
of firms in which the female insider trades’ proportion is at the 95" percentile and above. Columns (1),
(2), and (3) of Table 2.10 present the results of the sub-sample of firms selected from the full sample.

In Column (4), the sub-sample is chosen from the firms with insider trades by both genders.

Considering firm fixed effects and all the control variables, the regression results show that,
when we limit our sample to the firms in which the proportion of female insider trading is at the 95"
percentile and above, no significant positive relation exists between female insiders and biased trade
losses. This finding is consistent with the argument that when females are higher in number, the
informational disadvantage is reduced. Hence, female insiders no longer suffer higher losses from the

prospect theory value biased trades.



Table 2.10. Biased Trade Loss and Female Insider Trading in Higher-Female-Proportion Firms

This table presents the findings of the regression of biased trade loss on female insider trades in firms with female trades that
are in the 95" percentile of all female trades. We measure the proportion of female insider trades by taking the number of
female trades divided by the total number of trades by both gender in each firm. Using these proportions, we take into account
the sub-sample of firms in which female insider trades’ proportion is in the 95" percentile and above. The dependent variable,
Biased_Trade_Loss (B_T_Loss), is a measure of loss from prospect theory value biased trades and is equal to |Retex;,, | if
either of the two conditions mentioned in Equation (4) is met at time t and 0 otherwise. Female is a measure of trade by a
female insider that is equal to 1 if the insider trading is carried out by the female at time t and 0 otherwise. Retex_m is the
monthly return in excess of the market return at time t-1. Retex_y is the cumulative past monthly returns in excess of the
market returns from t-12 to t-2. Size is the log of the monthly market capitalization at time t-1. Turnover is the monthly volume
turnover at time t-1; it is equal to the number of shares traded divided by the number of shares outstanding. Book_Mkt is the
book-to-market ratio at time t-1, measured as (total assets - total liabilities) divided by (closing price*number of shares
outstanding). Age insider is the insider’s age at the time of transaction t. PhD equals 1 if the insider has doctoral degree and
0 otherwise. Grad equals 1 if the insider has a graduate degree and 0 otherwise. MBA equals 1 if the insider has a Master of
Business Administration degree and O otherwise. Undergrad equals 1 if the insider has an undergraduate degree and O
otherwise. To ensure that extreme values are not affecting the results, all variables are winsorized at their 1 and 99 percentile
levels. The results are reported for the full sample, as well as for the subsample of firms with trades by both genders. The
results are presented with firm-fixed effects. The t-statistics based on White robust standard errors are reported in parentheses.
*xx **and * denote 99%, 95%, and 90% significance levels.

B_T_Loss;; = a+ B, Female;, +y Controls + &,

Full Sample Trades by both gender
All controls but no fixed Fixed effect but no All controls and fixed All controls and fixed
effect controls effect effect
1) ) 3) (4
Female -0.0029** 0.0011 -0.0008 -0.0055
(-2.37) (1.23) (-0.75) (-1.33)
Retex_m -0.0295*** - -0.0269*** 0.0363***
(-4.63) (-7.44) (3.39)
Retex_y 0.0011 - 0.0010 0.0210***
(0.65) (0.64) (4.45)
Size -0.0039*** - -0.0061*** -0.0079**
(-14.79) (-4.74) (-2.07)
Turnover 0.0077*** - 0.0014*** -0.0070%***
(13.37) (2.92) (-3.00)
Book_Mkt -0.0009 - -0.0078*** 0.0294***
(-0.88) (-4.15) (3.90)
Age_insider 0.0002*** - -0.00003 -0.0003
(3.50) (-0.46) (-0.85)
PhD 0.0700*** - 0.0007 0.0169
(15.84) (0.22) (0.93)
Grad -0.0272* - -0.0649* -
(-1.66) (-1.78)
MBA -0.0081*** - -0.0029 -0.0206
(-2.76) (-0.39) (-0.66)
UnderGrad 0.0006 - -0.0003 -0.0039
(0.48) (-0.17) (-0.43)
E'frf':af xed NO YES YES YES
No. of Obs. 4,430 5,507 4,430 1,074

R-squared 0.3307 0.6287 0.6689 0.2738




2.5 Conclusion

Behavioral biases affect the profitability of insider trading. This study is the first to provide empirical
evidence of gender differences in insider trading from the perspective of prospect theory. Using a
sample of U.S. top executives’ insider trades, first, we document that insider trades earn lower returns
in the subsequent month when insiders time to buy (sell) stock with a prospect theory value higher
(lower) than that of other firms. Second, female insiders carry out prospect theory value biased trades
and suffer losses higher than the losses their male counterparts suffer. It is evident that the number of
insider transactions, past 12-months’ cumulative return, share turnover, number of shares traded, and
dollar-value of male trades are greater than female trades, on average. Our regression results cannot be
explained by the overconfidence hypothesis as the results show that female executives carry higher
number of biased trades and suffer more losses than males. These results support the information access
hypothesis and imply that the information disadvantage to female executives may explain their higher

biased trade losses.

We follow the literature that limited information contributes to higher behavioral biases, and
that due to male dominance female insiders may have access to limited information, as compared to
their male counterparts. We test these arguments in two different settings; first, where the access to
information is considered to be equal for all the executive, second, where trades are induces by superior
information availability. For our first setting, we run the analysis within executives’ formal titles, trade
size, routine trades, and macro-level market uncertainty. For second setting, buy trades and firms with
high proportion of female insider trades are examined. We find that the significant positive association
between female insiders and prospect theory value biased trades’ losses exist even in the situations
where information is supposed to be equally dispersed, indicating limited access of information to
female insiders. Whereas, this association is significantly diminished when trades are induced by
superior material information. Consequently, these findings indicate that access to information

potentially contributes in explaining higher biased trade losses of female insiders.



CHAPTER 3
GENDER AND MUTUAL FUND LIQUIDITY

This chapter consists of the second essay of the thesis which investigates fund managers’ preference for
liquidity and analyzes the difference in portfolio liquidity among male and female managers. Using a
sample of 1,932 U.S. domestic open-end single managed active equity funds from January 2000 to
December 2017, the results show that preference of female fund managers to hold liquid portfolio is

higher than male managers.

The brief introduction and motivation of the study is given in section 3.1. Section 3.2 provides
the literature review and hypotheses formation, while Section 3.3 establishes the research methodology
and specifies the details of our data. Section 3.4 presents the applications of diagnostic tests, analysis,
and discussion of results. Section 3.5 reports the findings of endogeneity analysis. Section 3.6 provides
the conclusions. An appendix to this chapter and the relevant reference list are provided at the end of

the thesis.



Gender and Mutual Fund Liquidity

Abstract

This study demonstrates that the gender of mutual fund managers affects the liquidity of a
portfolio. Female managers prefer higher portfolio liquidity than their male counterparts. Funds
managed by single female managers are 8-25% more liquid than single male managed funds.
Contrary to the excessive trading hypothesis that expects a higher liquidity preference of
overconfident male fund managers, the findings support the inclination of female fund
managers for the price efficiency hypothesis. Funds experience an increased liquidity when

they transition to a female manager.

Keywords: Mutual funds, Fund manager’s gender, Preference for portfolio liquidity, Information
transparency, Transition funds.



3.1 Introduction

This study focuses on fund managers’ preference for liquidity and examines the role of gender in
selecting a liquidity-preferred portfolio. Liquidity is one of the preferred stock characteristics for
portfolio holdings of mutual funds (e.g., Falkenstein, 1996; Gompers & Metrick, 2001; Pinnuck, 2004).
The prime reason for mutual funds to hold liquid securities is to build a safety cushion to manage
liquidity risk in the event of a crisis. Fund managers can sell their liquid stocks first to reduce exposure
and leverage, quickly and at a lower cost (Scholes, 2000). Recent studies provide insight that
expectation of future market volatility and fund withdrawals encourage fund managers to sell their
illiquid stocks first to preserve liquidity (e.g., Ben-Rephael, 2017; Huang, 2015; Vayanos, 2004). Do
male and female fund managers exhibit a similar preference for portfolio liquidity? Several studies have
concluded that there are no significant differences in the risk-adjusted performance of male and female
fund managers.* However, it is intriguing to analyze the liquidity choice of fund managers for portfolio

holdings based on their gender.

The gender of finance professionals is an important personality trait associated with differences
in investment decisions. Earlier studies suggest that gender disparities exist in investment behaviors
e.g., risk taking, conservatism, and overconfidence.?’ We find strong empirical evidence that women
have a stronger preference for stocks’ information transparency than men. With the inclusion of female
directors on corporate boards, stock price informativeness improves and the level of information
asymmetry in the stock market diminishes (Abad et al., 2017; Gul, Srinidhi, & Ng, 2011). Following
this strand of literature, we expect a difference in liquidity preference among male and female fund

managers.

We develop two competing hypotheses in this regard: the excessive trading hypothesis; and the
price efficiency hypothesis. The excessive trading hypothesis expects that, due to their overconfident

investment behavior, male fund managers are involved in more frequent trading than female managers

19 See for example, Atkinson, Baird, and Frye (2003); Niessen-Ruenzi and Ruenzi (2019).
20 See for example, Beckmann and Menkhoff (2008); Huang and Kisgen (2013); Levi, Li, and Zhang (2014);
Faccio, Marchica, and Mura (2016); Niessen-Ruenzi and Ruenzi (2019).



(Barber & Odean, 2001; Niessen-Ruenzi & Ruenzi, 2019). The excessive turnover in their portfolios,
and aggressively moving money into new securities, increase transaction costs (Chan & Lakonishok,
1995). Therefore, the preference to trade in liquid stocks is higher for male managers as compared to
their female counterparts. On the contrary, following the literature on female attraction for transparent
information, the price efficiency hypothesis expects that, compared to male fund managers, females are
more likely to prefer liquid stocks for which price adjustment to information occurs in a timely manner.
Lang, Lins, and Maffett (2012) suggest that transaction costs are lower, and liquidity is higher, for firms

with better transparency.

We find a contradictory view in the literature regarding behavioral disparities among gender.
A number of studies indicate that it is usual to observe a vivid difference in the investment behaviors
of individual or household investors and professional managers (Dwyer, Gilkeson, & List, 2002). The
managers belong to a category of highly experienced and qualified investors; therefore, they are most
likely to behave in a similar way. Following this aspect of the literature and considering the importance
of portfolio liquidity decisions, it is plausible that there exists no disparity in the choices of male and
female fund managers when investing in liquid assets. Fund managers have a familiarity with risk as
they are specialists in risk management. Additionally, they usually have advanced financial education
and market knowledge. These two forces alleviate the gender effect on behavioral preferences of fund
managers.? The self-selection mechanism among females on becoming fund managers can be another
reason to assume that females are equally confident and competitive as their male counterparts.?” The
ongoing ranking of fund managers by market participants, and some investors’ gender bias towards
female managed funds, are also reasons to assume that female and male fund managers tend to perform

similarly.?®

21 Hibbert, Lawrence, and Prakash (2013) suggest that financial education mitigates the gender difference in risk
aversion.

22 Nekby, Thoursie, and Vahtrik (2008) show that women selected to participate in male-dominated environments
are likely to be highly competitive.

23 Niessen-Ruenzi and Ruenzi (2019) document significantly lower inflows in female-managed funds than in
male-managed funds because some investors with strong gender bias invest significantly less in female-managed
funds.



To the best of our knowledge, we are the first to investigate mutual fund managers’ liquidity
preference for portfolio holdings, influenced by their gender. This study not only explores the
controversial research area of gender but also deals with potential endogeneity issues. It is likely that
some fund management companies discriminate in their selection of a fund manager based on gender,
or females may self-select specific type of funds, e.g. growth funds or income funds, etc. Hence, the
investment objective of a fund affects a stockholding’s liquidity, rather than it being affected by the
gender of the fund manager. It should also be noted that female representation is uneven across different
types of funds. Their underrepresentation in some funds with specific objectives can lead to spurious
results. On the other hand, institutional ownership affects a stock’s liquidity (Agarwal, 2007; Rubin,
2007). One major concern of this study is whether a fund manager has picked stocks based on their
liquidity, or their inclusion in the fund portfolio has given rise to the stocks’ liquidity. Therefore, it is
difficult to establish a fund manager’s preference for liquidity. The concern of time-invariant fund
specific characteristics that might be correlated with omitted explanatory variables gives rise to
endogeneity issues. In this scenario, a simple regression model may not be sufficient to justify the
outcomes. We, therefore, apply propensity scores matching and difference-in-differences approaches

to substantiate the authenticity of our results.

First, we compare the liquidity preference of funds managed by female managers to a
(propensity score) matched sample of peers run by male managers, that are indistinguishable in terms
of investment objectives, time, fund, and manager level characteristics. Second, we compare the
portfolio liquidity preference of the same funds, as managed by managers of different gender. We
consider a sample of funds experiencing a transition from one manager to another, including male to
male, female to female, male to female, and female to male fund manager (referred to as “transition
funds”). Third, we apply propensity scores matching on the transition funds. Finally, we apply a
difference-in-differences approach on the transition funds to compare fund liquidity before and after

transitions from male to female manager, with a control sample of male to male transition funds.



We conduct one additional test to rule out any endogeneity concerns. The test relies on the
instrumental variable approach, in which we use a “state level gender equality index” as an instrument
for a fund managed by a female manager (Di Noia, 2002). We assume that the friendlier a state is toward
female equality the more likely a fund (with its headquarters in that state) is to have a female manager.
The results support our hypothesis of a stronger female preference for portfolio liquidity relative to

males.

Using a sample of 1,932 U.S. domestic open-end single managed equity funds from January
2000 to December 2017, 10% (on average) of which are run by single female managers, the results
show that the preference of female fund managers for holding liquid portfolios is higher than for male
managers. Our outcomes provide support to the price efficiency hypothesis as opposed to the excessive
trading hypothesis. The findings are consistent with the literature that finds that females are involved
in less frequent trading than their male counterparts. However, the net result of liquidity preference
among male and female fund managers does not indicate higher liquidity demand by male managers.
Price delay may result from lack of liquidity or investors’ inattention towards a stock (Hou &
Moskowitz, 2005). The results show that female fund managers favor stocks for which their prices
incorporate market and firm specific information in a timely manner. Subsequently, female fund
managers’ inclination toward price-efficient stocks may explain their preference for higher portfolio
liquidity. The findings of propensity scores matching, and difference-in-differences methodologies
provide empirical evidence that a significant increase in portfolio liquidity occurs around the change
from male to female fund manager, as compared to otherwise similar peers. The results from a two-
stage least squares (2SLS) instrumental variable (IV) design are consistent with the main findings of
the study. Moreover, the outcomes depict that, on average, female managed funds are smaller in size
and have lower flows and fund returns. We also present the impact of female fund managers on portfolio
liquidity across investment styles and over time. We run a main regression model by controlling for
various stock-level variables that are likely to affect portfolio liquidity and find that the results support

our hypothesis.



The literature on liquidity and asset pricing states that the expected return of an illiquid stock
is higher to compensate for its higher trading cost (Amihud & Mendelson, 1986). One possible
explanation for our results is the tradeoff between liquidity and fund returns. The liquidity preference
of female fund managers gives them the benefits of managing a less risky portfolio and protecting from
excessive trading costs when the market is volatile. However, a liquidity preferred portfolio has a higher
tendency to deteriorate fund performance due to lower returns. There exists empirical evidence that
mutual fund investors reward superior performing funds by increasing flows into these funds (e.g., Fant
& O'Neal, 2000; Sirri & Tufano, 1998). Therefore, it is not surprising if fund managers attract fund
flows by holding less-liquid stocks and reporting higher fund return performance. Our results show that
female fund managers prefer to hold more liquid assets, which reduces the riskiness of the portfolio;
however, female managed funds have, on average, lower flows and returns as compared to male
managed funds. Although our preliminary analysis depicts negative returns when the fund is female

managed, the association is not statistically significant.?*

So far, the preference for portfolio liquidity among male and female mutual fund managers
remains unexplored. Our study relates to several strands of literature. First, it contributes to the existing
studies that report liquidity as one of the important characteristics of stockholdings, preferred by
institutional investors (e.g., Del Guercio, 1996; Falkenstein, 1996; Gompers & Metrick, 2001). Second,
our results are consistent with the notion that behavioral disparities among gender exist even in
professional settings (e.g., Faccio, Marchica, & Mura, 2016; Ho et al., 2015; Huang & Kisgen, 2013).
Third, the analysis of liquidity preference among male and female fund managers is a contribution to
the existing literature on the gender of mutual fund managers (e.g., Beckmann & Menkhoff, 2008;
Niessen-Ruenzi & Ruenzi, 2019). Fourth, our findings support the literature on females’ inclination
towards informationally transparent stocks, and the positive association between stock price efficiency

and liquidity (e.g., Abad et al., 2017; Callen, Khan, & Lu, 2013; Diamond & Verrecchia, 1991; Gul,

24 We present the findings for fund risk and return in Table B6 in the Appendix. The use of more structured proxies
to measure fund performance will undoubtedly provide greater insight; however, it is beyond the scope of this
study and is best left for future research.



Srinidhi, & Ng, 2011; Lang, Lins, & Maffett, 2012). Finally, this study discusses the fact of stock

liquidity and return tradeoff (Amihud & Mendelson, 1986).

The rest of the paper is structured as follows. Section 3.2 provides the literature review and
hypotheses formation, while Section 3.3 establishes the research methodology and specifies the details
of our data. Section 3.4 presents the applications of diagnostic tests, analysis, and discussion of the

results. Section 3.5 reports the analysis of the endogeneity issues. Section 3.6 provides the conclusions.

3.2 Literature Review and Hypotheses Development

3.2.1 Liquidity and Mutual Funds

Institutional investors, including fund managers, exhibit specific preferences for various stock
characteristics, with liquidity being one of them. Del Guercio (1996) examines the impact of the
prudent-man laws on the holding preferences of mutual funds and banks. By analyzing the reported
portfolio holdings of 941 institutional managers, the study finds that bank managers significantly tilt
their portfolios towards “prudent” (quality) stocks. The constraints of the prudent-man rule induce bank
managers to prefer large-capitalization stocks with low book-to-market ratios. Mutual fund managers
appear to display a slight preference for low book-to-market stocks and a stronger avoidance of high

book-to-market stocks, in both large and small stocks.

Transaction costs erode a fund’s performance and managers wishing to maximize fund
performance will prefer highly liquid stocks to minimize implicit transaction costs. Falkenstein (1996)
analyzes a cross-section of U.S. mutual fund equity holdings to determine fund managers’ preferences
for various stock characteristics. Examining equity holdings of about 1000 funds for the years 1991 and
1992, he finds strong preferences for stocks with high liquidity (low transaction cost), information flow,
and high idiosyncratic volatility. The study also highlights that small-cap funds show a preference
towards small-cap stocks, which are relatively low in liquidity. Gompers and Metrick (2001) extend the

previous work on institutional investors’ preferences for stock features by analyzing a 17-year panel


https://www.sciencedirect.com/science/article/pii/S0927538X05000715#bib13

(1980 to 1996) of U.S. 13F institutional investors with at least US$100 million under management.
They find that such large institutions prefer large market-capitalization stocks and highly liquid stocks

that have low past returns.

Using data of equity portfolio holdings of 35 Australian active equity fund managers from 1990
to 1997, Pinnuck (2004) finds strong evidence that fund managers prefer large, liquid, and low volatility
stocks. Brands, Gallagher, and Looi (2006) consider 36 active Australian institutional equity managers
over the period from 2000 to 2001 and examine their preferences for securities according to stock size.
The study shows significant preferences for stocks with higher stock price variance, lower transaction
costs, larger market-capitalization, preferences towards value stocks, securities with higher analyst
coverage and stocks with a lower standard deviation in analyst earnings forecasts. For small stock
holdings, stock volatility and analyst coverage are of greater importance. On the other hand, there is
evidence that over time institutional investors have shifted their aggregate preferences towards smaller
and riskier securities (Bennett, Sias, & Starks, 2003). The study suggests that institutional investors’

informational advantages are greatest in smaller-capitalization securities.

Mutual fund managers’ preference for liquidity and trading of stocks based on their liquidity
provide managers with a safety cushion during changes in expected market volatility or redemptions.
Liquid stocks can easily be converted into cash during market stress to cater for redemptions in the
fund. Therefore, fund managers are likely to adjust the liquidity of their portfolios in response to
changes in expected volatility. Huang (2015) examines fund managers’ changes in portfolio
decomposition and finds that fund managers hold more cash, and their holdings are more inclined
towards liquid stocks, during periods when expected market volatility is high. Such liquidity
preferences are stronger for funds that face high exposure to investor withdrawals during volatile times.
Huang argues that this is due to strategic liquidity planning by fund managers and it can serve as a shock
absorber when large investor redemptions occur during volatile periods. The evidence suggests that this

type of dynamic behavior contributes to higher fund returns.



There are different predictions regarding which assets should be sold first in crisis, either liquid
or illiquid. Scholes (2000) supports the view that fund managers sell their liquid securities first, quickly
and at a lower cost. Clarke, Cullen, and Gasbarro (2007) provide evidence that, when fund managers
face redemptions, they avoid selling their less-liquid assets because this would lead to a greater
downward price pressure on the illiquid stocks. They find that low liquidity funds exhibit a higher
preference for selling their more-liquid stocks when they experience redemptions. However, during
volatile times when withdrawals become more likely, if fund managers act strategically, they sell their
illiquid assets first to preserve liquidity. Vayanos (2004) concludes that, in crisis, fund managers
increase their preference for liquidity, they reduce illiquid stocks’ holding, stocks’ liquidity premia, and
illiquid assets’ market betas increase. Consistent with this view, Ben-Rephael (2017) analyses the
aggregate liquidation of equity mutual funds during ten periods of extreme market volatility, defined
by a significant positive jump in VIX, from 1986 to 2009. The findings show that mutual funds reduce
their aggregate shareholdings of illiquid stocks during volatile periods. The cross-sectional analysis
suggests that larger redemptions from funds that hold less-liquid stocks contribute to the aggregate
reduction in illiquid stocks’ holdings, which may contribute to the relatively large decline of illiquid

stock prices.

While it appears that many researchers are convinced that portfolio liquidity plays an important
role in dealing with fund redemptions, there exists another strand of literature which recognizes that
liquidity provision to fund investors and liquidity-motivated trading have an adverse impact on fund
performance. The studies narrate that fund managers respond to unanticipated investors’ flow and
engage in trading to control liquidity, which is detrimental to fund performance. The liquidity-motivated
trading by fund managers not only results in transaction costs, but also significant trading losses (e.g.,
Alexander, Cici, & Gibson, 2007; Edelen, 1999; Nanda, Narayanan, & Warther, 2000). Clarke, Cullen,
and Gasbarro (2007) suggest that, until the following three- and six-month periods, redeeming funds
that sell their more liquid stocks statistically and economically underperform redeeming funds that sell

their less liquid stocks, during the period of inflows. In contrast, inflow funds that purchase more liquid



stocks underperform those that purchase less liquid ones. Massa and Phalippou (2004) conclude that

fund performance is unrelated to portfolio liquidity.

Managing portfolio liquidity is crucial for fund managers due to various fund- and market-
specific reasons. However, the degree of male and female fund managers’ preference for liquidity is
still unexplored. This study conducts an empirical analysis to analyze gender aspects in liquidity

choices.

3.2.2 Gender, Behavioral Differences, and Liquidity Preference of Male Fund Managers

In the behavioral finance literature, there are several studies exploring behavioral disparities among

gender regarding financial decision making in different settings.

Using a psychological survey experiment on shareholders, security analysts, institutional
investors, and general businesspersons, Estes and Hosseini (1988) find that women are significantly
less confident than men in investment decisions. Sunden and Surette (1998), using data from the 1992
and 1995 Surveys of Consumer Finances, find that gender and marital status have a combined effect on
the allocation decisions of defined contribution (DC) retirement plans. The results show that women,
either single or married, tend to allocate their investments to the retirement plan more conservatively
than men. The failure of women to invest adequate funds in stocks results in lower retirement wealth.
Similarly, Jianakoplos and Bernasek (1998) use surveys and other economic data to conclude that single

women are more risk averse in financial decision making than single men.

Powell and Ansic (1997) design two computerized laboratory experiments to examine the
gender differences in risk preferences. They find that females are less risk seeking than males in
financial decision making, regardless of the degree of familiarity, frame, or cost. Moreover, the results
show that males overvalue, and females undervalue, their current position in the currency market
because females are less confident than males. However, Schubert et al. (1999) attribute the higher risk

aversion of females than males to the setting of financial design. They explain the inability of survey



data to capture enough differences in relevant factors, like the investment opportunity set. They find no
variances in risk taking behavior in men and women facing investment and insurance related decisions

in a controlled setting.

Investment decision making by professionals at the corporate level provides a perfect setting to
explore behavioral differences among gender, because it is a homogeneous group of individuals with
comparable levels of financial expertise and knowledge. Huang and Kisgen (2013) document that the
propensity to make acquisitions is lower in companies with female CFOs. They indicate that female
executives are more risk averse in investment and capital structure decisions than male executives.
Berger, Kick, and Schaeck (2014) and Adams and Ragunathan (2017) state that the portfolio risk of
banks with more female directors on their boards is higher than that of banks with fewer female
directors. Faccio, Marchica, and Mura (2016) evaluate whether corporate risk-taking is affected by
CEO gender. They observe a subsequent decrease in risk-taking of a given firm around the transition
from a male to a female CEO. Ho et al. (2015) document that female CEQOs are more ethical and risk
averse, hence firms with female CEOs report more conservative earnings. On the contrary, Sila,
Gonzalez, and Hagendorff (2016) find no evidence that boardroom gender diversity affects a firm’s

equity risk.

There are studies exploring the characteristics of mutual fund managers and their impact on
fund performance. Chevalier and Ellison (1999a) examine the manager’s age, the average composite
SAT score at the manager’s undergraduate institution, and whether the manager has an MBA. They
find that only the undergraduate college attended by the manager is relevant to fund performance.
Atkinson, Baird, and Frye (2003) analyze a sample of fixed-income mutual fund managers and compare
male and female managers to determine whether there is a difference in performance, risk, or other
characteristics. They conclude that there is no significant difference in fund performance. However,
female managers receive lower fund inflows into funds that they are managing. In a related study,
Beckmann and Menkhoff (2008) test the survey responses of 649 fund managers in the U.S., Germany,

Italy, and Thailand, and demonstrate that female fund managers are more risk averse and less



overconfident than male managers. Recently, Niessen-Ruenzi and Ruenzi (2019) report that female
equity fund managers are more risk averse, follow a less extreme investment style, have more consistent
investments, and trade less than their male counterparts. Their study documents no gender difference in
fund performance, but female managed funds receive significantly lower inflows than male managed

funds.

One of the personality characteristics that influences investment decisions is overconfidence.
Odean (1999) finds that individual investors tend to trade excessively, are more risk taking, and make
poor investment decisions. To analyze gender differences in overconfidence, Barber and Odean (2001)
use account data from a large brokerage firm and examine the common stock investments of male and
female investors. They find that men trade 45% more than women, which results in lower net returns
than for women. They attribute the performance and trading activity of men to overconfidence in their
investment abilities. Grinblatt and Keloharju (2009) evaluate trading data of Finnish investors and
document that men trade substantially more than women at all age groups. Huang and Kisgen (2013)
find that male executives exhibit higher overconfidence as compared to females as they are involved in
more frequent acquisitions and debt issuance. Hence, male executives earn lower returns for these
corporate decisions than their female counterparts. On the contrary, Nekby, Thoursie, and Vahtrik
(2008) show that women selected to participate in male-dominated environments are likely to be highly
competitive. Deaves, Liders, and Luo (2009) provide experimental evidence that overconfidence drives
trading but do not find any gender differences regarding overconfidence or trading activity of finance

and economics students.

Following the literature that finds men being more overconfident than women, we expect that
male fund managers trade more actively than their female counterparts. These male managed high
turnover funds face greater trading costs (Chan & Lakonishok, 1995). Subsequently, male fund

managers prefer more liquid stocks in their portfolios to reduce trading costs.

H1la: Portfolio liquidity preference is higher among male than female fund managers.



3.2.3 Stock Price Efficiency and Liquidity Preference of Female Fund Managers

We conjecture that the preference for portfolio liquidity is higher for female fund managers than males.
There is limited empirical work in the literature relating to the effect of gender on liquidity preference.
Ahmed and Ali (2017) consider a sample of 944 Australian firms from 2008 to 2013 to investigate the
relation between gender diverse boards and stock liquidity. They conclude that the efficient monitoring
of female directors explains higher stock liquidity. They use three proxies to measure stock liquidity;
Amihud’s (2002) illiquidity measure, liquidity ratio, and stock turnover, and find a positive and
significant association between boardroom gender diversity and stock liquidity. Similarly, Loukil,
Yousfi, and Yerbanga (2019) explore French firms between 2002 and 2012 to analyze the impact of
gender diversity on boards on stock market liquidity, by distinguishing the effects of women inside and
independent directors. They find that stock market liquidity is positively and significantly associated

with the presence of women directors.

In this study, we explore the potential explanation of the tendency of female fund managers to
prefer more liquid stocks in their portfolio than their male counterparts. The monitoring role of females
on corporate boards and the resulting improved informativeness of stock prices have been examined in
detail in the finance literature. The extant literature provides evidence that liquidity is higher for a stock
with efficient prices. We argue that females’ liking for price efficient stocks may explain their higher
preference for liquid stocks. There is no literature in the investment field regarding inclination of
females towards information efficiency, therefore, we support our argument from corporate finance

literature.

Adams and Ferreira (2009) describe how gender diverse boards are effective controllers.
Female directors provide better monitoring of managers’ actions by promoting better board attendance,
and joining monitoring positions on audit, nominating, and corporate governance committees. The
literature shows that the boards performing an effective job of monitoring their managers’ actions,

improve the quality and the frequency of information released by management. Subsequently, higher



board quality is related to lower information asymmetry (e.g., Ajinkya, Bhojraj, & Sengupta, 2005;

Karamanou & Vafeas, 2005).

We find empirical evidence in the literature that the presence of female directors on boards
improves transparency and increases the quality and quantity of public/private disclosure. A valuable
study by Gul, Srinidhi, and Ng (2011) explains that stock prices are more informative when boards are
gender diverse. They argue that gender diversity improves stock price informativeness through the
mechanism of increased public disclosure in large firms, and by encouraging private information
collection in small firms. The strong monitoring role of female directors make stock prices more
efficient in timely incorporation of market and firm specific information. Upadhyay and Zeng (2014)
test a sample of S&P 1500 firms from the years 2000 through 2003 and show that board diversity
(gender and ethnicity) is negatively associated with corporate opacity. The index to measure the
corporate information environment includes analyst following, analyst forecast error, bid—ask spread,
and share turnover. Their findings provide the insight that board diversity creates a more transparent
information environment. Similarly, in the Spanish market using data from 2004 through 2009, Abad
et al. (2017) find that the gender diversity on boards is negatively associated with the level of
information asymmetry in the stock market. They use proxies for information asymmetry i.e., relative
bid-ask spread, price impact measure, and PIN; estimated from high-frequency data along with a system
GMM panel methodology. Consequently, it is obvious that transparency and price informativeness

inspire female professionals.

The existing studies indicate a strong relationship between information asymmetry and stock
liquidity. Diamond and Verrecchia (1991) show that revealing public information to reduce asymmetry
of information, increases the liquidity of a firm’s securities. The effect is stronger for large firms who
want to appeal to large holdings by institutional investors, and these investors are more concerned about
future liquidity. Therefore, these large firms receive the largest benefit from reduced information
asymmetry and a decreased cost of capital. Ng (2011) shows that higher information quality lowers

liquidity risk, which results in a reduced cost of capital. The negative association between information



quality and liquidity risk is stronger in times of large, unexpected changes in market liquidity.
Moreover, Lang, Lins, and Maffett (2012) use a sample across 46 countries over the period of 1994 to
2007 and conclude that transaction costs are lower, and liquidity is higher, for firms with better
transparency. The transparency is measured as less evidence of earnings management, better accounting
standards, higher quality auditors, more analyst following, and more accurate analyst forecasts.
Enhanced quality of information increases the speed with which information is incorporated into prices,
termed as price efficiency. We observe that various studies on price efficiency attempt to capture
different dimensions of liquidity as controls and indicate that high liquidity stocks tend to have less

price delay (e.g., Callen, Khan, & Lu, 2013; Hou & Moskowitz, 2005; Saffi & Sigurdsson, 2011).

Following the literature, we expect that preference for informationally transparent stocks with
efficient prices may explain female fund managers’ liquidity choices. A stock’s price efficiency is
associated with high liquidity; therefore, we conjecture that preference for portfolio liquidity is higher

for female fund managers than for their male counterparts.

H1b: Portfolio liquidity preference is higher among female than male fund managers.

3.3 Data and Methodology

3.3.1 Data

This study considers U.S. domestic actively managed open-end equity funds from January 2000 to
December 2017. It follows the methodology of Kacperczyk, Sialm, and Zheng (2008) to merge mutual
funds’ characteristics data from the Center for Research in Security Prices (CRSP) Survivorship Bias-
Free Mutual Fund Database with holdings data from Thomson Reuters and stock prices data from the
Center for Research in Security Prices (CRSP). The set from the Thomson Financial database, known
as CDA/Spectrum S12 for mutual funds holdings, covers almost all historical domestic mutual funds

plus about 3,000 global funds that hold a fraction of assets in stocks traded in U.S. and Canadian stock



markets.” Based on Investment Objective Codes (I0C), we exclude non-equity funds from the holdings
data, i.e., international, municipal bonds, bond and preferred, and balanced funds. The study deals with
the two main issues of the S12 dataset, which are “late reporters”, i.e., cases where a fund rarely shows
RDATE (the date for which the holdings are actually held by the fund) holdings that correspond to the
same quarter as the FDATE vintage (the date when the holdings are filed), and “stale data”, i.e., where
the same RDATE based holdings are shown in two or more consecutive FDATE vintages. We keep the
holdings of the first given FDATE and the most recent RDATE for a portfolio. According to the mutual
funds disclosure policy in 2004, funds are required to disclose their holdings quarterly instead of
semiannually. We assume that, for funds that report semiannual holdings or if the gap between
disclosure dates is more than 6 months, the most recently available filing is unchanged until the next
filing is reported (the cut off for the holding period is 6 months). The monthly prices from CRSP are
obtained to allocate a dollar value to the monthly holdings. We exclude the holdings if their CUSIPs

cannot be linked to the CRSP stock database.

While selecting domestic equity funds from CRSP, we focus on funds with the following Lipper
class or Lipper objectives: EIEI, G, LCCE, LCGE, LCVE, MCCE, MCGE, MCVE, MLCE, MLGE,
MLVE, SCCE, SCGE, SCVE, or CA, El, G, GI, MC, MR, SG. If both of them are missing, we select
funds with the following Strategic Insight objectives: AGG, GMC, GRI, GRO, ING, or SCG. If Lipper
class, objectives, and Strategic Insight objectives are not available for a fund, we choose funds with the
following objectives of Wiesenberger Fund Type Code: G, G-I, AGG, GCI, GRI, GRO, LTG, IEQ,
MCG, SCG. If none of these objectives is given and the fund has a CS policy (common stocks primarily
held by the fund), then the fund is included.?® Moreover, following Kacperczyk, Sialm, and Zheng
(2008), we ignore funds that, on average, hold less than 80%, or more than 105%, in stocks. As the

study considers actively managed equity funds, we exclude index funds based on the provided

%5 gee for example, Wharton Research Data Services (2008) — User’s Guide.

%6 The description for the fund classifications from Lipper class or Lipper objectives, Strategic Insight objectives,
and Wiesenberger Fund Type Codes is given in the Appendix (Table B7, B8, and B9, respectively).



index_fund_flag and their names that contain the following words: INDEX, INDE, INDX, IDX, S&P,

MSCI, ETF, ISHARES, DOW JONES, INTERNATIONAL.

Following Solomon, Soltes, and Sosyura (2014), the study uses the MFLINKS table, which is
developed by Wharton Research Data Services (WRDS) in collaboration with Professor Russ Wermers
(University of Maryland’s Robert H. Smith School of Business), to match portfolio holdings with
mutual fund characteristics. The MFLINKS table uses “wficn” as the fund identifier, whereas the CRSP
“fundno” identifier is used for each share class. Therefore, we aggregate multiple fundno share classes
into one wficn. The annual expense and turnover ratio of fund share classes are converted to their
monthly equivalent. The share class observations reporting negative monthly net assets, turnover ratio,
or expense ratio are ignored. We sum monthly net assets of all share classes with the same wficn to
derive the monthly total net assets of a fund. For the analysis, we compute the value-weighted average
for the monthly fund return and expense ratio. For fund age and the turnover ratio, we consider the
oldest share class. To avoid incubation bias, we exclude a fund’s monthly observations where the date
of the observation is prior to the inception date of the fund reported in CRSP and we also eliminate
observations where funds’ names are missing.”’ From a fund’s aggregated holding data, we exclude
funds that hold fewer than ten stocks or manage less than US$1 million in the previous month

(Kacperczyk, Sialm, & Zheng, 2005). We require a fund to have at least one year of monthly returns.

After matching the samples from CRSP and Thomson Reuters by wfich and monthly dates, we
impose an additional filter to eliminate observations with errors. Following Pastor, Stambaugh, and
Taylor (2020), we measure the ratio of a fund’s total net assets attained by adding up the net assets of
CRSP share classes to the assets obtained by adding up the fund’s holdings from Thomson Reuters. We
eliminate any fund-month observation if the ratio exceeds 2.0 (i.e., 200%), or is less than 0.5 (i.e., 50%).

We have a matched sample of 3,165 domestic equity funds with 376,362 fund-month observations.

We collect data on fund managers’ characteristics from the Morningstar Direct (MS) database.

In MS, “secid” is the unique identifier for a fund share class, whereas “fundid” uniquely identifies a

27 See for example, Elton, Gruber, and Blake (2001); Evans (2004).



fund. Therefore, different share classes of the same fund have different secids, tickers, and CUSIPs, but
the same fundid. For the purpose of matching, we use qualitative attributes like wficn, crsp_fundno, 8-
digit CUSIP, name, ticker, and inception date of fund share classes of our completely matched CRSP
and Thomson Reuters sample. First, we use the CUSIP of each share class to find a match in MS and
obtain the relevant fundid.?® Second, we verify the matching accuracy of the obtained fundid with
crsp_fundno, and attain the missing fundid (if given) from the matched/merged list of CRSP and MS
funds developed by Pastor, Stambaugh, and Taylor (2015).° At this stage, our matched CRSP and
Thomson Reuters sample of share classes has the matched fundid as well. Third, we make sure that all
matched MS share classes with the same fundid also have a unique wficn. We encounter the following

issues:

(i) Almost 25% (or below) of the matched MS share classes with the same wficn have
different fundid (e.g. there are 5 share classes belonging to a fund and have equal wficn.
Out of these 5, 4 share classes have identical fundid, whereas 1 class’s fundid does not
match with the rest),

(i) Almost 50% of the matched MS share classes with the same wficn have different fundid
(e.g. there are 6 share classes belonging to a fund and have equal wficn. Out of these
6, 3 share classes have identical, whereas 3 have varying fundids),

(iii)  Almost 75% (or above) of the matched MS share classes with the same wficn have
different fundid (e.g. there are 8 share classes belonging to a fund and have equal wficn.
Out of these 8, only 2 share class have identical fundid, whereas other 6 classes belong
to diverse fundids), and

(iv) Some share classes with a particular fundid belong to more than one wficn.

28 Due to the unavailability of CUSIP in the Morningstar Direct database, we provided the list of CUSIPs of CRSP
and Thomson Reuters matched fund share classes to the MS support team, who then supplied us with the fundid
of all matched CUSIPs.

29 Lucian A. Taylor has been very kind to provide the data of matched CRSP and MS share classes (including
crsp_fundno, secid, and fundid). The comprehensive matching process, till the end of year 2014, is described in
their paper (Pastor, Stambaugh, & Taylor, 2015). We find some discrepancies in their matched fundid and the
ones we obtain from MS, due to different study time windows. For our analysis, we mostly rely on fundid retrieved
from MS, as they fulfill our matching criteria.



We manually deal with these issues by verifying with “Manager history” from MS, as well as
the name and inception date of the oldest share class from MS and our matched CRSP and Thomson
Reuters sample (Patel & Sarkissian, 2017). The data point of manager history provides managers’
names and dates of joining and leaving the fund from the date of its origination. Therefore, all share
classes belonging to one fund have a similar management history. To deal with the first matching issue,
for every unique wficn, we keep management information of the share classes that are in majority and
have the same fundid.*® For the second issue, we consider the management history of the share classes
with varying fundid. We cross-verify the joining date of the very first fund manager with the inception
date of the oldest share class having unique wficn. We consider the management information of the
share class if the joining date is the same or very shortly after the inception date. We also look at the
name and inception date of this share class to see if they match with the information of the oldest share
class of unique wficn. We address the third issue by excluding such funds because share classes have
different fundids as well as management history and inception dates. Finding an exact match in this
case is not feasible. To deal with the fourth issue, we cross-check monthly net assets, names, and
inception dates of the share classes with fundid with the ones having unique wficn. Then, based on the
above-mentioned selection process, we finalize the management information of these funds.*

At this stage, we have the share class aggregated fund characteristics, management history, and
stock holdings for every unique wficn identifier, which forms the basis for further analysis. The
resulting dataset contains 3,109 unique equity funds with 372,551 fund-month observations. We then
hand-collect the data for various attributes of fund managers, including gender, year of graduation,
tenure with the fund, earned degrees, and professional certifications. To specify whether a fund is
managed by a male or female manager at the end of every month, we utilize the managers’ joining and
resigning dates information provided in the “Manager history” data point. In this study, all managers

and their characteristics are recorded according to whether they have been serving, joined, or left the

%0 In all such cases, name and inception date of the oldest share class with fundid are exactly matched with the
oldest share class of the allocated unique wficn.

31 During the selection process to deal with all the matching issues, we have verified inception dates of all funds
with the year when their first manager(s) started managing the fund, given in the manager history data point.



fund during the sample period, i.e, January 2000 to December 2017. Managers who have resigned
before January 2000 or started managing the fund after December 2017 are not the focus of this
research. We also remove fund-month observations for which manager name or tenure date is
unavailable. Similarly, we discard funds that are team managed but do not provide any description of

their team members.

Morningstar provides a “People” tab for every fund which contains management information.
We identify the gender of managers with the help of the title prefixing their names (i.e., Mr., Ms., and
Mrs., etc.). If the titles are missing, we search for terms like “he”, “his”, “him”, “she”, or “her” in their
biography. Moreover, we record the graduation year when managers earn their first undergraduate
degree, and the titles of all their degrees and certifications. If none of this information is available in
MS, we look for their executive profile and biography in Bloomberg, LinkedIn, Facebook, Zoominfo,

and the fund management company’s website.

We identify sole managed, team managed, and a combination of single and team managed funds
in our sample. Following Patel and Sarkissian (2017), we classify a fund as single or team managed
based on the number of manager(s) managing the fund at the end of every month. If there is only one
manager with the fund at the end of a month, we consider the fund as single managed for that month. If
two or more fund managers’ names are given, we classify the fund as team managed for that specific
month. We also categorize all the funds as team managed if they use expressions like “management
team”, or “multiple managers” instead of one manager’s name. Management teams may overshadow
individual member’s decisions, which makes it difficult to analyze the impact of gender on decision
choices. We therefore concentrate the analysis on single managed funds only. Our final sample covers

1,932 unique funds with 124,363 fund-month observations.

Finally, to derive liquidity measures, we retrieve the data of daily stock return, price, volume,

bid price, ask price, and market capitalization from the CRSP stock database.



3.3.2 Variables Definition and Model Development

In this section, we describe our main variables and models used to measure the liquidity preference of

mutual fund managers based on their gender.

3.3.2.1 Dependent Variable — Portfolio Liquidity

We use three proxies to measure fund liquidity: Portfolio liquidity developed by Pastor, Stambaugh,

and Taylor (2020), Amihud’s (2002) measure, and the bid-ask spread.
3.3.2.1.1 Portfolio Liquidity:

The measure of portfolio liquidity is introduced by Pastor, Stambaugh, and Taylor (2020) and consists
of the liquidity of stocks held in the portfolio and the degree to which the portfolio is diversified. The

measure defines the fundamental concept of portfolio liquidity and trading cost as follows:
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where N is the number of stocks in the portfolio, w; is the portfolio’s weight on stock i, and m; is the
weight on stock i in a market-cap-weighted benchmark portfolio containing N,, stocks. The market-
cap-weighted benchmark portfolio is the overall market. We use monthly data from the CRSP stock

database to calculate portfolio liquidity and denote it as Port_Liq_PST.

3.3.2.1.2 Amihud Illiquidity:

To measure fund liquidity, we use the illiquidity measure of Amihud (2002), which is the daily ratio of
absolute stock returns to the dollar volume of the stock. The Amihud measure is widely used in the
literature as one of its main advantages is that it can be calculated for a large number of stocks at a daily
frequency. It is a consistent measure of price impact and a reliable proxy for a stock’s liquidity due to
its’ high correlation with the alternative price impact measures of liquidity which use intra-day data

(e.g., Korajczyk & Sadka, 2008).



Following Karolyi, Lee, and Van Dijk (2012) and Lee, Tseng, and Yang (2014), we add a
constant to the Amihud measure and take the natural log to reduce the impact of outliers. We multiply
this measure by “-1” to interpret our regression results in terms of liquidity, instead of illiquidity.
Finally, the measure is multiplied by 10°to observe the impact of observations with a very small number
of liquidity measure.

Amihud; ; = |—1o 1+M
b & PiaV0;q
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where R; 4 is the return in absolute terms, P; 4 is the closing price, and V0, 4 is the trading volume of
stock i on day d. Before calculating the measure, we exclude all stock-day observations with CRSP
reported returns less than “-1”, reported price and trading volume equal to “0” or missing, and we
consider the absolute value of price. To obtain monthly stock liquidity, we average daily liquidity in
every month of a year, under the condition that the stock has at least 11 daily observations per month.
Our fund liquidity is the value weighted average of the monthly stock liquidity of all the stock holdings
of a fund in a given month. To eliminate outliers, we winsorize this measure at the 1% and 99% levels

and denote it as Port_Liqg_Amhd.
3.3.2.1.3 Bid-Ask Spread:

Our third proxy, bid-ask spread, is the daily quoted bid-ask spread of a stock divided by its midpoint
(Chordia, Roll, & Subrahmanyam, 2000; Chordia, Roll, & Subrahmanyam, 2001). Bid-ask spread may
be considered as the price the market-makers demand for providing liquidity services. Hence, a greater
bid-ask spread signals higher stock illiquidity. We multiply this measure by “-1” to interpret our

regression results in terms of liquidity, instead of illiquidity.

ASki,d - Bl.di,d
(Aski,d T Bidild) x -1 )
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where Ask; 4 is the adjusted ask price, and Bid; 4 is the adjusted bid price of stock i on day d. Before

calculating the measure, we exclude all stock-day observations having CRSP reported bid or ask prices

less than or equal to “0”. To eliminate outliers, we exclude the observation if the daily spread is less



than 0.2% (0.002) or more than 50% (0.5). To obtain monthly stock liquidity, we average daily spread
in every month of a year, under the condition that the stock has at least 11 daily observations per month.
Our fund liquidity is the value weighted average of the monthly stock liquidity of all the stock holdings

of a fund in a given month. We denote this measure as Port_Liq_Sprd.

3.3.2.2 Independent and Control Variables

We use the female dummy as the independent variable, which is equal to “1” if the fund is single female

managed, and “0” if it is single male managed in the given month.

We control for the following fund characteristics: fund size, which is the natural log of total net
assets of the fund in millions of dollars at the end of a given month; fund return is defined as the asset-
based value weighted average of the returns of all the share classes; fund expense ratio typically includes
accounting, administrator, advisor, auditor, board of directors, custodial, distribution (12b-1), legal,
organizational, professional, registration, shareholder reporting, sub-advisor, and transfer agency fees,
excluding the fund’s brokerage costs or any investor sales charges, and we measure it as the value
weighted average of the net expense ratio of all the share classes; fund turnover ratio is the minimum
of the fund’s dollar buys and sells during the fiscal year, scaled by the fund’s average total net assets;
fund age is the natural log of fund age, measured as the difference between a fund’s inception year and
the current year. We also use fund flow, defined as the net growth in total net assets of funds, as a
percentage of their total net assets, adjusted for returns. Following Sirri and Tufano (1998), we measure

fund flow as:

TNA; — TNA;;—1(1 + R
FlOWi,t — Lt TNA_LIt 1( L,t) (4)
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where TNA; ; is the total net assets of share class i at month t, and R; ; is the return of share class i
earned in month t on assets under management. TN A, ., is share class i’s total net assets at the end of

last month. Our measure of fund flow is the aggregated monthly flow of all share classes belonging to

the fund.



The demographic characteristics of managers may affect their decision choices; therefore, we
control for the manager’s age and qualifications. Considering Bachelors (undergrad), Masters (grad),
and Ph.D. (doctoral) degrees, we consider the highest degree earned by the manager. MBA is a dummy
variable, which is equal to “1” if the manager holds a Master of Business Administration degree, and
“0” otherwise. In our model, we include a dummy variable for professional certification, which is equal
to “1” if the fund manager has a professional certification like CFA or CPA, and “0” otherwise.
Following Chevalier and Ellison (1999a), we measure manager age by assuming that a manager is 21
years old at the time of completion of his/her undergraduate degree. It is the natural log of manager age

in years at year t.

3.3.2.3 The Model

The objective of this study is to analyze the relationship between fund liquidity and the gender of the
fund manager. We run the following regression model including various controls for fund and manager

attributes:

Port_Liq;+ = a+ P, Female;; + f, Ret;; + B3 Size;+ + B4 Exp;
+ Bs TOratio;y + Pe Flow;, + B; Fund_Age;
+ Bg Undergrad;; + Py Grad;s + P10 PhD;; + B11 MBA;, ©
+ Pz Certyy + P13 Mgr_Ageir + &
where Port_Liq; . is one of the three proxies used to measure liquidity of fund i at time t. Female; , is
a dummy variable, which is equal to “1” if fund i is managed by a single female manager, and “0” if it
is single male managed at time t. Fund return Ret; ., size Size; ., expense ratio Exp; ¢, turnover ratio
TOratio;, flow Flow; ., and age Fund_Age; . are characteristics of fund i at time t. Undergrad,,
Grad;.,and PhD;, are dummy variables, where one of them is equal to “1” depending upon the highest

degree earned by the manager, and the rest are equal to “0”. MBA; , is a dummy variable, which is equal

to “1” if the manager of fund i holds an MBA degree at time t, and “0” otherwise. Cert; , is a dummy



variable equal to “1” if the manager of i"" fund is a member of a professional certification body at time

t, and “0” otherwise. Mgr_Age; . is used to control the age of the manager of fund i at time t.*

3.3.3 Summary Statistics

Our final sample consists of 124,363 fund-month observations, of which 112,982 (90.85%) are for
single male managed funds, and 11,381 (9.15%) are for single female managed funds. The total number
of domestic equity funds in our sample is 1,932. We observe that 113 (5.85%) are only female managed
funds and 1,658 (85.82%) are only male managed fund, whereas 161 (8.33%) are funds managed by
single male and single female managers at different times. Overall, 86.91% funds are managed by a
single male manager and 13.09% funds are single female managed during our sample period.* On the
manager level, we have 1,790 managers in our sample; 1,596 (89.16%) of them are male, and 194
(10.84%) are female. During our sample period, the average number of funds managed by a female
manager is 1.5 and a male manager manages 2.0 funds on average. The average number of unique male

(female) fund managers per month is 380 (39).

Figure 3.1 depicts the total number of single female and male managed funds in each year, from
January 2000 to December 2017. It also plots the proportion of single female managed funds over our
sample time period. We observe that the proportion of single female managed funds has decreased over
our sample period from the maximum of 11.15% in 2001 to the minimum of 7.68% in 2012.** Consistent
with the previous studies, we notice an overall diminishing trend in the total number of single managed
funds (Patel & Sarkissian, 2017), including male and female managed funds, which indicates higher

preference for team managed funds in the U.S. mutual fund industry.

32 The data of manager age contains a big number of missing observations because of the unavailability of
graduation year of many fund managers. This reduces our sample significantly. Our main results, however, are
not affected by the inclusion of this variable.

33 We count the same fund twice, if it is managed by both genders.

34 See the numbers in the Appendix (Table B2).



Figure 3.1. Distribution of Single Managed Funds by Manager Gender

Figure 3.1 shows the total number of single male and female managed funds and the proportion of female managed funds from
January 2000 — December 2017. The data is collected from Morningstar Direct database.
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Table 3.1 displays the means and mean differences between female and male managed funds,
regarding the fund as well as manager level characteristics used in our baseline model in Equation (5).
The comparison of the three proxies of portfolio liquidity reports that female managed funds have a
significantly higher Pastor, Stambaugh, and Taylor’s portfolio liquidity, as well as Amihud’s portfolio
liquidity, than male managed funds. However, on average, there is no significant gender difference in
the bid-ask spread’s portfolio liquidity.*® The mean of fund returns is lower for female funds than for
male funds. We witness a significant difference in the total net assets (in millions of dollars) of female
and male managed funds. On average, female managers manage smaller size funds compared to their
male counterparts (Niessen-Ruenzi & Ruenzi, 2019). The average expense ratio of female funds is
slightly higher, while the mean turnover ratio is also more than for male managed funds. Consistent

with the literature, the findings show that female managed funds have significantly lower flows than

% Port_Lig_Sprd is measured in basis points.



male managed funds (Niessen-Ruenzi & Ruenzi, 2019). As females manage smaller sized funds, the

number of stocks held in their portfolio is also less than in male managed portfolios.

Table 3.1. Summary Statistics

This table presents average fund and manager characteristics for all observations in our sample from year 2000-2017. Column
(1) shows descriptive statistics for all pooled observations, Column (2) for female managed funds, and Column (3) for male
managed funds. Column (4) indicates the difference between the average characteristics of female and male managed funds.
The number of fund-month observations is displayed in columns’ titles. Port_Lig_PST is a measure of monthly portfolio
liquidity introduced by Pastor, Stambaugh, and Taylor (2020) and described in Equation (1). Port_Liq_Amhd is a measure of
monthly portfolio liquidity which is the value weighted average of Amihud liquidity of all the stocks held by a fund at time t.
The illiquidity measure of Amihud (2002) is the daily ratio of absolute stock return to dollar volume of the stock, described in
Equation (2). Port_Liq_Sprd is a measure of monthly portfolio liquidity which is the value weighted average of Bid_Ask
Spread of all the stocks held by a fund at time t. This illiquidity measure is the daily quoted bid-ask spread of a stock divided
by its midpoint, described in Equation (3). Female is a dummy variable equal to 1 if fund is single female managed at time t,
and 0 if it is single male managed. Ret is a measure of monthly fund return and equal to the value weighted average of returns
of all the share classes of a fund at time t. Size is a measure of monthly fund size and equal to the natural log of total net assets
of all the share classes of a fund in million dollars at time t. Exp is a measure of monthly fund expense ratio and equal to the
value weighted average of net expense ratio of all the share classes of a fund at time t. TOratio is a measure of monthly fund
turnover ratio and equal to the minimum of the fund’s dollar buys and sells during the fiscal year, scaled by the fund’s average
total net assets. The annual measure is divided by 12 to convert to monthly frequency. Flow is a measure of monthly fund
flow and equal to the net growth in total net assets of a fund, as a percentage of its total net assets adjusted for returns at time
t, described in Equation (4). Fund_Age is a measure of monthly fund age and equal to the natural log of the difference between
fund’s inception date and the date at time t. Undergrad is a dummy variable and equal to 1 if the undergraduate degree is the
highest that a fund manager has earned, and 0 otherwise. Grad is a dummy variable and equal to 1 if the graduate degree is
the highest that a fund manager has earned, and 0 otherwise. PhD is a dummy variable and equal to 1 if the PhD degree is the
highest that a fund manager has earned, and 0 otherwise. MBA is a dummy variable and equal to 1 if a fund manager has
obtained a Master of Business Administration degree, and 0 otherwise. Cert is a dummy variable and equal to 1 if a fund
manager has obtained a professional qualification (e.g. CFA or CPA), and 0 otherwise. Mgr_Age is a measure of monthly
fund manager’s age and equal to the natural log of the difference between completion date of manager’s undergraduate degree
and the date at time t. Significance is calculated based on a two-sided t-test. ***, ** and * denote 99%, 95%, and 90%
significance levels.

Sample Mean Female Funds Male Funds Difference
(N =124,363) (N =11,381) (N =112,982) (Female-Male)
(©)] (2) 3) 4)

Port_Lig_PST 0.0381 0.0407 0.0378 0.0029***
Port_Lig_Amhd -0.0104 -0.0046 -0.0110 0.0063***
Port_Lig_Sprd -24.5700 -24.5597 -24.5755 0.0158
Ret 0.0044 0.0032 0.0045 -0.0013**
TNA (mil $) 1376.9553 678.2136 1447.3415 -769.1278***
Exp 0.0011 0.0012 0.0011 0.0001***
TOratio 0.0763 0.0774 0.0762 0.0012*
Flow 0.6858 0.2751 0.7272 -0.4521**
Fund_Age 14.5307 14.6777 14.5159 0.1618
N_Stocks 112.3043 86.9736 114.8560 -27.8824***
Undergrad 0.8328 0.8597 0.8301 0.0296***
Grad 0.1402 0.1315 0.1411 -0.0096***
PhD 0.0257 0.0066 0.0276 -0.0210%**
MBA 0.5735 0.5589 0.5749 -0.0160***
Cert 0.5807 0.6409 0.5747 0.0662***

Mgr_Age 47.8083 47.4425 47.8470 -0.4045***




Regarding managers’ characteristics, Table 3.1 shows that female fund managers are
significantly less likely to hold a graduate or Ph.D. degree, whereas they are highly likely to hold an
undergraduate degree as their highest earned degree. The likelihood of female fund managers holding
an MBA degree is also less, however, having professional certification is significantly higher than for
their male counterparts. The mean age of female fund managers is lower than that of male fund

managers.*

Table 3.2 presents the correlation matrix of our main variables. Panel A confirms a positive and
significant correlation between all three measures of portfolio liquidity. This positive correlation is
significant at the 1% level. Panel B exhibits the coefficients of correlation between all three proxies of
portfolio liquidity, and the independent and control variables. We observe that except for
Port_Lig_Sprd, the other two measures of portfolio liquidity are positively and significantly related to
the Female variable. This shows that female managed funds are connected to higher liquidity, at the 1%
level of significance. Further examination of the control variables explains that large size funds are
more liquid because the TNA variable is positively related to the three measures of portfolio liquidity,
and this relation is significant at the 1% level. The funds with a smaller expense ratio, and old funds (in
age) are significantly correlated to higher portfolio liquidity. Moreover, the results show that funds
managed by those with a graduate degree are related to higher portfolio liquidity, while those holding

a Ph.D. degree are associated with lower liquidity.

Finally, Panel C reports the correlation between the independent, and fund and manager-
specific control variables. We find that fund returns, fund size, number of stocks held in the portfolio,
Manager’s age, year of graduation, Ph.D., and MBA degrees are negatively and significantly correlated
to female managed funds. The association is positive and significant for the fund expense ratio, manager

with undergrad degree, and professional certification variables. Panel C shows that the fund and

3% For female and male managed funds, we provide detailed summary statistics of fund and manager level
characteristics in the Appendix (Table B3).



manager level characteristics mentioned in our baseline model in Equation (5) are positively or

negatively correlated to each other.

Table 3.2. Correlation Matrix

This table presents correlation matrix for the fund and manager characteristics from year 2000 to 2017. Panel A provides the
results of correlation among the three measures of portfolio liquidity. Panel B presents the correlation matrix for the three
measures of portfolio liquidity, gender of fund manager, and other fund and manager level characteristics. Panel C depicts
correlation among the gender of fund manager, and other fund and manager level characteristics. See Table B1 in the appendix

for the explanation of all the variables.

Panel A. Correlation Matrix for Portfolio Liquidity Measures

Port_Liq_PST Port_Lig_Amhd
Port_Ligq_Amhd 0.1462
Port_Lig_Sprd 0.0562 0.3212

Panel B. Correlation Matrix for Portfolio Liquidity and All Variables

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd

Female 0.015% 0.0482 0.0001
Ret -0.015% 0.002 0.1012
TNA 0.203% 0.038% 0.0432
Exp -0.250? -0.0902 -0.0892
TOratio -0.109? 0.016% -0.069%
Flow 0.007° 0.003 0.004

F_Age 0.115% 0.0812 0.136°
N_Stocks 0.366° -0.1352 -0.003
Undergrad -0.006° -0.0222 0.006°
Grad 0.0142 0.025% 0.007°
PhD -0.0122 -0.005¢ -0.0272
MBA 0.065% -0.0462 -0.0172
Cert -0.029° 0.0372 -0.005¢
Age_mgr -0.0762 -0.0402 0.0672



Table 3.2. (continued)

Panel C. Correlation Matrix for All Variables

Female Ret TNA Exp TOratio Flow F_Age N_Stocks Undergrad Grad PhD MBA Cert
Ret -0.007°
TNA -0.0452 0.0112
Exp 0.0422 -0.016% -0.195%
TOratio 0.004 -0.0322 -0.0832 0.205?
Flow -0.003 -0.003 0.0172 -0.0082 0.000
F_Age 0.003 0.016? 0.245% -0.1572 -0.1012 0.0112
N_Stocks -0.035% 0.0162 0.083? -0.195% -0.0672 0.000 -0.016°
Undergrad 0.0232 0.001 -0.0822 0.0112 -0.0182 -0.0082 0.0122 0.0112
Grad -0.0082 -0.001 0.0942 -0.0322 0.020* 0.0082 -0.004 -0.013® -0.901°
PhD -0.0382 0.001 -0.0092 0.0122 0.001 0.000 -0.0212 0.006° -0.362° -0.066°
MBA -0.0092 0.0142 0.073? -0.0722 -0.0372 0.001 0.0222 0.1072 0.2492 -0.212° -0.113#
Cert 0.0392 0.001 -0.0072 -0.0702 -0.025% 0.004 0.007° -0.0942 0.0612 -0.043# -0.039? 0.0732
Age_mgr -0.0122 0.0122 0.003 0.0512 -0.1512 -0.005 0.1452 -0.049? -0.033® -0.008° 0.1102 -0.011° -0.036°

ap < 0.01,°p <0.05, and °p < 0.10.



3.4 Empirical Results and Discussion
3.4.1 Effect of Gender on Preference for Portfolio Liquidity

We start our empirical analysis by examining the impact of a fund manager’s gender on portfolio
liquidity and present the results in Table 3.3. Panel A displays the results of the pooled regression,
where each of the portfolio liquidity measures is regressed on the female dummy variable, without
controlling for fund or manager level characteristics. To address the concern of any impact of time and
fund related fixed factors, we include a year and fund fixed effects model, where the number of funds
is 1,932 and we have 18 years’ data. To make the small coefficients presentable, throughout the analysis
we measure bid-ask spread portfolio liquidity in basis points.*” The positive and significant coefficients

for all three proxies indicate higher portfolio liquidity for female managed funds.

The results of Panel A may be affected by the possibility of unobserved omitted fund, as well
as manager-specific variables. These characteristics may explain a significant portion of the variability
in portfolio liquidity preference of fund managers. Therefore, in Panel B, we present the findings of the
model given in Equation (5), which controls for the relevant fund and manager level attributes.®
Columns (1) to (3) show that Pastor, Stambaugh, and Taylor’s portfolio liquidity (Port_Lig_PST) is
significantly higher for female managed funds. The results indicate that the liquidity of female managed
funds is 25% higher than the average liquidity of male managed funds, and this positive difference is
significant at the 1% level.*® We also observe that fund return, expense, and turnover ratio are negatively
related to Port_Lig_PST, whereas fund size and age are positively and significantly associated with it.
There is no strong association between Port_Lig PST and only manager level controls. Nevertheless,
the combined results of all the control variables in Column (1) describe that Port Lig PST is

significantly higher for the funds that are managed by managers having undergraduate or graduate

37 The Port_Liq_Sprd is scaled by 10%

38 See for example, Solomon, Soltes, and Sosyura (2014); Niessen-Ruenzi and Ruenzi (2019).

39 The coefficients of regressions between female and the three measures of portfolio liquidity are interpreted in
comparison with the average portfolio liquidity of male managed funds, i.e., coefficient/mean Port_Liq of male
managed funds (separately for each Port_Ligq measure).



degrees. All these associations are significant at the 1% level and the goodness of fit of the models is

around 84%.

Columns (4) to (6) of Panel B display a significantly positive association between Amihud’s
portfolio liquidity and female managed funds. The female managed funds report 11% higher
Port_Lig_Amhd than the average liquidity of male managed funds and this positive relationship is
significant at the 1% level. The findings in Column (4) report significantly higher Port_Lig_Amhd for
funds with large size, higher turnover ratios, that are managed by a manager who holds an undergraduate
or graduate or Ph.D. degree, and who has professional certification. Conversely, old funds and funds
managed by a manager with an MBA degree have lower portfolio liquidity. The goodness of fit of these

three models is around 62%.

We find consistent results for the third proxy of liquidity. Columns (7) to (9) provide evidence
that female managed funds prefer higher bid-ask spread portfolio liquidity compared to male managed
funds. The liquidity of single female managed funds is 8% higher than the mean portfolio liquidity of
single male managed funds and is significant at the 1% level. The fund and manager-specific control
variables show a significant association with Port_Lig_Sprd. Similar to Port_Liq_Amhd, fund size and
turnover ratio are positively associated with Port_Lig_Sprd, whereas fund age, expense ratio, and
manager with an MBA degree are negatively associated with the measure. The overall goodness of fit

of these models is around 72%.%°

40 We have a large number of missing data for the control variable of manager age, i.e. Mgr_Age. The inclusion
of this variable significantly reduces the number of observations for our regression analysis. Although the results
do not change with this variable, we present the findings in the Appendix (Table B4).



Table 3.3. Fund Manager Gender and Preference for Portfolio Liquidity

This table presents the findings of the regression of portfolio liquidity on the gender of single managed funds. Panel A exhibits the results without the fund and manger level controls. Panel B
shows the findings of the regression model given in Equation (5). The dependent variable is portfolio liquidity, Port_Liq. We use three proxies Port_Liq_PST, Port_Liq_Amhd, and
Port_Liq_Sprd to measure portfolio liquidity. The independent variable is Female which is equal to 1 if fund is single female managed at time t, and O if it is single male managed. Port_Liq_Sprd
and Flow are measured in basis points. The results are presented with fund and year fixed effects. The t-statistics based on White robust standard errors are reported in parentheses. ***, ** and
* denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for the explanation of the fund and manager level control variables. See Table B4 in the appendix for the regression
results with the control variable of Mgr_Age.

Port_Liq;; = a + P, Female;, + B, Ret;, + B3 Size;, + B4 Exp;¢ + Bs TOratio;, + B¢ Flow; + f; Fund_Age;, + g Undergrad;, + By Grad;; + B1o PhD;, + B11 MBA;,
+ Bia Certy + i3 Mgr_Age; . + &

Panel A. Gender and Portfolio Liquidity without Controls

Port_Liq_PST Port_Lig_Amhd Port_Liqg_Sprd
1) (2 3)

Female 0.0099*** 0.0006** 1.2630***

(16.69) (2.12) (3.02)
Year-fixed Effect YES YES YES
Fund-fixed Effect YES YES YES
No. of Obs. 124,363 124,363 124,363
Adj. R-squared 0.8429 0.6171 0.7205

Panel B. Gender and Portfolio Liquidity with Controls

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
All controls  Fund controls ~ Manager controls All controls ~ Fund controls ~ Manager controls All controls Fund controls  Manager controls
()] (3] (©) (4) (©) (6) @) (8) 9)

Female 0.0095*** 0.0095*** 0.0099*** 0.0012*** 0.0011*** 0.0008*** 1.9918*** 2.092%** 1.2376***

(15.44) (15.54) (16.57) (4.05) (3.52) (2.76) (4.40) (4.65) (2.94)
Ret -0.0048*** -0.0048*** - 0.0024 0.0024 - 9.5592*** 9.4985*** -

(-3.94) (-3.98) (1.43) (1.43) (6.51) (6.47)
Size 0.0054*** 0.0054*** - 0.0041*** 0.0041*** - 4.0280*** 4.0246*** -

(41.84) (41.79) (24.21) (24.19) (30.05) (30.02)



Panel B. Gender and Portfolio Liquidity with Controls (continued)

Port_Liq_PST Port_Lig_Amhd Port_Liqg_Sprd
All controls  Fund controls ~ Manager controls All controls  Fund controls ~ Manager controls All controls Fund controls ~ Manager controls
()] (2 (©)] (4) ®) (6) 0] 8) )
Exp -1.6139*** -1.6079*** - 0.8876 0.8857 - -1945.3000***  -1964.2000*** -
(-4.26) (-4.26) (1.50) (1.50) (-3.76) (-3.80)
TOratio -0.0163*** -0.0159*** - 0.0128*** 0.0125*** - 7.0946*** 7.6553*** -
(-11.57) (-11.41) (5.23) (5.11) (5.37) (5.79)
Flow 0.0206 0.0207 - -0.0018 -0.0017 - -9.0872 -8.9632 -
(1.06) (1.07) (-0.77) (-0.72) (-1.35) (-1.32)
Fund_Age 0.0023*** 0.0021*** - -0.0024*** -0.0023*** - -5.8234*** -6.0324*** -
(4.03) (3.80) (-5.03) (-4.84) (-12.24) (-12.66)
Undergrad 0.0040*** - -0.0004 0.0030* - 0.0005 -7.2871* - -2.1912
(3.00) (-0.32) (1.71) (0.36) (-1.71) (-0.72)
Grad 0.0049*** - -0.0007 0.0032* - -0.0001 -6.4583 - -2.0399
(3.41) (-0.56) (1.82) (-0.07) (-1.51) (-0.67)
PhD -0.0001 - -0.0024 0.0081*** - 0.0054*** -13.1000%*** - -8.5473%**
(-0.05) (-1.60) (4.39) (3.51) (-2.99) (-2.66)
MBA 0.0002 - 0.0000 -0.0007** - -0.0011*** -0.5895** - -1.0124%**
(0.43) (0.07) (-2.22) (-3.62) (-2.01) (-3.62)
Cert 0.0004 - 0.0000 0.0008*** - 0.0016*** -0.0280 - 0.3074
(0.82) (0.06) (3.53) (6.90) (-0.08) (0.96)
\E(]?fae[:tf xed YES YES YES YES YES YES YES YES YES
E‘;}[‘e‘;ﬁxed YES YES YES YES YES YES YES YES YES
No. of Obs. 113,855 113,855 124,363 113,855 113,855 124,363 113,855 113,855 124,363
Adj. R- 0.8475 0.8475 0.8429 0.6252 0.6251 0.6173 0.7233 0.7232 0.7207

squared




Based on the results presented in Table 3.3, we conclude that the gender of mutual fund
managers does affect the choice of portfolio liquidity, and female fund managers have a higher
preference for liquidity than male managers (Ahmed & Ali, 2017). The coefficients of all three measures
of portfolio liquidity exhibit a significantly positive relationship to female managed funds, even after
controlling for fund and manager-specific characteristics, and including year and fund fixed effects. By
combining the results of the three proxies of the liquidity portfolio, it is evident that the funds managed
by single female managers are 8% to 25% more liquid than single male managed funds. Consistent with
Pastor, Stambaugh, and Taylor (2020), the overall results demonstrate that funds with more liquid
portfolios are larger and cheaper. The coefficients of two of the proxies indicate that funds managed by
managers having a graduate degree are positively, while managers holding an MBA degree are

negatively, related to portfolio liquidity.*

3.4.1.1 Impact of Female Managers’ Preference for Portfolio Liquidity Across Investment Objectives

Morningstar categorizes mutual funds in different investment objectives based on the type of stocks
they invest in, e.g., growth or value stocks. The existing literature provides evidence that these
investment styles or objectives significantly influence trading costs (Chan & Lakonishok, 1995) and a
fund’s preference for various stock characteristics (Falkenstein, 1996). Yan (2008) tests the association
between fund size and performance across investment styles and concludes that the negative relation
between size and performance is more pronounced among growth and high turnover funds. Hence, we

analyze the impact of female fund managers on portfolio liquidity across various investment objectives.

We consider six investment objectives that represent most equity holdings. These categories
are Growth, Aggressive growth, Growth-income, Equity-income, Income, and Small company funds.
Our study analyzes single managed funds; therefore, we have only eight funds in the Income group.
Due to a small number of observations, we combine Income funds with Equity-income funds. To

explore the effect of investment styles on the relation between female fund managers and portfolio

41 We run our main regression analysis by controlling for various stock-specific characteristics that may affect a
fund manager’s preference to hold the stock. The results are consistent and presented in the Appendix (Table B5).



liquidity, we include interaction terms between Female and Investment style dummy variables in the

baseline model. For comparison, we consider Growth funds as a benchmark category.

Table 3.4 presents the findings of female fund managers’ preference for portfolio liquidity
across major investment objectives, with fund and manager-specific control variables and year and fund
fixed effects. Combining the results of all three proxies of portfolio liquidity, we document that the
effect of female managers on portfolio liquidity is weaker for Aggressive-growth compared to the
benchmark. As explained by Yan (2008), growth funds have a high need for immediacy in their trades
and they tend to have short-term trading strategies. Subsequently, their liquidity is lower, or transaction

costs are higher (Chan & Lakonishok, 1995).

We find that the positive relation between female managers and portfolio liquidity is
significantly lower when funds belong to the Small-company investment style. Falkenstein (1996)
explains that Small-company funds cater for demand from investors who have preferences for small
companies. These funds targeting small sized firms exhibit a much weaker preference for higher
liquidity. Small stocks are illiquid and, when female managers manage funds with a Small-company

investment objective, the higher preference for liquidity declines.

The effects of Growth-income and Equity-income investment objectives are not conclusive due
to the mixed significance and signs of coefficients for all three proxies of portfolio liquidity. The results
of Table 3.4 suggest that investment styles of funds play a significant role in either strengthening or

weakening the preference for portfolio liquidity by female fund managers.



Table 3.4. Preference for Portfolio Liquidity by Female Fund Managers Across Styles

This table presents the findings of the regression of portfolio liquidity on the single female managed funds across four
investment styles. The dependent variable is portfolio liquidity, Port_Liq. The variable Female x Agg_Growth is the cross
product of female fund dummy and fund’s aggressive growth style dummy variables. Female X Growth_Income is the cross
product of female fund dummy and fund’s growth income style dummy variables. Female X EQ_Income is the cross product
of female fund dummy and fund’s equity income style dummy variables. Female X Sm_Comp is the cross product of female
fund dummy and fund’s small company style dummy variables. FemalexGrowth is the benchmark category. Port_Liq_Sprd
and Flow are measured in basis points. The results are presented with fund and year fixed effects. The t-statistics based on
White robust standard errors are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See
Table B1 in the appendix for the explanation of all the variables.

Port_Liq;; = a + p; Female;, + B, Female X Agg_Growth;, + 5 Female X Growth_Income; ,
+ B, Female X EQ_Income;; + PBs Female X Sm_Comp;, +y Controls;, + &

Port_Liq_PST Port_Lig_Amhd Port_Liqg_Sprd
(©)] ) 3
Female 0.0121*** 0.0017*** 2.4455%**
(14.53) (4.76) (4.53)
FemalexAgg_Growth 0.0008 -0.0012* -3.5139***
(0.51) (-1.66) (-2.68)
FemalexGrowth_Income 0.0018 -0.0017*** 1.0368
(0.83) (-3.76) (0.66)
FemalexEQ_Income -0.0116*** 0.0026*** -0.7520
(-5.45) (3.98) (-0.36)
FemalexSm_Comp -0.0143*** -0.0029** -3.1656**
(-15.85) (-2.10) (-2.46)
Ret -0.0048*** 0.0024 9.5655***
(-3.92) (1.43) (6.52)
Size 0.0054*** 0.0041*** 4.0321***
(41.99) (24.22) (30.11)
Exp -1.6159*** 0.8906 -1934.5000***
(-4.27) (1.51) (-3.74)
TOratio -0.0164*** 0.0128*** 7.0292%**
(-11.62) (5.22) (5.32)
Flow 0.0209 -0.0019 -0.0009
(1.07) (-0.80) (-1.349)
Fund_Age 0.0023*** -0.0024*** -5.8203***
(4.12) (-5.01) (-12.23)
Undergrad -0.0052*** 0.0010 -9.4537**
(-4.47) (0.54) (-2.12)
Grad -0.0042*** 0.0013 -8.5747*
(-3.38) (0.66) (-1.92)
PhD -0.0098*** 0.0063*** -15.3000***
(-6.68) (3.08) (-3.35)
MBA 0.0000 -0.0007** -0.5906**
(0.10) (-2.23) (-2.01)
Cert 0.0003 0.0008*** -0.0562
(0.64) (342) (-0.17)
Year-fixed Effect YES YES YES
Fund-fixed Effect YES YES YES
No. of Obs. 113,855 113,855 113,855

Adj. R-squared 0.8477 0.6252 0.7233




3.4.1.2 Impact of Female Managers’ Preference for Portfolio Liquidity Over Time

Bennett, Sias, and Starks (2003) report a shift in the preferences of institutional investors from large
capitalization stocks to smaller and riskier stocks. They suggest that over time institutional investors
have moved towards smaller securities because these stocks offer “green pastures”. Keeping this view
in mind, we expect a change in the preference for portfolio liquidity by female fund managers over
time. The aggregate change in the preferences of all the classes of institutional investors may affect the

positive relation between female fund managers and portfolio liquidity during our sample time window.

Over time, we may expect the strength of this relationship to move either in a positive or
negative direction. On the one hand, we have documented the fact of a diminishing proportion of single
female managed funds in our sample from 2000 to 2017. This is a signal that there are few female
managers who are solely responsible for making all the investment decisions. Due to the pressure of
continuous scrutiny by investors, competitors, and the media they are likely to increase their preference
for holding more liquid stocks in the portfolio, which helps them to trade with a lower transaction cost
and sell these stocks quickly when the market is volatile. On the other hand, as explained by Niessen-
Ruenzi and Ruenzi (2019) and presented in the descriptive statistics of our study, female managed funds
receive lower flows from investors compared to male managed funds. In this situation, the female
preference for holding more liquid stocks in the portfolio will contribute to a decreased fund return and
performance. Ultimately, this can be damaging for their reputation and career. Subsequently, they may

choose to reduce their preference for portfolio liquidity over time.

To test these assumptions, we create a Trend variable for the years from 2000 to 2017. In our
baseline model, we introduce an interaction term between the Female and Trend variables; the outcomes
are shown in Table 3.5. In column (1), the positive and significant coefficient of the interaction term
indicates that the preference of female fund managers for Pastor, Stambaugh, and Taylor’s portfolio
liquidity is getting stronger over time and they are highly inclined towards holding liquid stocks. In
contrast, the negative coefficients of the interaction term in columns (2) and (3) show that, over time,

female managers are associated with a reduced impact on the Amihud and bid-ask spread’s portfolio



liquidity measures. The coefficients of the three measures of portfolio liquidity are contradictory,
rendering them inconclusive regarding the strengthening or weakening of the impact of female

managers on portfolio liquidity over time.

Table 3.5. Preference for Portfolio Liquidity by Female Fund Managers Over Time

This table presents the findings of the regression of portfolio liquidity on the single female managed funds over time during
our sample period. The dependent variable is portfolio liquidity, Port_Liq. The variable Female X Trend is the cross product
of female fund dummy variable and yearly trend variable. The trend variable takes the value 1 for year 2000 and increases
annually till year 2017. Port_Liq_Sprd and Flow are measured in basis points. The results are presented with fund and year
fixed effects. The t-statistics based on White robust standard errors are reported in parentheses. ***, ** and * denote 99%,
95%, and 90% significance levels. See Table B1 in the appendix for the explanation of all the variables.

Port_Liq;; = a + B, Female;; + B, Female X Trend;, +y Controls;; + &

Port_Liq_PST Port_Lig_Amhd Port_Liqg_Sprd
1) (2 3)
Female 0.0074*** 0.0041*** 3.6907***
(7.84) (8.55) (4.84)
FemalexTrend 0.0003*** -0.0004*** -0.2288***
(3.80) (-6.95) (-3.25)
Ret -0.0048*** 0.0024 9.5808***
(-3.97) (1.45) (6.53)
Size 0.0054*** 0.0041*** 4.0134%***
(41.98) (24.08) (30.03)
Exp -1.6003*** 0.8686 -1956.7000***
(-4.21) 1.47) (-3.79)
TOratio -0.0162*** 0.0126*** 6.9869***
(-11.51) (5.16) (5.29)
Flow 0.0206 -0.0019 -0.0009
(1.06) (-0.78) (-1.36)
Fund_Age 0.0023*** -0.0024*** -5.8237***
(4.03) (-5.04) (-12.24)
Undergrad 0.0031** 0.0043** -6.5232
(2.26) (2.33) (-1.56)
Grad 0.0040*** 0.0044** -5.6977
(2.70) (2.43) (-1.36)
PhD -0.0010 0.0095*** -12.3000***
(-0.63) (4.90) (-2.85)
MBA 0.0001 -0.0007** -0.5743**
(0.38) (-2.13) (-1.96)
Cert 0.0003 0.0009*** 0.0031
(0.74) (3.75) (0.01)
Year-fixed Effect YES YES YES
Fund-fixed Effect YES YES YES
No. of Obs. 113,855 113,855 113,855
Adj. R-squared 0.8475 0.6253 0.7233




3.4.2 Female Fund Managers and Preference for Portfolio Liquidity

To explain female fund managers’ preference for liquidity, we develop and test two contrasting
hypotheses. For the excessive trading hypothesis, Hla, we measure aggressive trading by using the
proxy of the fund Turnover ratio (Niessen-Ruenzi & Ruenzi, 2019). The fund turnover ratio is the
minimum of the fund’s dollar buys and sells during the fiscal year, scaled by the fund’s average total
net assets. The higher turnover ratio depicts excessive trading by the fund. To examine the relation

between a fund manager’s gender and trading style, we run the model given in Equation (6).*2

TOratio;y = a + Py Female;; + B, Ret; + B3 Size;+ + P4 Exp;r + Ps Flow;;
+ B Fund_Age;; + [; Undergrad;, + PBg Grad;; + B9 PhD;, (6)
+ P10 MBA;; + P11 Certyy + 1, Mgr_Age;; + &

where the variables are as defined in Section 3.3.

Table 3.6, columns (1) and (2) display the results with all fund and manager level control
variables, as well as the year and fund fixed effects. Consistent with the literature, we find that female
fund managers are less likely to be involved in excessive trading compared to their male counterparts.
Our excessive trading hypothesis assumes that more overconfident male fund managers exhibit a high
preference for liquidity to avoid high transaction costs resulting from aggressive trading. Our findings
do not support this conjecture and provide empirical evidence that funds managed by single female

managers tend to prefer higher portfolio liquidity compared to male managed funds.

We then test our price efficiency hypothesis, H1b, which expects that females’ preference for
information transparency explains their tendency to hold more liquid stocks in the portfolio. The
literature on stock price efficiency describes that if the information environment of a firm is opaque,
the stock price response to information is delayed. Callen, Khan, and Lu (2013) explain that due to a
firm’s uncertain environment and poor quality of accounting/financial information, its stock price will

be more delayed in incorporating newly arriving value-relevant information. Hence, in our study, we

42 The description of all the variables is presented in the Appendix (Table B1).



assume that female fund managers are more likely to hold stocks whose prices have less delay in

responding to the new information.

Following Hou and Moskowitz (2005), we measure the delay variable. Firstly, from CRSP we
obtain daily returns of all the stocks held by single managed funds in our sample from January 2000 to
December 2017. Since our focus is to obtain weekly returns, we allocate a unique “week id” to the
daily dates that belong to a week from Wednesday to the following Tuesday. We take the natural
logarithm of daily stock returns to convert them into continuous returns. We define weekly returns as
the sum of daily continuous returns for every unique “week id”, and then convert them to simple weekly
returns. The weekly market return from Fama and French (1993) is employed as the relevant news to
which a stock responds.*® As the measure of price delay requires a year of prior weekly returns history
(52-weeks), our calculation begins from 1999. We consider the past 52 weeks of returns corresponding
to the last week of every month. Moreover, we exclude firm-year-month observations if 25 weeks out
of past 52 weekly stock returns are missing. To obtain the monthly Delay variable, at the end of every
month of a year we run two regressions: first, for each stock’s weekly returns on the contemporaneous
market return; and second, for each stock’s weekly returns on four weeks of lagged market returns over

the past year.

Tt = 0 + BiRme + &¢ (7
4
T_'I',t = aj + z Sjg_n)Rm’t_n + gj,t (8)
n=1

where 7; . is the return on stock j in week t, R, ; is the market return in week t, and R, ;_, is the lagged

market return from week t-1 to week t-4. If the stock responds rapidly to market news, j8; significantly
differs from zero, but none of the Sj(_n) will be different from zero. If the stock’s price responds with a

lag, then some of the 6].(_”) will be significantly different from zero.

3 The market return is retrieved from the Kenneth R. French-Data Library.



Using the estimated R? from the regressions in Equations (7) and (8), we compute the measure

of the monthly Price Delay for each stock as follows:

R%
6]- M=oy nel1,4] (9)

D=1- 2

where Rg(_n) is from the regression in Equation (7), which restricts 5}"”:0 for lagged
j

=0,V n€[1,4]

weekly market returns. R? is from the regression in Equation (8), with no restrictions.

In our study, we measure portfolio delay as the value weighted average of the monthly stock
price delay of all the stock holdings of a fund in a given month. A higher value of this variable indicates
that prices of majority of the stocks held in a portfolio are less efficient and incorporate new information
with a delay. Whereas, if portfolio stocks’ prices respond quickly, the value of delay variable is lower.

We denote this measure as Delay and run the model given in Equation (10).

Delay;; = a + B, Female;; + [, Ret;; + B3 Size;; + B4 Exp;¢ + Bs Flow;,
+ Bs Fund_Age;; + f; Undergrad;, + Pg Grad;; + o PhD;; (10)
+ Bio MBA;¢ + P11 Certyy + Bro Mgr_Ageir + &ir
where Delay;, is the value weighted average delay of fund i in month t. The other variables are as

defined in Section 3.3.

Table 3.6, Columns (3) and (4) show the findings of the regression model given in Equation
(10) with fund and year fixed effects, and control variables. The results provide empirical evidence that
funds managed by single female managers significantly reduce holding those stocks whose prices are
not efficient in integrating available information. Consistent with the literature, female managers are
more inclined towards price efficient stocks, and it signals their preference for firms with a good quality
information environment. Hence, we cannot reject the price efficiency hypothesis, and conclude that
high information efficiency of a stock possibly explains female managers’ higher preference for liquid

portfolios.



Table 3.6. Reason for Higher Portfolio Liquidity Preference of Female Fund Managers

Table 3.6, Columns (1) and (2) present the findings of the regression of fund turnover on the single female managed funds.
The dependent variable is monthly turnover ratio, TOratio. Columns (3) and (4) report the findings of the regression of
portfolio stock prices’ delay on the single female managed funds. The dependent variable is monthly portfolio delay, Delay,
which is the value weighted average of price delay of all the stocks held by a fund at time t. The price delay measure is one
minus the ratio of the restricted R? over the unrestricted R% The independent variable is Female which is equal to 1 if fund is
single female managed at time t, and O if it is single male managed. Flow is measured in basis points. The results are presented
with fund and year fixed effects. The t-statistics based on White robust standard errors are reported in parentheses. ***, **,
and * denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for the explanation of all the variables.

TOratio;, = a + Py Female;, +y Controls;; + &,

Delay;; = a + B, Female;, +y Controls;; + &,

TOratio

Delay

All controls with
manager age

All controls without
manager age

All controls with
manager age

All controls without
manager age

1) 2 (3) (4)
Female -0.0058%%* -0.0020% -0.0072%* -0.0095%**
(-3.54) (-1.96) (-2.41) (-5.57)
Ret 0.0066 0.0009 -0.0183%* -0.0203%**
(1.29) (0.25) (-2.27) (-3.62)
Size -0.0079%** -0.0059%** -0.0072%% -0.0064%**
(-0.88) (-14.50) (-9.44) (-13.83)
Exp 19,9053+ 20.3350%%* 18.8691%%* 11.5427%%%
(3.73) (7.89) (6.22) (6.32)
Flow 0.0438 0.0205 -0.0080 -0.0106
(1.46) (1.03) (-0.14) (-0.22)
Fund_Age -0.0058%** -0.0075%%x 0.0153%%* 0.0159%+*
(-3.71) (-6.37) (6.01) (9.49)
Undergrad 0.0216%** 0.1363%** 0.0213%* 0.0563*%*
(6.75) (6.01) (2.47) (3.78)
Grad 0.0222%+* 0.1468%* 0.0122 0.0518%**
(7.60) (6.45) (1.48) (3.47)
PhD 0.0000 0.1019%+* 0.0000 0.0508***
- (4.47) - (3.32)
MBA 0.0077%* -0.0031x% -0.0001 0.0015
(5.78) (-3.96) (-0.05) (1.27)
Cert 20,0076 -0.0028%* 0.0110%%* 0.0035%+*
(-5.18) (-3.27) (4.24) (2.67)
Mgr_Age -0.0258*** - -0.0056 -
(-7.26) (-0.86)
\E(]?fae[:tf ixed YES YES YES YES
E‘fjpe‘i'tf'xed YES YES YES YES
No. of Obs. 55,253 113,855 55,253 113,855
Adj. R-squared 0.7344 0.7056 0.6316 0.6267




3.5 Endogeneity Issues

The issue of non-random selection of female fund managers is obvious in our study. To address the
concern that fund companies might assign female managers to funds that are more liquid, or females’
self-selection of more liquid funds, we apply various approaches to mitigate any endogeneity concerns.
In this section, we use the full sample as well as a sub-sample of funds that experience replacement of
one manager with another manager. This sub-sample of “transition funds” consists of all fund-month
observations of those funds experiencing at least one event of transition from either male to male, male

to female, female to male, or female to female.

3.5.1 Propensity Score Matching and Univariate Analysis

Following Faccio, Marchica, and Mura (2016), we compare the liquidity of funds managed by female
managers to the liquidity of a (propensity score) matched sample of peers run by male managers, that
are indistinguishable in terms of various fund, as well as manager level characteristics. Each pair of
matched funds manifests no observable differences in relevant attributes except for the gender of the

manager.

To apply this methodology, we consider female managed funds as a treatment group, and male
managed funds (within similar investment objective and date as the treatment group) belonging to a
control group. We calculate propensity scores by running a probit regression where the dependent
variable is a dummy and takes the value equal to “1” if the fund belongs to the treatment group, or “0”
if the fund is from the control group. We consider the fund level characteristics as independent variables,
i.e., fund return, fund size, expense ratio, turnover ratio, flow, and fund age. Particularly, the propensity
score is estimated within the same fund investment objective and date. To find an adequately precise
nearest neighbor match (with replacement) between the female managed funds and the peer funds in
the control group, we only consider the pairs where the maximum difference between their propensity
scores does not exceed 0.01 in the absolute term. Additionally, we select the unique pair with minimum

difference between their propensity scores. We re-run the probit regression on post-match pairs of



treatment and control groups. We find that the majority of the coefficients of fund level characteristics
lose their significance, which confirms that the matched pairs are almost the same regarding their fund

related attributes.

Table 3.7, Panel A reports the comparison of Port_Liq_PST, Port_Lig_Amhd, and
Port_Lig_Sprd with the matched samples. The results show that average portfolio liquidity (for the three
measures) of funds managed by female managers is higher than the portfolio liquidity of male managed
funds, even when other relevant characteristics between the fund pairs are virtually equal. All mean
differences in portfolio liquidity between the two groups are significant at the 1% level. Hence, we
suggest that the gender-related differences in portfolio liquidity do not result from the observable
differences in fund characteristics. In addition to the fund characteristics, there are also some observable
manager-specific characteristics. Therefore, we obtain the propensity score as a function of fund and
manager level characteristics (i.e., undergrad, grad, Ph.D., MBA, cert, and manager age), within the
same fund investment objectives and date. Table 3.7, Panel B presents the comparison of portfolio

liquidity between the matched funds, and the results support the outcomes in Panel A.

We implement the same propensity score matching approach to the sub-sample of transition
funds. This sub-sample consists of all fund-month observations of those funds experiencing at least one
event of transition from either male to male, male to female, female to male, or female to female. We
consider only those transition funds where a manager is managing the fund at least for 13 months, after
transition. All the fund-month observations are considered as the treatment group when these transition
funds are managed by single female. When the transition funds are single male managed (within similar
investment objective and date as the treatment group), they belong to the control group. As mentioned
earlier, we calculate probability (propensity score) as a function of fund level, and then fund and
manager level characteristics. The propensity score is estimated within the same fund investment
objective and date. All other conditions are the same to match the treatment fund with an identical

control fund, and to obtain unique pairs.



Table 3.7. Propensity Score Matching and Univariate Analysis for Female Managed Funds

This table presents the results of the propensity score matching approach and the univariate regression analysis of the three
measures of portfolio liquidity and matched female and male managed funds. The propensity score is estimated within the
same investment objective and time. Applying propensity scores to the whole sample, Panel A and B report the comparison of
portfolio liquidity between the two gender groups that are similar in only fund level characteristics, and fund as well as manager
level characteristics, respectively. Using propensity scores for the transition funds sample, Panel C and D show the comparison
of portfolio liquidity between the two gender groups that are similar in only fund level characteristics, and fund as well as
manager level characteristics, respectively. Significance is calculated based on a two-sided t-test. Panel E presents the findings
of the univariate regression of portfolio liquidity on the female and matched male managed transition fund. The dependent
variable is portfolio liquidity. The independent variable is Female which is equal to 1 if transition fund belongs to the
Treatment group, and 0 if it belongs to the matched Control group. Port_Lig_Sprd is measured in basis points. The t-statistics
based on White robust standard errors are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance
levels. See Table B1 in the appendix for the explanation of all the variables

Panel A. Propensity Score Matching using Fund Level Characteristics — All funds

Mean-Female Funds Mean-Male Funds Difference t-statistic
(N=10,282) (N=10,282) (Female-Male)
(©)] (2 3) (4)
Port_Lig_PST 0.0409 0.0353 0.00562*** 7.02
Port_Lig_Amhd -0.00482 -0.0135 0.0087*** 18.51
Port_Lig_Sprd -25.8000 -29.1000 3.3000*** 6.35

Panel B. Propensity Score Matching using Fund and Manager Level Characteristics — All funds

Mean-Female Funds Mean-Male Funds Difference t-statistic
(N=4,946) (N=4,946) (Female-Male)
(©)] (2) ) (4)
Port_Lig_PST 0.0489 0.0367 0.0122*** 9.89
Port_Lig_Amhd -0.0053 -0.0136 0.00834*** 12.05
Port_Liqg_Sprd -25.8000 -30.1000 4.3000*** 5.19

Panel C. Propensity Score Matching using Fund Level Characteristics — Transition funds

Mean-Female Funds Mean-Male Funds Difference t-statistic
(N=5,267) (N=5,267) (Female-Male)
(O] (2) 3) 4)
Port_Lig_PST 0.0523 0.0427 0.00952*** 8.05
Port_Lig_Amhd -0.00291 -0.00814 0.00523*** 10.81
Port_Liqg_Sprd -22.6000 -26.2000 3.6000*** 5.18

Panel D. Propensity Score Matching using Fund and Manager Level Characteristics — Transition
funds

Mean-Female Funds Mean-Male Funds Difference t-statistic
(N=2,155) (N=2,155) (Female-Male)
1) @) @) (4)
Port_Lig_PST 0.0638 0.0562 0.00759*** 2.78
Port_Lig_Amhd -0.0041 -0.00674 0.00264*** 411

Port_Lig_Sprd -27.1000 -29.4000 2.3000** 1.99



Table 3.7. (continued)

Panel E. Univariate Regression of Propensity Score Matched Transition Funds

Fund level Characteristics Fund and Manager level Characteristics

Port_Lig_PST Port_Lig_Amhd Port_Liqg_Sprd Port_Lig_PST Port_Lig_Amhd Port_Liqg_Sprd

(1) (2) (3) (4) (5) (6)
Female  0.0095%** 0.0052%** 3.5666%** 0.0076%** 0.0026%** 2.3443%*
(8.05) (10.81) (5.18) (2.78) (4.11) (1.99)
Constant  0.0428*** -0.0081%%*  -26.2000%** 0.0562%** -0.0067%%*  -20.4000%**
(51.14) (-23.78) (-53.83) (29.12) (-14.82) (-35.26)
CN)gé_Of 10,534 10,534 10,534 4,310 4,310 4,310
Qfai& 0.0060 0.0109 0.0025 0.0016 0.0037 0.0007

The findings presented in Table 3.7, Panels C and D are consistent with the earlier results. The
comparison of the three proxies of portfolio liquidity confirms that even transition funds managed by
females tend to hold more liquid portfolios compared to the otherwise matched male managed transition

funds, even when the observable characteristics between the pairs are virtually identical.

Finally, following Huang and Kisgen (2013), we run univariate regressions on the matched
sample of transition funds to examine the gender differences in portfolio liquidity. Table 3.7, Panel E
reports that, in comparison with the matched male managed funds, female managed transition funds are
positively and significantly associated with all three proxies of portfolio liquidity. Columns (1) to (3)
are the regression results for the propensity score matched funds that are indistinguishable regarding
the fund level characteristics, whereas Columns (4) to (6) are the findings of the matched funds with

respect to fund and manager level characteristics.

3.5.2 Pooled Regression Analysis of Transition Funds

Following Faccio, Marchica, and Mura (2016), we run a traditional panel regression analysis on all

fund-month observations of the transition funds by including the controls.** Omission of these controls

4 1t is not the matched sample. This regression is run to examine the association of female fund managers and
portfolio liquidity in the sub-sample of transition funds.



might lead us to wrongly attribute the differences in portfolio liquidity to the disparities in fund manager
gender. We control for time-invariant fund specific characteristics that might be correlated with omitted
explanatory variables. Specifically, in the fixed effects regressions, we compare fund managers of
different genders managing the same fund. Moreover, the transitions might be accompanied by changes
in fund manager characteristics, other than gender. If we do not consider the effects of manager level
characteristics on portfolio liquidity, we may wrongly attribute the change in portfolio liquidity
observed at the time of a transition to gender. Hence, we run panel regression analysis with fund and
year fixed effects, controlling for fund and manager-specific observable characteristics. We restrict our

sample to the funds experiencing either male to female, or female to male transitions only.

The findings in Table 3.8, Panel A exhibit a significantly positive relationship between female
managed funds and the three proxies of portfolio liquidity. The observable fund and manager level
characteristics show significant association with the measures of portfolio liquidity. However, with all
the controls and fixed effects, the results reveal that portfolio liquidity is higher when the fund is

managed by a female manager than when the same fund is managed by a male manager.

Following Huang and Kisgen (2013), we repeat the above applied panel regression analysis
with fixed effects and controls. For this analysis, we include in our sample all the funds experiencing
either male to male, female to female, male to female, or female to male transitions during our sample
period. The results of Table 3.8, Panel B strongly support the evidence of the higher preference in
female managed funds for portfolio liquidity. This analysis mitigates the concerns that our findings

might be due to time-varying characteristics, or fund and manager level omitted variables.



Table 3.8. Female Fund Manager and Preference for Portfolio Liquidity of Transition Funds

This table presents the findings of the regression of portfolio liquidity on the single female managed transition funds, the model
is given in Equation (5). Panel A reports the results from Male to Female and Female to Male transition funds. Panel B shows
the regression results using panel observations of all the transition funds, including Male to Female, Female to Male, Male to
Male, and Female to Female. The dependent variable is portfolio liquidity, Port_Liq. Port_Liq_Sprd and Flow are measured
in basis points. The results are presented with fund and year fixed effects. The t-statistics based on White robust standard errors
are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for
the explanation of all the variables.

Panel A. Regression Analysis of Male to Female and Female to Male Transition Funds

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
All All
All controls  All controls controls controls All controls  All controls
with without with without with without
manager age manager age manager manager manager age manager age
age age
1) () 3) (4) () (6)
Female 0.0105*** 0.0110*** 0.0014* 0.0008** 2.0359** 0.2907
(7.26) (14.89) (1.91) (2.20) (2.13) (0.62)
Ret -0.0056 -0.0087* 0.0072 0.0017 19.2000***  14.7000***
(-0.79) (-1.80) (1.27) (0.51) (3.19) (3.68)
Size 0.0034*** 0.0053*** 0.0056***  0.0031*** 6.4965*** 3.2863***
(4.49) (13.18) (7.60) (10.79) (7.98) (8.97)
Exp -24.0376***  -10.6622*** 5.6796**  4.1629*** -4386.3000  -1654.3000
(-4.43) (-3.79) (2.49) (2.96) (-1.30) (-0.89)
TOratio -0.0550***  -0.0488*** 0.0308***  0.0065*** 12.3000 3.0688
(-3.33) (-8.48) (5.22) (3.37) (1.29) (0.94)
Flow -0.0398 -0.0363 0.0148 0.0044 -0.0004 -0.0022
(-0.31) (-0.09) (0.45) (0.82) (-0.04) (-0.40)
Fund_Age 0.0444*** 0.0255*** -0.0069***  -0.0024*** -11.9000***  -6.1508***
(12.62) (14.06) (-4.94) (-2.96) (-3.83) (-3.91)
Undergrad -0.0122***  -0.0089*** 0.0044***  0.0034** -3.3749 -13.1000***
(-3.16) (-2.82) (3.92) (2.41) (-1.16) (-2.81)
Grad 0.0070* -0.0058* 0.0084***  0.0061*** 1.7614 -10.4000**
(1.69) (-1.74) (4.89) (4.05) (0.63) (-2.21)
PhD 0.0000 -0.0275*** 0.0000 0.0288*** 0.0000 -31.6000%***
- (-7.10) - (6.74) - (-5.27)
MBA 0.0179*** 0.0072*** -0.0006 0.00005 3.6683*** 1.7126%**
(10.16) (8.78) (-0.58) (0.10) (3.19) (3.33)
Cert 0.0466*** 0.0090*** 0.0025* 0.0023*** 1.4353 -1.0359
(19.39) (8.47) (1.75) (4.38) (2.03) (-1.54)
Mgr_Age -0.0288*** - -0.0045** - -4.1164 -
(-5.82) (-2.37) (-1.02)
Year-fixed Effect YES YES YES YES YES YES
Fund-fixed Effect YES YES YES YES YES YES
No. of Obs. 5,961 12,095 5,961 12,095 5,961 12,095
Adj. R-squared 0.8677 0.8213 0.6958 0.7741 0.7590 0.7301



Table 3.8. (continued)

Panel B. Regression Analysis of Male to Female, Female to Male, Male to Male, and Female to
Female Transition Funds

Port_Lig_PST Port_Lig_Amhd Port_Liq_Sprd
All controls All controls All controls All controls All controls All controls
with manager without with manager without with manager without
age manager age age manager age age manager age
1) () 3) (4) ) (6)
Female 0.0084*** 0.0124*** 0.0020*** 0.0006** 2.3727*** 1.4103***
(5.80) (18.46) (3.06) (2.17) (2.75) (3.10)
Ret -0.0094*** -0.0066*** 0.0037 -0.0002 9.4526*** 7.5954***
(-2.64) (-3.01) (1.07) (-0.09) (2.88) (3.68)
Size 0.0089*** 0.0066*** 0.0054*** 0.0030*** 4.8834*** 3.3744***
(18.14) (30.25) (12.66) (15.49) (12.95) (17.96)
Exp 0.9191 -0.8512 1.0279 1.4092 807.7000 -135.0000
(0.99) (-1.24) (0.92) (1.57) (0.72) (-0.17)
TOratio -0.0237*** -0.0398*** 0.0322*** 0.0193*** 24.0000*** 14.9000***
(-4.87) (-16.11) (9.56) (12.68) (7.44) (7.00)
Flow -0.0206 0.0107 0.0002 -0.0042* -0.0004 -0.0009
(-0.31) (0.15) (0.01) (-2.02) (-0.24) (-0.38)
Fund_Age 0.0235*** 0.0067*** -0.0098*** -0.0043*** -10.2000%*** -5.7300%**
(11.09) (6.80) (-9.71) (-7.59) (-7.20) (-7.75)
Undergrad 0.0179*** 0.0110*** -0.0014 0.0053*** 0.8548 -11.3000%**
(5.74) (6.78) (-1.39) (3.57) (0.36) (-2.40)
Grad 0.0044 0.0103*** -0.0020*** 0.0049*** 0.5707 -11.5000%**
(1.53) (5.86) (-2.83) (3.26) (0.26) (-2.42)
PhD 0.0000 0.0071*** 0.0000 0.0105*** 0.0000 -17.2000%**
- (3.90) - (6.46) - (-3.56)
MBA -0.0034*** -0.0006 -0.0037*** -0.0023*** -3.0067*** -1.4303***
(-3.26) (-1.44) (-5.21) (-8.01) (-3.82) (-4.59)
Cert 0.0099*** 0.0011** 0.0004 0.0012*** 0.5817 0.7510**
(8.20) (2.27) (0.92) (4.74) (0.92) (2.06)
Mgr_Age 0.0111*** - -0.0002 - 0.2020 -
(4.13) (-0.10) (0.10)
year fixed YES YES YES YES YES YES
Fund-fixed YES YES YES YES YES YES
gg'S'Of 21,886 47,518 21,886 47,518 21,886 47,518
Adj. R- 0.8395 0.8361 0.5653 0.5761 0.7220 0.7136

squared




3.5.3 Difference-in-Differences Regression Analysis Considering Transition Events

We apply a difference-in-differences approach for our empirical examination comparing portfolio
liquidity before and after transitions from a male to female fund manager with a control sample of male
to male transition funds (Huang & Kisgen, 2013). We refer to the treatment group of funds with male
to female transition as Female_Trans. The sample for this analysis is twelve months before and twelve
months after a transition, excluding the month when transition occurs. We require a fund manager to be
solely managing the fund for at least twelve months (the month he or she is hired and the eleven months
following) to ensure that the manager has enough time to make important changes in portfolio
composition. We exclude a transition event if observations are missing for twelve months before or
after the transition. We run regression on the model given in Equation (11) with controls, and time and

fund fixed effects:

Port_Liq;¢++1 = a + B, Female_Trans; X Post;;y1 + B, Post; ;41 + 3 Ret;;
+ B4 Size;r + Ps Exp; ¢ + P TOratio; s + 7 Flow;,
(11)

+ Bg Fund_Age;; + Bo Undergrad;; + P10 Grad;;

+ B11 PhDir + P12 MBA; + By3 Certyp + &
where Port_Liq; .1 is one of the three measures of portfolio liquidity measured at the end of month
t+1. Female_Trans; is a dummy variable which is equal to “1” if fund i is a male to female transition
fund, and “0” if the fund is a male to male transition fund. Post; ;4 is a dummy variable which is equal
to “1” if month t+1 is after the transition, and “0” if it is before the transition. Female_Trans; X
Post; 44 is an interaction term between transition funds and Post variables. Time t+1 presents the

months after transition, whereas t shows one month lagged observations of control variables, excluding

the month of transition. All other control variables are as explained in Section 3.3.



Table 3.9. Difference-in-Differences Regression for Transition Funds

This table presents the findings of the difference-in-differences regression of portfolio liquidity after the event of Male to
Female transition. The dependent variable is portfolio liquidity, Port_Liq. Female_Trans isa dummy variable which is equal
to 1 if fund is a male to female transition fund, and 0 if the fund is a male to male transition fund. Post is a dummy variable
which is equal to 1 if month t+1 is after the transition, and 0 if it is before the transition. Female_Trans X Post is the cross
product of transition funds and Post variables. Port_Lig_Sprd and Flow are measured in basis points. The results are presented
with and without fund and year fixed effects. The t-statistics based on White robust standard errors are reported in parentheses.
*xx ** and * denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for the explanation of all the
variables.

Port_Liq; 1+, = a+ By Female_Trans; X Post;;, + B, Post;,, +v Controls;, + &,

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
() 2 @) (4) ©) (6)
Female_TransxPost ~ 0.0133*** 0.0069*** 0.0041*** 0.0001 1.5754%** 1.3554
(5.12) (6.02) (6.17) (0.19) (2.78) (1.26)
Post -0.0027** -0.0011** -0.0004 0.0002 0.9383*** 2.6364***
(-2.18) (-2.28) (-0.78) (0.50) (2.83) (8.43)
Ret -0.0253** -0.0060 -0.0048 0.0007 -6.4226 7.1154**
(-2.29) (-1.57) (-0.66) (0.17) (-1.38) (2.03)
Size 0.0043*** 0.0056*** -0.0003** 0.0065*** 0.6694*** 5.3207***
(10.10) (10.30) (-2.43) (8.07) (4.94) (10.70)
Exp -28.4981*** -0.8991 -1.7258**  -4.0899*** 139.8000 1085.7000
(-8.75) (-1.05) (-2.25) (-3.81) (0.28) (0.64)
TOratio -0.1251***  -0.0448*** 0.0406*** 0.0084*** 19.9000*** 3.6957
(-17.63) (-9.18) (12.99) (2.64) (8.99) (1.08)
Flow 0.0266 0.0043 -0.0070 -0.0025 -0.0002 -0.0004
(0.85) (0.21) (-0.47) (-1.47) (-1.22) (-0.26)
Fund_Age -0.0094***  -0.0081*** 0.0023*** -0.0021 -1.1627*** -3.7455*
(-7.20) (-2.96) (6.06) (-1.19) (-2.87) (-1.87)
Undergrad 0.0412*** 0.0117*** 0.0108*** 0.0074*** 10.7000***  9.7681***
(13.34) (6.06) (6.76) (4.03) (10.14) (3.96)
Grad 0.0399*** 0.0066*** 0.0138*** 0.0073*** 11.2000***  10.4000***
(12.56) (3.01) (8.46) (4.05) (10.23) (4.06)
PhD 0.0246*** 0.0079*** 0.0147*** 0.0052*** 10.2000*** 6.3305**
(7.08) (3.71) (8.36) (2.81) (8.51) (2.50)
MBA 0.0056*** -0.0025*** -0.0037***  -0.0017*** -1.3375%**  -1.9400***
(4.98) (-3.65) (-7.88) (-3.54) (-3.53) (-4.07)
Cert -0.0062*** -0.0016** 0.0052***  -0.0011*** 1.5446*** 0.9625*
(-5.53) (-2.32) (9.97) (-4.17) (4.09) (1.71)
Year-fixed Effect YES YES YES YES YES YES
Fund-fixed Effect NO YES NO YES NO YES
No. of Obs. 10,772 10,772 10,772 10,772 10,772 10,772
Adj. R-squared 0.1516 0.8758 0.1013 0.6250 0.6452 0.7440

The results from the difference-in-differences analysis are reported in Table 3.9. We do not

include Female_Trans; as a stand alone variable in the model specification, because the fixed effects



have consumed the effects of this variable. In Columns (1) and (2), the positive and significant
coefficient of Female_Trans X Post indicates that female fund managers prefer higher Pastor,
Stambaugh, and Taylor’s portfolio liquidity, compared to male fund managers. The findings are
significant at the 1% level and we report the t-statistics based on White standard errors. Columns (3) to
(6) carry similar analysis for the Amihud and bid-ask spread’s portfolio liquidity methods. These tests
show some evidence that female managed funds are more liquid. The coefficient of the

Female_Trans X Post variable is positive and statistically significant, as shown in Columns (3) and

).

3.5.4 Instrumental Variable Approach

We conduct one additional test to rule out any remaining endogeneity concerns. We implement an
instrumental variable approach, where the instrument that we use is the state’s level of gender status
equality index, initially developed by Sugarman and Straus (1988) and updated by Di Noia (2002). The
measure analyzes the extent to which females have the same access as men to economic resources, legal
rights, and positions of political power in each of the 50 U.S. states. The state’s gender equality index
is a composite index to represent the cumulative effect of the economic, legal, and political indicators,
and assigns each of the states a score for its gender status equality. The scores range from 33.6

(Alabama) to 73.1 (Washington), where higher values indicate more gender equality.

Following Huang and Kisgen (2013), we hypothesize that the more friendly a state is towards
female equality, the more likely a fund with its headquarters located in that state is to appoint a female
manager. Based on the fund’s headquarter location, we allocate each fund the state’s gender status
equality value. The purpose for using this instrumental variable is that there is a high possibility that
the measure is correlated with the decision to hire a female fund manager; however, it is highly unlikely
that it will affect our portfolio liquidity proxies. The only way it may affect the outcome variables is

through its direct relationship with the gender of the fund manager. Hence, this measure reasonably



fulfills the requirements of an instrumental variable. We use two stage least squares (2SLS) instrumental

variable (1V) design:

First stage:

Female; = ¢ + y, Equality_Index; + y, Ret; + y3 Size;; +v4 Exp;

+ys TOratio;y + ye Flow;: +y; Fund_Age;,

(12)
+ yg Undergrad;: + y9 Grad;; + y10 PhD;+ + v11 MBA;;
+ yi2 Certie + &t
Second stage:
Port_Liq;s = a + f; Instrumented_Female; + 8, Ret; + 3 Size;,
+ B4 Exp;¢ + s TOratio; + P¢ Flow;: + 7 Fund_Age;
(13)

+ Bg Undergrad;; + By Grad;¢ + 10 PhD;+ + B11 MBA;

+ P1z Certir + & ¢
where Port_Liq; . is one of the three measures of portfolio liquidity measured at the end of month t.
Female; is a dummy variable which is equal to “1” if the fund is single female managed, and “0” if it
is single male managed. Equality_Index; is the instrumental variable of the state’s gender status
equality index (Di Noia, 2002). Instrumented_Female; is the fitted value of the female dummy

variable from the first-stage regression. All other control variables are as explained in Section 3.3.

Column (1) of Table 3.10 reports the results of first-stage regression and concludes that the
gender equality index is significantly associated with the decision to have a female manager to manage
the fund. The association is significant at the 1% level. The F-statistic is 38.58, which confirms the
strength of the instrument. Columns (2) to (4) of Table 3.10 depict the outcomes of the second-stage
analysis and confirm our main findings of the study. In our analysis, the positive coefficient of
Port_Lig_Sprd is insignificant; however, the rest of the two measures are positively and significantly

related to female managed funds.



Table 3.10. Preference for Portfolio Liquidity - Instrumental VVariable Approach

This table presents the findings of the two stage least squares regression. Column (1) reports the results from the first-stage
ordinary least squares regression with the female dummy as dependent variable. Equality_Index is the state’s gender equality
index. F-statistics from the first-stage regression is given at the bottom of the table. Columns (2), (3) and (4) show the results
for the second-stage regressions with the three measures of portfolio liquidity as the dependent variables.
Instrumented_Female is the fitted value of the female dummy from the first-stage regression. Port_Liq_Sprd and Flow
are measured in basis points. The results are presented with year and fund style fixed effects. The t-statistics based on White
robust standard errors are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table
B1 in the appendix for the explanation of all the variables.

Female; = ¢ + v, Equality_Index; +y Controls;; + &,

Port_Lig;y = a + B, Instrumented_Female; +y Controls;; + &

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
First stage Second stage Second stage Second stage
1) () 3) (4
Instrumented_Female - 0.0661*** 0.0321*** 0.4700
(6.91) (4.73) (0.10)
Ret -0.0224 -0.0182*** -0.0053** 1.6000
(-1.35) (-6.06) (-2.04) (0.87)
Size -0.0048*** 0.0053*** 0.0011*** 0.8200***
(-9.03) (49.63) (16.47) (18.01)
Exp 27.8319*** -24.1122%** -5.5284*** -1160.8000%***
(13.19) (-32.65) (-13.70) (-5.37)
TOratio -0.0103 -0.0280*** 0.0231*** 12.2300***
(-1.04) (-14.23) (13.07) (12.98)
Flow -0.1000 0.0347 0.0059 -0.0008
(-0.78) (1.48) (1.26) (-1.12)
Fund_Age 0.0112*** -0.0039*** 0.0005*** -0.2000*
(8.27) (-11.98) (3.02) (-1.76)
Undergrad -0.0066 -0.0203*** -0.0202*** -0.3000
(-0.28) (-6.38) (-15.76) (-0.09)
Grad -0.0096 -0.0179*** -0.0197*** -0.0871
(-0.40) (-5.56) (-15.07) (-0.03)
PhD -0.0769*** -0.0230*** -0.0209*** -6.2000**
(-3.13) (-6.74) (-13.29) (-2.09)
MBA -0.0080*** 0.0058*** -0.0028*** -1.6000***
(-4.45) (17.33) (-11.77) (-10.93)
Cert 0.0294*** -0.0093*** 0.0018*** 0.3300*
(16.69) (-21.77) (5.85) 1.77)
Equality_Index 0.0036*** - - -
(18.91)
Year-fixed Effect YES YES YES YES
Style-fixed Effect YES YES YES YES
No. of Obs. 112,842 112,842 112,842 112,842
Adj. R-squared 0.0157 0.1770 0.0981 0.6340
F-statistics 38.58 - - -

[p-value] [0.00]




3.6 Conclusion

This study provides empirical evidence that preference for portfolio liquidity differs among male and
female fund managers. Using a sample of 1,932 U.S. domestic open-end single managed equity funds
from January 2000 to December 2017, the results show that the preference of female fund managers to
hold liquid portfolios is significantly higher than for male managers. This evidence is consistent with
the price efficiency hypothesis and infers that female fund managers are likely to incline towards stocks
whose prices incorporate available information efficiently. Hence female managers’ preference for
informationally transparent stocks possibly explains their higher tendency to hold liquid stocks in the
portfolio. Consistent with the literature, this study reports lower portfolio risk of female managed funds.
We document that, on average, female managed funds are smaller in size, earn lower return, receive
lesser flow, and hold a smaller number of stocks in their portfolio compared to male managed funds.
Moreover, female fund managers have a higher likelihood of holding an undergraduate degree and

professional certification than male fund managers.

Further, the analysis of change in portfolio liquidity around manager transitions indicates that
portfolio liquidity increases after a male to female transition as compared to a male to male transition.
We run multiple tests to mitigate endogeneity concerns. Our findings are in line with the literature which
suggests that professional women at the top positions are different from their male counterparts.
Additionally, this study provides a new insight regarding gender differences in one of the preferred
stock characteristics for portfolio holdings of mutual funds. The study highlights the concerns regarding
negatively affected fund performance due to the potential tradeoff between liquidity and return,

however, further detailed analysis is required to reach a conclusion on this issue.

As female managers prefer higher portfolio liquidity, the lower stocks’ return might affect their
funds’ performance. It is not surprising if male fund managers attract fund flows by holding less-liquid
stocks and reporting higher fund return performance. Therefore, fund investors and management
companies should scrutinize the performance of male managed funds by analyzing the riskiness and

percentage of asset allocation to illiquid stocks in their portfolio holdings.



CHAPTER 4
FEMALE FUND MANAGERS AND COLLECTIVISM

This chapter presents the third essay of the thesis which investigates the impact of gender of fund
managers on the degree of active investment of funds. The study uses Morningstar Direct database to
collect the data for U.S. domestic open-end single and team managed active equity funds from January
2004 to December 2014. The results describe that funds with a higher fraction of female managers in
management team track the benchmark more closely than other funds. These findings provide an insight

that female managers tend to manage funds less actively.

Section 4.1 provides the research question and motivation of the study. Section 4.2 presents the
literature review and hypotheses formation. Section 4.3 comprises of establishing methodology and
specifying the details of our data. The application of diagnostic tests, analysis, and discussion of results
is given in Section 4.4. Section 4.5 includes description of additional tests and results. Section 4.6
provides the conclusions of the study. An appendix to this chapter and the relevant reference list are

provided at the end of the thesis.



Female Fund Managers and Collectivism

Abstract

Collectivism is one of the important dimensions of female self-construal which makes women
more social, interdependent, relational, and allocentric to each other than do men, as shown in
the psychology literature. Consistent with the collectivism argument, we find that funds with a
higher proportion of female managers track a multifactor benchmark more closely. This
suggests female fund managers invest less actively than their male counterparts. The results
indicate reduced diversification benefits of investing in funds managed by a higher fraction of
female managers. Female fund managers herd more, take less risk, and are less overconfident

than their male counterparts.

Keywords: Mutual funds, Proportion of female fund managers, Active investing, Diversification
benefit, Investment behaviors.



4.1 Introduction

The self-construal of gender, explained in the psychology literature, motivates this study.
Interdependent and independent self-construal refer to different cognitive depictions of the self that
people may hold. Past research states that interdependence is one of the important dimensions of female
self-construal, which makes women more social, relational, and allocentric with each other than men
(Cross & Madson, 1997; Kashima et al., 1995). Women view their close relationships, social roles,
and group memberships as central to their sense of self. The thoughts and actions of people in their
surroundings or in the groups to which they belong determine the behaviors of women. The studies
describe that their affiliative tendencies prefer collective group goals more than private goals. They thus
have a lower requirement of being unique (Yamaguchi, Kuhlman, & Sugimori, 1995). Hence, this study
investigates the impact of collective self-construal of female fund managers on their fund investment
strategy. We argue that the interdependent self-attribute of female fund managers potentially contributes

to the degree with which their funds track the market benchmark.

Active mutual fund managers decide to capitalize on their stock picking skills or timing abilities
to outperform the chosen benchmark. In contrast, passive portfolio management is a strategy that fully
tracks the returns of an index or market benchmark. There exists a wide strand of literature on active
versus passive funds’ performance.* However, our study considers only actively managed funds and
their managers’ goal is to beat the market benchmark. Under the category of active investment, we may
expect fund managers to be less or more active, based on personality traits, skills, or behaviors.
Nevertheless, the impact of gender of mutual fund managers on the degree of active investment is yet
to be explored. Additionally, the use of gender self-construal to explain the investment strategy of fund
managers has not been studied. Furthermore, Lutton and Davis (2015) report that only 9.4% of fund
managers in U.S. mutual funds are women, and most of them manage funds in gender diverse teams.
We follow the gender literature which suggests that females influence the decisions of the team to which

they belong (e.g., Adams & Ferreira, 2009; Gul, Srinidhi, & Ng, 2011; Jurkus, Park, & Woodard, 2011).

45 See for example, Elton, Gruber, and Blake (1996); Guercio and Reuter (2014); Crane and Crotty (2018).



We thus expect that funds managed by a high proportion of female managers would co-move to a greater

extent against a benchmark than other funds.

The literature on the efficient frontier reports that investors are interested in exploring whether
the minimum-variance frontier of a set of benchmark assets is different from the minimum-variance
frontier of the benchmark assets plus a set of additional test assets (Huberman & Kandel, 1987). The
benefits of diversification improve when adding a new set of assets can allow the investor to improve
the minimum-variance frontier from a set of benchmark assets. The literature on mean-variance
spanning tests in different settings is extensive (e.g., Cumby & Glen, 1990; De Roon, Nijman, &
Werker, 2001; Kan & Zhou, 2001). Following De Roon and Nijman (2001), we apply a mean-variance
spanning test of the efficient frontier to analyze whether a collective self-construal influences the
diversification gains of investing in funds managed by more female managers. By using the Sharpe
optimization model of performance, the results indicate that economic benefits of diversification
diminish 1.86% when a high fraction of female managers manage the fund. This suggests that funds

sacrifice their reward-to-performance focus due to the collectivism of female managers.

In addition to the personality attributes, we examine the contribution of investment behaviors
linked to the gender of mutual fund managers to the co-movement of fund returns with benchmark
returns. The issue of gender differences in investment behaviors is an unsolved puzzle. There exist a
number of studies suggesting that there are no significant differences in the cognitive skills and resulting
performance, among male and female professionals.*® On the contrary, the literature reports that females
behave significantly different from their male counterparts in terms of management, leadership style,
and decision making.*’ In the field of finance, there are a number of studies providing empirical
evidence that females are more risk averse and less overconfident than males; therefore, investment
decisions differ among gender (Barber & Odean, 2001; Faccio, Marchica, & Mura, 2016). Following
Niessen and Ruenzi (2006), this study explores possible contribution of gender differences in risk-

taking, overconfidence, and investment styles to the degree of active investing strategy of female

46 See for example, Atkinson, Baird, and Frye (2003); Nekby, Thoursie, and Vahtrik (2008).
47 See for example, Chapman (1975); Carland and Carland (1991); Powell and Ansic (1997).



managers. Considering the collective self-construal of females, we expect that female fund managers
exhibit higher herding behavior compared to their male counterparts. We hypothesize that these
investment behaviors of female fund managers potentially explain funds’ co-movement with the

benchmark.

To test how closely funds track the market benchmark, we use the measure of a fund’s strategy
or activity, R?, developed by Amihud and Goyenko (2013). This measure is the proportion of fund
returns variance that is explained by the variation in the benchmark factors’ returns. A lower R? depicts
divergence of the returns of funds from the returns of benchmark factors. The literature on investors’
behavior and stock price co-movement uses R? as a measure of synchronicity.*® Hence, our study applies
the measure of fund activity to analyze gender differences in fund activeness and uses self-construal

and investment behaviors as possible explanations of the results.

Using a sample of 1,565 U.S. domestic open-end single and team managed active equity funds
from January 2004 to December 2014, the results show that funds with a higher fraction of female
managers in the management team track the benchmark more closely than other funds. These findings
provide the insight that female managers tend to manage funds less actively. The results support our
conjecture that funds with a higher proportion of female managers in the team herd more in a popular
sector, and assets’ representation in their portfolio holdings follows the trends of the benchmark
holdings. Consequently, higher herding contributes to less active fund management. The findings of
our study indicate that less risk-taking behavior (Niessen & Ruenzi, 2006) and less overconfidence
(Barber & Odean, 2001) among female fund managers possibly explain their less active investing
strategy. Unlike Niessen and Ruenzi (2006), our findings do not show a significant relationship between
female fund managers and investment style extremity. However, a less extreme investment style

significantly increases R?.

Although the collective self of females may explain their higher tendency to herd, reputational

concern is likely to explain part of their herding behavior. The literature documents that managers

48 See for example, Jin and Myers (2006); Eun, Wang, and Xiao (2015).



mimic the investment decisions of other managers because they face a reputational cost for acting
differently from the herd (Scharfstein & Stein, 1990). Managers imitate strategies of the crowd to
enhance the market’s perception of their ability (Avery & Chevalier, 1999), or as a response to their
career concerns (Chevalier & Ellison, 1999b). The scope of our study does not include the investigation
of reputational herding of female managers; hence, there is no empirical evidence to justify this
explanation. We run several additional tests to check the robustness of the outcomes. We use the time-
varying conditional correlation of fund returns by applying the dynamic conditional correlation (DCC)
model of Engle (2002) as an alternative measure of R?. All the results are consistent with time-varying
correlation. In our main model, we consider managerial characteristics such as the manager’s age,
professional certification, education, and tenure. Moreover, we control for the size of the fund
management team and time varying fund characteristics. By categorizing funds based on their size, the
results indicate that the positive relation between the proportion of female fund managers and a fund’s

correlation with the benchmark becomes stronger as the fund size increases.

Our findings contribute to the psychology literature of collective self-construal of women (e.g.,
Kashima et al., 1995; Markus & Kitayama, 1991). To the best of our knowledge, this is the first study
which explores the role of the gender of fund managers in funds’ co-movement with the index, using
the activity measure of R?. The existing studies on fund managers’ gender explore characteristics and
investment behaviors of male and female managers who are the sole managers of funds. Few notable
studies analyze behavioral differences among teams and single managed funds. Our research
contributes to the mutual fund literature on gender diversity of fund managers and team managed funds
(e.g., Atkinson, Baird, & Frye, 2003; Béar, Kempf, & Ruenzi, 2010; Bar, Niessen-Ruenzi, & Ruenzi,
2009; Niessen & Ruenzi, 2006). The application of the mean-variance frontier spanning test is a
contribution to the related literature (e.g., De Roon & Nijman, 2001; Kan & Zhou, 2001). Moreover,
the finding of reduced economic benefits of diversification for funds managed by a higher proportion
of female managers is a contribution to the existing literature, which suggests lower performance of

female professionals compared to males (e.g., Adams & Ferreira, 2009).


https://onlinelibrary.wiley.com/doi/full/10.1111/jofi.12699#jofi12699-bib-0015

The rest of the study is structured as follows. Section 4.2 provides the literature review and
hypotheses formation. Section 4.3 comprises of establishing methodology and specifying the details of
our data. The application of diagnostic tests, analysis, and discussion of results is given in Section 4.4.
Section 4.5 includes the description of additional tests and results. Section 4.6 provides the conclusions

of the study.

4.2 Literature Review and Hypotheses Development
4.2.1 Activeness of Mutual Funds, Behavioral Biases, and R?

The existing mutual fund literature that examines active management of funds and subsequent
performance includes a detailed study by Wermers (2003). It uses the S&P500 tracking error (the
standard deviation of the difference of the fund return and its benchmark return) as a measure of active
management and investigates fund performance. Kacperczyk, Sialm, and Zheng (2005) analyze
industry concentration of mutual funds as a measure of activity management and examine its impact on
fund performance. The study investigates whether or not funds with concentrated stock holdings or
large factor bets in industries perform better than other funds. Cremers and Petajisto (2009) and Cremers
et al. (2011) show that an increased active share (deviation of a fund’s stock holdings from the average
holdings in the fund’s index) enhances fund performance. Kacperczyk and Seru (2007) find that funds
whose stock holdings are related to company-specific information that differs from analysts’
expectations, demonstrate better performance. However, the study of Amihud and Goyenko (2013)
introduces a simple but robust measure of R? to analyze the selectivity of a fund and to predict fund
performance. The measure of R? is the proportion of fund returns variance that is explained by the

variation in benchmark factors’ returns.

The behavioral finance literature uses the measure of R? extensively. Price synchronicity or co-
movement explains the extent to which stock returns move together with market returns. Barberis,
Shleifer, and Wurgler (2005) explain return co-movement by modelling an environment where

investors make portfolio decisions by grouping assets according to their styles and then invest funds at



the category level. The correlated demand by moving funds from one category to another induces
common factors in the returns of otherwise unrelated assets. Secondly, they argue that investors prefer
to trade only a subset of all securities. Hence, any change in these investors’ risk aversion or sentiments
(e.g., Baker & Waurgler, 2006) brings about common factors in the returns of these securities. Green
and Hwang (2009) describe stock price co-movement with investors’ sentiments before and after the
event of stock split. Stock returns co-move more with correlated trading among retail investors (Kumar
& Lee, 2006), as well as among institutional investors (Pirinsky & Wang, 2004). Moreover, studies
have shown the impact of cross-country variations in the protection of private property rights and
information opaqueness on stock return co-movement (Jin & Myers, 2006; Morck, Yeung, & Yu, 2000).
Eun, Wang, and Xiao (2015) have made another important contribution to the literature explaining

behavioral biases in the context of different cultures and their impact on synchronicity.

In addition to active management, mutual fund literature describes the impact of several
investment styles, stock picking talent, and characteristics of fund managers on fund performance.
Wermers (1997) concludes that fund managers possess stock picking ability, which allows them to
choose stocks that outperform their benchmarks before expense deduction. Fund managers process
information about firm-specific and economy-wide shocks, they pick stocks in boom, and time the
market in recession (Kacperczyk, Nieuwerburgh, & Veldkamp, 2014). Chevalier and Ellison (1999a)
consider different demographics of fund managers including education, experience, and age to examine

their impact on fund performance.

Following the studies which analyze the influence of trading behaviors of fund managers on
fund returns, we expect that investment behaviors of fund managers are highly likely to influence the

investing strategy of funds.

4.2.2 Gender Behaviors in Mutual Funds and Mixed-Gender Teams

Atkinson, Baird, and Frye (2003) contribute to the literature of gender diversity in mutual funds. They

compare the performance and investment behavior of single female managed fixed income mutual



funds with single male managed fixed income funds. The study does not find significant differences in
fund performance, risk, and other characteristics of the funds managed by male and female managers.
However, it concludes that funds managed by female managers receive smaller net asset flows from
investors compared to male managed funds. Niessen and Ruenzi (2006) conduct univariate as well as
multivariate analysis to compare the performance of single female managed equity funds with single
male managed funds. The findings show that female fund managers take less risk, consistently use a
less extreme investment style, and are less overconfident than male fund managers. Niessen-Ruenzi and
Ruenzi (2019) report no gender difference in fund performance, but single female managed funds

receive significantly lower inflows than single male managed funds.

Bar, Kempf, and Ruenzi (2010) compare the investment behavior of fund management teams
with single-person managed funds. While analyzing the impact of different characteristics of fund
managers as control variables, they find that female fund managers exhibit similar investment behavior
to that of teams. They follow significantly less extreme investment styles with respect to all style
dimensions. They hold less industry concentrated portfolios. There are less extreme performance
outcomes among female managers than among male managers. Bér, Niessen-Ruenzi, and Ruenzi
(2009) describe that gender diversity is negatively related to fund performance, while information gains
(tenure and educational diversity) lead to positive fund performance. In an experiment study, Bogan,
Just, and Dev (2013) examine gender composition of fund management teams and its impact on
investment decision making behavior. They state that having a male presence in the team increases the
risk seeking and loss aversion of the team. These studies indicate the importance of gender composition
in fund management teams. Apesteguia, Azmat, and Iriberri (2012) compare the economic performance
of gender mixed teams with single gender teams by playing a large business game with three members
in each group. Involving undergraduate and MBA students, the study concludes that the best performing
team consists of two men and one woman. They explain that gender diversity is positively associated
with good team dynamics, as the different skills and knowledge of participating men and women

contribute to prudent decisions.



There are some conflicting evidences in the literature regarding the influential ability and
decision-making power of males and females in mixed gender teams. Carli (2001) states that men are
more influential than women in mixed gender groups because they are highly competent, assertive, and
task oriented. Moreover, the gender effect on influence is not primarily due to behavioral biases among
gender, but due to resistance by men to women’s influence. Men particularly resist the influence of a
competent woman, unless they are likely to benefit from her competence. Men are likely to have higher

status roles than women, hence, they are more influential (Eagly, 1983).

Campbell and Minguez-Vera (2008) show that having a higher proportion of female directors
on the corporate boards of Spain tends to improve the monitoring quality of the board and firm financial
performance. Adams and Ferreira (2009) find that the presence of female directors on a board plays a
monitoring role in mitigating agency costs. Moreover, they show the peer effect of female directors on
their male counterparts in terms of correcting their attendance issues. Our study expects that female
managers in either single managed or team managed funds exhibit different investment behaviors than

their male counterparts.

4.2.3 Self-Construal and Behavioral Disparities in Gender

There is a consensus in academic literature that a woman possesses cognitive skills and personality
characteristics which differentiate her from men. Psychology literature conceptualizes the self-construal
of individuals and proves that these internal traits are regulators of one’s behavior. The individual-self
is described as independent, separate, self-contained individual, producer of one’s actions, and
autonomous. On the contrary, the collective construal is described as interdependent, relational, a sense
of connectedness with others, and communal (Markus & Kitayama, 1991). Individuals containing
individualistic self-construal prefer to be distinctive in different situations, while others’ emotions and
actions largely regulate the behavior of collective-self individuals (Cross, Hardin, & Gercek-Swing,

2010). Considering the two self-definitions, women are thought to be more collective and relational



than men. Women are more likely to describe themselves in connection with others, while men describe

themselves independent of others (Kashima et al., 1995).

The self-schema also plays another important role in determining the overall characteristic of
an individual. The self-schema refers to a long lasting and stable set of memories that summarize a
person’s beliefs, experiences and generalizations about the self, in specific behavioral domains. A
person may have a self-schema based on any aspect of himself or herself as a person, including physical
characteristics, personality traits and interests, as long as they consider that aspect of their self-important
to their own self-definition. As documented in Konrad et al. (2000), gender self-schemas are developed
from childhood, male self-schemas are based on roles, norms, values, and beliefs that are perceived to
be appropriate for men, such as achievement, aggression, autonomy, dominance, endurance, exhibition,
and income provider. Female self-schema, on the other hand, are based on similar aspects that are
perceived to be appropriate for women, such as abasement, affiliated to others, deference, homemaker,

and nurturance (Konrad et al., 2000).

In the literature on gender, it is a prevalent belief that women are more risk averse in financial
decision making than men. Jianakoplos and Bernasek (1998) explain that in financial decision-making
single women are more risk averse than single men. Byrnes, Miller, and Schafer (1999) have carried
out a meta-analysis of 150 studies and conclude that in various situations there is a greater risk-taking
tendency in male participants, as compared to female participants. Dwyer, Gilkeson, and List (2002)
argue that investors’ gender affects investment decisions in mutual funds as females demonstrate less
risk taking than males when considering risky investments. However, the impact of gender on risk
taking significantly weakens when investor knowledge of financial markets and investments is

controlled in the regression equation.

Puetz and Ruenzi (2011) find that overconfident managers are optimistic about their trading
abilities and are involved in excessive trading, which leads to a higher turnover ratio. Moreover, they
find that, among the funds in the top decile of performers sorted on a Carhart four factor alpha, low

turnover funds outperform high turnover funds by up to 1.9% per annum. Barber and Odean (2001)



categorize investors based on their gender and find that men are more overconfident than women, are
involved in excessive trading, and risk-adjusted live trading affects the performance of men more than
women. In a laboratory experiment, Niederle and Vesterlund (2007) find that men select their
compensation scheme by preferring a competitive tournament twice as much as women. Their study

concludes that men are more overconfident than women.

Despite possessing leadership qualities, there are few females at managerial positions in the
corporate world. Among many other explanations, “gender-based stereotyping” and the closed circle of
the “old boy network™ are strong social forces that are slow to change, and work as barriers to female
promotion or joining top management positions (Oakley, 2000). Niessen and Ruenzi (2006) state that
female managers encounter discrimination by gender stereotyping investors and experience 18% lower
fund inflow than male managed funds. In this situation, one wrong investment move by female fund
managers can boost gender-based criticism and bring harm to their reputation. According to Scharfstein
and Stein (1990), managers who are concerned about their reputations mimic the investment strategies
of other managers in the market. Chevalier and Ellison (1999b) analyze the termination-performance
relation of young fund managers and their impact on fund performance. Their study concludes that
career concern and the termination-performance relation are incentives for young managers to herd.
Popescu and Xu (2014) provide empirical evidence that institutional herding is driven by the

reputational concerns of institutional managers.

Following the literature, we expect that investment behaviors of female fund managers

influence their decisions, hence, they invest in accordance with the market.

H1: Funds with a higher proportion of female fund managers than male managers closely track

the market benchmark.

The collective self-construal explains the tendency of female fund managers to herd the market
and make conventional investment decisions. Herd behavior contributes to return co-movement (Eun,
Wang, & Xiao, 2015). The lower risk-taking investment style of female fund managers may explain

lower riskiness of a portfolio. This results in less volatile fund returns (small beta), which are likely to



move with benchmark returns. The study conjectures that funds with a high proportion of less
overconfident female managers have a moderate turnover ratio and consistent returns. It signals that

fund returns are less likely to deviate from the benchmark index.

H2: Investment behaviors of female fund managers are highly likely to explain their less active

investing strategy than male managers.

4.3 Data and Methodology

4.3.1 Data

The study considers the U.S. domestic open-end single and team managed active equity funds from
January 2004 to December 2014. We collect our sample from the Morningstar Direct database. We
exclude index funds and consider equity funds with more than US$1 million assets under management
(Lou, 2012). We also exclude international funds, sector funds, balanced funds, all fixed income funds,
and precious metal funds. We focus on the following four investment objectives of funds: Aggressive
Growth, Growth, Growth and Income, and Income. The data is free of survivorship bias as it includes
all surviving and non-surviving funds. We ignore share class observations reporting negative monthly
net assets, turnover ratios, or expense ratios. To avoid incubation bias, we exclude fund’s monthly
observations where the date of the observation is prior to the inception date of the fund reported in
Morningstar (Elton, Gruber, & Blake, 2001). We require a fund to have at least one year of monthly

returns.

To avoid multiple counting, we aggregate all share classes belonging to the same fund by using
their Fundld. Fundld is an identification code of Morningstar, which is similar for all the share classes
that belong to the same fund. We sum monthly net assets of all share classes with the same Fundld to
derive the monthly total net assets of a fund. For the analysis, we compute the value-weighted average
for the monthly fund return and expense ratio. We repeat the turnover ratio of fund share classes to

obtain the monthly frequency. Finally, we have a sample of 1,565 U.S. domestic open-end equity funds



with a total of 5,964 share classes. In the Aggressive Growth category there are 46 funds (152 share
classes), the Growth category has 1,273 funds (4,804 share classes), the Growth and Income category

has 241 funds (1,000 share classes), and the Income category has 5 funds (8 share classes).

We collect fund managers’ data from Morningstar Direct. We record all the relevant
information manually including the manager’s name, qualification, professional certification,
graduating year, and tenure with the fund. Morningstar provides a data point; “Manager History’’; which
we utilize to specify the name and gender of each fund manager in each month from year 2004 to 2014.
The data point of “Manager History” provides managers’ names and dates of joining and leaving the
fund, since the fund is originated. We identify managers’ gender through the title prefixing their names
(e.g. Mr., Ms., and Mrs., etc.). Executive profiles and biographies are gathered from Bloomberg,
LinkedIn, Facebook, Zoominfo, and fund management companies’ websites for all those managers with

missing information in Morningstar Direct.

In our sample, there are funds that are single male or female managed for a specific time period,
which are later managed by team of managers. We ignore the funds which do not provide any
description of their team members, and only mention that they are “Team Managed”. We keep all those
managers and their characteristics who either have been serving, joined or left the fund during our
sample time window, i.e., January 2004 - December 2014. Managers who have resigned before January
2004, or started managing the fund after December 2014, are not the focus of this analysis. We also
remove fund-month observations for which manager name or tenure date is unavailable. The final
sample of this study contains 206,580 fund-month observations from January 2004 to December 2014.
The total number of U.S. domestic open-end equity funds for the sample is 1,565, and we collect the

information of around 9,000 fund managers.

We retrieve monthly data of sector concentration from Morningstar Direct. By knowing how
heavily a fund invests in each sector, it is easy to measure how much sector risk a fund manager has
taken on. Morningstar has introduced a sector structure that divides the stock universe into three major

Super Sectors; 1) Cyclical, 2) Defensive, and 3) Sensitive. Across each of these three super sectors,



there are a total of eleven economic sectors. The cyclical super sector includes the basic materials,
consumer cyclical, financial services, and real estate sectors. In the defensive super sector are the
consumer defensive, healthcare, and utilities sectors. Finally, in the sensitive super sector, there are the
communication services, energy, industrials, and technology sectors. Morningstar calculates a fund’s
sector exposure based on the amount of assets invested in stocks in each sector.*® We measure the
monthly fund net exposure in each of the three super sectors as the percentage difference between the
long and short positions of fund investments. Net exposure is the measure of the extent to which a

fund’s portfolio is vulnerable to market fluctuations.*

4.3.2 Variables Definition and Model Development
4.3.2.1 Measure of R?

The study uses R? as a measure of fund strategy or activity (Amihud & Goyenko, 2013). The literature
on stock price synchronicity widely uses R? (Eun, Wang, & Xiao, 2015; Jin & Myers, 2006; Roll, 1988).
We derive R? by regressing individual fund’s monthly excess returns on returns of a multifactor
benchmark model. R? is the proportion of the variability in fund returns that is explained by the variation
in these factors’ returns. Higher R* shows that the fund tracks benchmark factors closely. We use the
benchmark model of factor-mimicking portfolios (4 factor model) presented by Carhart (1997). It
includes the 3 factor model of Fama and French (1993): RM-RF (market excess return), SMB (small
minus big size stocks), HML (high minus low book-to-market ratio stocks), and the momentum factor
MOM (winner minus loser stocks) of Carhart (1997). We retrieve R? from the following annual time

series regression for each fund:

49 Morningstar (2010).

%0 Morningstar provides four data points for sector concentration, Equity Econ Super Sector % (Long), (Short),
(Net) and (Long Rescaled). Long Rescaled takes the long positions, and re-weights them to sum to 100%. The
data point “Rescaling Factor” helps to interpret these numbers, as it shows the number that equals the Long-
Rescaled value divided by the actual Long positions.
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where (R;m ¢ — Rpm,:) is fund i’s excess return over the risk-free rate in month m of year t. (Ry,;n,: —
Rf m,:) denotes the excess return of the market over the risk-free rate in month m of year t. SMB,,, ; is
the return difference between small and large capitalization stocks, HML,, ; is the return difference

between high and low book-to market ratio stocks, and MOM,, . is the return difference between stocks

with high and low previous year’s returns, in month m of year t.>

The value of the resulting R? from the time series regression, i.e., Equation (1), varies between
0 and 1. Following Eun, Wang, and Xiao (2015), we apply logistic transformation to the bounded
explanatory variable. The bounded outcomes have a non-standard distribution. We obtain the logit-
normal distribution by applying logistic transformation on a normally distributed random variable.
R?
Transformed R* = Ln | —— (2)

where R? is the return activity measure for individual fund i derived from Equation (1).%
4.3.2.2 Measure of Female Proportion and Fund-specific Characteristics

We measure the monthly fraction of female fund managers by dividing the number of females to the

total number of managers (male and female) in the management team of individual funds in each month.

We control for the following fund characteristics: fund size is measured as the natural log of
total assets under management of the fund in millions of dollars at the end of a given month;
Morningstar defines the net expense ratio as the percentage of fund assets paid for operating expenses

and management fees, however, we measure it as the value weighted average of the net expense ratio

51 We retrieve the market, size, value, and momentum portfolio returns from the website of Kenneth R. French.
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

52 As an initial analysis, the study assumes that Transformed R? for each fund in each year remains constant
throughout the months of the year.



of all the share classes; and, following Sirri and Tufano (1998), we measure monthly fund level net

flow, which is the net growth in fund assets beyond reinvested dividends:

TNAi,t - TNAi,t—l(l + Ri,t)
TNA;

FlOWi’t =

3)

where TNA; . is the total net assets of fund i at time t and R; . is the return of fund i earned on assets

under management. This measure assumes that flows for the fund arise at the end of the period.
4.3.2.3 The Model

This study aims to examine the relation between the female proportion in the management team and
fund returns tracking the returns of benchmark factors. We run the following model, with fund level

controls, to test our main hypothesis:

T(Riz_t) = a+ p, Female;y + B, Size;r + P3 Exp;¢ + P4 Flow;: + &t 4)
where T(Rﬁt) is the transformed R? measured in Equation (2). Female; . is the monthly proportion of
female fund managers in fund i at time t. Size;, is the monthly size, Exp;, denotes the monthly net

expense ratio (%), and Flow; ; is the monthly net flow (%) of fund i at time t.

4.3.3 Summary Statistics

The study provides information about the total number of funds, number of male and female managers,
and proportion of female managers in management teams in each year of our sample period.>® Figure
4.1 depicts that the number of female fund managers is increasing each year from 2004 to 2014.
However, the ratio of female to male managers is diminishing over time, from 11.27% in 2004 to 9.51%
in 2014. There is a minor decrease in the proportion of female managers in fund management teams.
We observe the minimum level in the female proportion (i.e. 8.092%) in 2012, and it starts improving

from the following year.

53 See Table C2 in the Appendix.



Figure 4.1. Trends of Female Managers Participation in Mutual Funds

Figure 4.1 shows total number of female fund managers, their ratio to male managers, and proportion in mixed gender
management teams of mutual funds over the sample period of 2004-2014.
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Figure 4.2 shows that from 2004 to 2014, on average, male only managed funds (single as well
as team) are 78.4%, female only managed funds (single as well as team) are 2.59%, and teams with
mixed gender manage 19% of the sample funds. We observe a small but obvious increase in funds
managed by mixed gender teams over the study period, i.e., 17.7 % in 2004 increasing to 18.9% in
2014. However, it is noticeable that the funds managed by only female managers are decreasing over

time i.e., 3.96% in 2004 falling to 2.52% in 2014.



Figure 4.2. Gender Balance of Mutual Fund Managers from 2004-2014

Figure 4.2 shows percentage of the sample funds managed by male only (single or team), female only (single or team), and
mixed gender teams over the sample period of 2004-2014.
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Table 4.1 presents the summary statistics for the variables of this study. See Table C1 in the
appendix for the detail explanation of all the variables. The mean (median) of R? for the sample is 0.937
(0.948). According to Q1, 25% of R? is less than or equal to 92.4%. The results of this measure are
limited within the interval of 0 and 1, therefore, we apply logistic transformation to R?. The mean
(median) of the transformed R?, T(R?), is 2.416 (2.360). The average proportion of female managers in
the sample funds is 0.083 or 8.3%. It is evident that 75% of the female proportion in fund management
teams is less than or equal to 10.4%. The mean (median) of the measure of herding, SecDev, is 13.280
(11.955). Total risk has a mean (median) of 1.832 (1.754), while 25% of the risk is below 1.56%, and
75% is less than or equal to 2.03%. The mean (median) of the measure for overconfidence, i.e., TOratio,
is 76.690 (61.817). The mean of the style extremity measure, i.e., AggSE, is 1.035 with 50% of style

extremity less than or equal to 0.924.



Table 4.1. Summary Statistics

This table presents summary statistics of the main variables of this study. The sample consists of 206,580 fund-month
observations from January 2004 to December 2014. R? is the measure of fund activity introduced by Amihud, and Goyenko
(2013), it is the proportion of the variability in fund returns that is explained by the variation in market factors’ returns. T(R?)
is the logistic transformation of R?. Female is the measure of female proportion and equal to the number of female managers
divided by the total number of managers in fund’s management team at time t. SecDev is the measure of herding (%) and
equal to the square root of the sum of squared differences between portfolio concentration of fund i in each of the three super
sectors and the average concentration in each sector among all the funds in fund i’s investment segment in the same year t.
UnsysRisk is the measure of unsystematic risk (%) and equal to the annual standard deviation of fund return residuals obtained
from Carhart’s (1997) four factor model. SysRisk is the measure of systematic risk (%) and equal to the annual beta retrieved
from regressing fund’s excess return on the excess return of market. Risk is the measure of total risk (%) and equal to the sum
of systematic and unsystematic risk of fund at time t. TOratio is the measure of overconfidence (%) and equal to the lesser of
annual purchases or sales and dividing by average net assets of fund in time t. AggSE is the measure of aggregate style
extremity (%) and equal to the mean of style extremity of three style dimensions i.e., size, value, and momentum in time t.
Size is the measure of fund size and equal to the natural log of total assets under management of fund in time t. Exp is the
measure of expense ratio (%) and equal to the value weighted average of net expense ratio of all the share classes of a fund at
time t. Flow is the measure of fund flow and equal to the growth in fund’s assets under management in time t.

Mean Median Std. dev. Q1 Q3
R? 0.937 0.948 0.051 0.924 0.966
T(R?) 2.416 2.360 0.782 1.964 2.868
Female 0.083 0.000 0.166 0.000 0.104
SecDev 13.280 11.955 6.694 8.674 15.879
SysRisk 0.989 1.000 0.119 0.949 1.042
UnsysRisk 0.842 0.780 0.387 0.580 1.028
Risk 1.832 1.754 0.416 1.557 2.027
TOratio 76.690 61.817 70.903 35.670 92.550
AggSE 1.035 0.924 0.483 0.744 1.194
Size 8.279 8.300 0.875 7.683 8.886
Exp 1.128 1.100 0.432 0.821 1.301
Flow 0.013 0.005 0.019 -0.004 0.022

Table 4.2 describes the correlation between the variables. The correlation between T(R?) and
female proportion is significantly positive. Moreover, the correlation between T(R?) and the herding
measure is negative and significant. The correlation between risk and T(R?) is significantly negative.
The measures of overconfidence and style extremity are both correlated negatively and significantly
with T(R?). Among the fund-specific variables, expense ratio and flow are negatively, while fund size
is positively correlated with T(R?), and all of these correlations are significant. On the other hand, the

correlation coefficients of these behavior measures and female proportion are significantly negative.



Table 4.2. Correlation Matrix

This table presents correlation matrix of the variables in this study. The sample consists of 206,580 fund-month observations from January 2004 to December 2014. See Table C1 in the appendix
for the explanation of all the variables.

T(R? Female SecDev SysRisk UnsysRisk Risk TOratio AggSE Size Exp
Female 0.0672
SecDev -0.2622 -0.0682
SysRisk -0.009° -0.013¢ -0.0382
UnsysRisk -0.5962 -0.0572 0.293? 0.1132
Risk -0.4872 -0.0462 0.245% 0.485% 0.9242
TOratio -0.0892 -0.0232 0.0632 0.0582 0.2452 0.2382
AggSE -0.2332 -0.0172 0.2742 0.0962 0.4222 0.4092 0.1642
Size 0.1192 -0.0072 -0.0962 0.0542 -0.1572 -0.118° -0.129° -0.1542
Exp -0.291@ 0.005° 0.169° -0.0242 0.3192 0.2732 0.1362 0.2002 -0.406°
Flow -0.0492 -0.0102 0.0352 -0.0192 0.0172 0.0082 0.004 0.0452 -0.129° -0.005°

ap < 0.01,°p<0.05, °p < 0.10



4.4 Empirical Results and Discussion
4.4.1 Effect of Female Proportion on Fund R?

We start our empirical analysis by examining the impact of the proportion of female fund managers on
fund R?and present the results in Table 4.3. Using Equation (4), Column (1) of Table 4.3 reports that
fund returns closely track the returns of the multifactor benchmark when there is a higher proportion of
female managers in the management team. The goodness of fit of the baseline model is 9.26%. The
finding is consistent with our argument that collective self-construal of female managers possibly
contributes to their tendency of investing in accordance with the market. Hence, female fund managers

manage funds less actively.

The significantly positive relationship between female proportion and R? holds even after
controlling for each fund-specific variable in Columns (2), (3) and (4). The findings describe that fund
size has a significantly positive impact on fund R? indicating that the returns of large funds co-move
more with the benchmark in comparison to small funds. In contrast, the expense ratio and fund flow
affect R? negatively and the results are statistically significant at the 1% level. This signals that less
actively managed funds are less costly and receive lower flows in comparison to actively managed
funds. We present the results with adjusted standard errors for fund and month clustering. We conclude
that the presence of female managers, either in single or mixed-gender team management, does affect
the investing strategy of funds. The outcome of our study is consistent with the literature on gender,
which argues that females influence the decisions of teams. Hence, their corporate decisions are

different from males (Adams & Ferreira, 2009; Jurkus, Park, & Woodard, 2011; Liu, Wei, & Xie, 2014).



Table 4.3. Female Proportion and Fund R?

This table presents the findings of regression of fund’s R? on female proportion, including fund level controls. R? is retrieved
from the annual time series regression of Carhart’s (1997) four factor model given in Equation (1). The dependent variable is
the transformed R? explained in Equation (2). The independent variable is Female which is the number of female fund
managers divided by the total number of managers managing the fund at time t. We winsorize the fund level control variables
at 1% and 99%. The t-statistics based on clustered standard errors for time and fund are reported in parentheses. ***, ** and
* denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix for the explanation of the variables.

T(R%) = a+ B, Female;, + B, Size; + B3 Exp;c + Py Flow;, + &,

Fund R?
All Controls Fund Size Control Expense Control Flow Control
@ ) 3) 4)

Female 0.3848*** 0.3920*** 0.3830*** 0.3892***

(4.32) (4.12) (4.32) (3.99)
Size -0.0075 0.1583***

(-0.36) (7.68) ) )
Exp -0.7795%** -0.7720%**

(-12.98) ) (-13.96) )
Flow -1.2664*** -1.0633***

(-7.85) ) ) (-6.28)
Constant 4.2039*** 1.9159*** 4,1208*** 3.2589***

(18.90) (10.99) (45.92) (60.74)
No. of Obs. 164,645 170,464 167,293 167,620
Adj. R-squared 0.0926 0.0188 0.0892 0.0069

4.4.2 Effect of Female Proportion on Economic Benefits of Diversification

In this study we perform a mean-variance spanning test to investigate the effect of investing in funds
on the minimum-variance frontier and apply a performance measure to assess the economic gains of
diversification when a high fraction of female managers manages funds. Huberman and Kandel (1987)
describe the concept of mean-variance spanning. They suggest that a set of K risky assets (benchmark
assets) spans a larger set of K+N risky assets (test assets) if the minimum-variance frontier of both sets
of assets is identical. Modern portfolio theory states that when there exists a risk-free asset, and
unlimited lending and borrowing at the risk-free rate is allowed, investors who care only about the mean
and variance of their portfolios will only be interested in the tangency portfolio of the risky asset (the

one that maximizes the Sharpe ratio). We use the spanning tests of the tangency portfolio (De Roon &



Nijman, 2001; Kan & Zhou, 2001). The tangency portfolio relates to the changes in the Sharpe ratio
that correspond to the shift in the optimal risky portfolio when the test asset is added to the set of
benchmark assets. The Sharpe ratio of the tangency portfolio gives the largest mean return per unit of

standard deviation risk attainable for the assets.

In our study, we consider the benchmark portfolio of assets based on Carhart’s (1997) four
factors (i.e., RMRF, SMB, HML, MOM). We assess the additional gains when we add funds in the
benchmark portfolio. Firstly, we examine the benchmark case of diversification and measure the
maximum Sharpe ratio for the addition of every fund in the benchmark. Then, to test whether the
maximum Sharpe ratio of the optimal benchmark portfolio is different from the Share ratio of every
fund, we take the difference between the Sharpe ratios. A difference between the Sharpe ratios,
computed for the optimal benchmark and the funds, indicates that investors can enhance their returns
per unit of risk by diversifying their investments in the funds. This assesses the magnitude of
diversification benefit. Finally, to examine the impact of having a high proportion of female managers

in a fund’s management team on the diversification benefits of the fund, we use the following model:

Div_Benefit;; = a + pFemale;, + [, Team_Size;,
(5)
+ B3 Fund Charateristics;;_1 + &+

where Div_Benefit; . is the difference between the Sharpe ratios computed for the optimal benchmark

and each fund i in time t. The other variables are as defined in Section 4.3.

According to the findings in Table 4.4, the diversification gains of funds managed by a higher
fraction of female fund managers are 1.86% lower than other funds. The results are significant after
controlling for fund-specific characteristics and time and segment (i.e. find investment objective) fixed
effects. The benefits are 1.64% smaller than other funds when we control for team size and fund-specific
time varying variables. Hence, we conclude that less active investing of female managers reduces the
rewards of diversification. Investors who want to enhance their returns per unit of risk by diversification

will not be attracted to the funds that have more females than males in their management teams.



Table 4.4. Female Proportion and Economic Benefits of Diversification

This table presents the findings of regression of diversification benefits on female proportion, including team size and fund
level controls. The dependent variable is Div_Benefit, which is the difference in the Sharpe Ratio of optimized benchmark
and our sample funds. The independent variable is Female which is the number of female fund managers divided by the total
number of managers managing the fund at time t. Column (1) controls for all fund level characteristics. Column (2) presents
the results with team size and time lagged fund level variables. Team_Size is equal to the total number of managers in fund
management team in time t. We winsorize the fund level control variables at 1% and 99%. We include fixed effect at time and
segment level. The t-statistics based on clustered standard errors for time and fund are reported in parentheses. ***, ** and *
denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix for the explanation of the variables.

Div_Benefit;, = a + p,Female;, + B, Team_ Size;, + P; Fund Charateristics;;_1 + &

Diversification Benefits

(€ )
Female -0.0186*** -0.0164***
(-3.48) (-3.10)
Size -0.0194***
(-6.67) )
Exp -0.0175%**
(-4.39) )
Flow 0.2626***
(8.68) )
Team_Size 0.0014**
) (2.35)
Size_lag -0.0193***
) (-6.60)
Exp_lag -0.0229***
) (-5.14)
Flow_lag 0.2555***
) (8.49)
Year-fixed Effect YES YES
Segment-fixed Effect YES YES
No. of Obs. 164,794 163,290
Adj. R-squared 0.1434 0.1486

4.4.3 Effect of Investment Behaviors of Female Managers on Fund R?

The existing research studies explore the impact of several investment behaviors of gender on
investment decisions. We consider three behaviors, mostly studied in the context of fund managers, and

examine their impact on fund activity.



4.4.3.1 Effect of Herding on R?

The psychology literature states that the actions of people in a group, which women belong to, influence
the behavior of women due to their collective self-construal. Therefore, we expect that, compared to
male fund managers, females are less likely to make unique decisions which are against the common
investment strategies of the group (i.e., the market benchmark). Mimicking the strategies of other
managers explains higher herding. Bo, Li, and Sun (2016) provide evidence that boards with more
female directors make investment decisions closer to their peers in the same industry. There exists
empirical evidence that herd behavior potentially contributes to return co-movement (Eun, Wang, &

Xiao, 2015).

To measure fund herding, we use a proxy developed by Chevalier and Ellison (1999b). The
measure is Sector deviation, which estimates sectors’ concentration within a fund’s portfolio that
deviates from those sectors that are most popular in the specific year. Sector deviation, SecDev, is the
square root of the sum of the squared differences between a fund’s portfolio concentration in each of
the three super sectors (reported by Morningstar) and the average exposure in each sector among all the
funds in that fund’s investment segment in the same year. Small SecDev indicates that a fund manager
is less likely to concentrate the portfolio in sectors which are not popular among other funds.>* We

measure Sector deviation as follows:

n

SecDev;; = Z(Wi,k,,t — Wi,t)? (6)

k=1

where SecDev; , is the measure of herding for fund i at time t. n is equal to 3 (number of super sectors).
w; k¢ IS the investment weight/concentration of fund i in each of the three super sectors k in year t, while
wy ¢ is the average weight in each of the sectors k in year t among all the funds in fund i’s investment

segment (growth, aggressive growth, growth and income, income).

% Since the equity funds adopt different investment styles, the herding measure is estimated at the investment
segment level.



We hypothesize that female fund managers herd more in popular sectors. First, we run the

following model to test the relationship between the fraction of female managers and fund herding:

SecDev;y = a + [ Female;s + B, Size;; + f3 Exp;t + P4 Flow;, + &, (7
where SecDev; . is the proxy of herding of fund i at time t. The other variables are as defined in Section

4.3.
Second, we test our hypothesis that fund herding explains higher R? in the following model:

T(th) = a+ B, SecDev;, + B, Size;; + Bz Expis + Ba Flow;; + &¢ (8)

Table 4.5 presents the results of the influence of female managers on fund herding. Column (1)
displays the results with all fund level controls. It is shown that when a high fraction of female managers
manages funds, their portfolio concentration in each of the three super sectors strongly mimics the
average exposure in each sector by all other funds. The negative coefficients in Columns (1) to (4)
indicate that a fund’s sector deviation decreases with more female managers serving in the fund
management team. This negative relation is significant at the 1% level. We conclude that female fund
managers exhibit higher herding behavior than their male counterparts. One of the explanations of their
herding behavior might be the reputational concern. According to Scharfstein and Stein (1990),
managers who are concerned about their reputations, mimic investment strategies of other managers in
the market. Popescu and Xu (2014) reports that reputational concerns of institutional managers drive
institutional herding. The underrepresentation of female fund managers may increase strict scrutiny of
their decisions by the market participants. Any unique decision can damage their reputation; therefore,
female fund managers may prefer to herd the popular investment strategies of their peers. We do not
provide empirical evidence in this regard because the topic of reputational herding is beyond the scope

of this study.



Table 4.5. Female Proportion and Fund Herding

This table presents the findings of regression of fund herding on female proportion, including fund level controls. The
dependent variable is fund herding, which is measured as Sector Concentration Deviation, SecDev, explained in Equation (6).
The independent variable is Female which is the number of female fund managers divided by the total number of managers
managing the fund at time t. We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered
standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.
See Table C1 in the appendix for the explanation of the variables.

SecDev;, = a + p; Female;, + B, Size;, + B3 Exp;; + P4 Flow;; + &,

Sector Concentration Deviation

All Controls Fund Size Control Expense Control Flow Control
@ ) 3) 4)

Female -2.8225%** -2.8349%** -2.8182%** -2.8024***

(-4.82) (-4.86) (-4.78) (-4.77)
Size -0.1878 -0.8972%**

(-0.97) (-5.22) ) '
Exp 3.0858*** 3.2105***

(6.74) ) (7.76) )
Flow 4.6360*** 5.3526***

(3.83) ) ) (4.45)
Constant 11.4115%** 20.9310%** 9.7379%** 13.3127%*=*

(5.99) (14.54) (19.28) (67.60)
No. of Obs. 164,794 171,307 167,521 168,083
Adj. R-squared 0.0353 0.0138 0.0334 0.0059

The results in Table 4.6, Columns (1) to (4), show that Sector concentration deviation is
negatively related to T(R?) and the association is statistically significant at the 1% level. The negative
effect is consistent and statistically significant with the controls of all fund-specific variables in
Columns (2) to (4). These findings show that, when funds deviate their investment concentration from
the popular sectors, their returns do not closely track the benchmark returns. We conclude that funds
with a high fraction of female managers herd more in the poplar sectors, and their returns tend to closely

track market returns.



Table 4.6. Herding and Fund R?

This table presents the findings of regression of fund’s R? on herding, including fund level controls. R? is retrieved from the
annual time series regression of Carhart’s (1997) four factor model given in Equation (1). The dependent variable is the
transformed R? explained in Equation (2). The independent variable is fund herding, which is measured as Sector
Concentration Deviation, SecDev, explained in Equation (6). We winsorize the fund level control variables at 1% and 99%.
The t-statistics based on clustered standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%,
95%, and 90% significance levels. See Table C1 in the appendix for the explanation of the variables.

T(R%,) = a+ Py SecDev;, + P, Size;r + B3 Expir + By Flow;e + &,

Fund R?
All Controls Fund Size Control Expense Control Flow Control
@ ) 3) 4)

SecDev -0.0309*** -0.0356*** -0.0310*** -0.0369***

(-14.70) (-15.65) (-14.68) (-15.95)
Size -0.0126 0.1270***

(-0.66) (6.99) ) )
Exp -0.6826*** -0.6710***

(-11.89) ) (-12.80) )
Flow -1.1407%** -0.8816***

(-7.22) ) ) (-5.38)
Constant 4.5735%** 2.6807*** 4.4460*** 3.7740%**

(21.83) (16.80) (49.19) (57.74)
No. of Obs. 165,181 171,035 167,864 168,156
Adj. R-squared 0.1350 0.0780 0.1323 0.0710

4.4.3.2 Effect of Risk-taking Behavior on R?

To analyze the risk-taking behavior of fund managers, the study follows Chevalier and Ellison (1999a)
and measures the systematic and unsystematic risk of a fund. The systematic risk, SysRisk, is the annual
market beta coefficient (B; » ) of Carhart’s (1997) four factor model described in Equation (1). On the
other hand, the unsystematic risk, UnsysRisk, is the annual standard deviation of each fund’s return
residuals from the model in Equation (1). In Equation (1), f5; » ¢ is the annual measure of systematic
risk of fund i in year t, which describes the sensitivity of a fund’s excess returns with the volatility in
market excess returns. &; ,, . is the return residual of fund i in month m of year t. We expect negative
association between fund returns co-movement with the benchmark and riskiness. The less risky fund

is expected to show higher R?.



We use the following model to test the impact of investment riskiness on fund returns’ co-

movement with the benchmark:

T(Rﬁt) = a + Py Risk_Measures;, + [, Size;; + 3 Exp;¢s + By Flow;¢ + &+ (9)
where Risk_Measures;, are the three measures of fund riskiness: UnsysRisk;, which is the annual
standard deviation of fund i’s return residuals in year t; SysRisk; ¢, which is the annual S; 5, . of fund i
from Equation (1); and Risk; ., which is the total risk of fund i in year t measured as the sum of

systematic and unsystematic risk. The other variables are as defined in Section 4.3.

Table 4.7 presents the results of the association between level of riskiness and fund activity.
After controlling for fund level characteristics, we observe that all three measures of fund riskiness
show a negative relation with R? and the relation is significant at the 1% level. The outcomes support
the hypothesis that risky investments decrease the tracking of funds’ returns with the benchmark returns.

High risk-taking behavior of fund managers may explain the outperformance from the benchmark.

The literature on gender behaviors argues that female fund managers show less risk-taking
behavior than male managers (Atkinson, Baird, & Frye, 2003; Niessen & Ruenzi, 2006). We analyze
the effect of the proportion of female managers on fund riskiness, and the results are consistent with the
literature. We present the results in Table C3 in the Appendix. The findings provide empirical evidence
that the total risk of a fund diminishes when more female managers are in the management team and
the association is statistically significant at the 1% level. Hence, we conclude that the lesser risk-taking
behavior of female fund managers than of male managers is more likely to be dominant in a team’s

decision making.



Table 4.7. Risk and Fund R?

This table presents the findings of regression of fund’s R? on riskiness of fund investments, including fund level controls. R?
is retrieved from the annual time series regression of Carhart’s (1997) four factor model given in Equation (1). The dependent
variable is the transformed R? explained in Equation (2). The independent variable is fund’s risk level, which is measured as
UnsysRisk, SysRisk, and Risk using Equation (1). We winsorize the fund level control variables at 1% and 99%. The t-
statistics based on clustered standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%,
and 90% significance levels. See Table C1 in the appendix for the explanation of the variables.

T(R%,) = a+ B, UnsysRisk;. + B, Size;r + Ps Exp;r + By Flow; + &,
T(R?,) = a+ Py SysRisk;, + B, Size;c + B3 Exp;c + By Flow;, + &,

T(R%) = a+ Py Risk;, + B, Size;r + B3 Expic + By Flow;, + &,

Fund R?
(1) 2 (3)
UnsysRisk -1.2526***
(-15.25) ) )
SysRisk -0.4681%**
) (-5.76) )
Risk -0.8832%**
' ) (-14.40)
Size -0.0300%* -0.0132 -0.0114
(-2.12) (-0.63) (-0.71)
Exp -0.3230%** -0.7776%** -0.4582%+*
(-7.13) (-13.32) (-9.16)
Flow -1.0521%** -1.2470%** -1.1916%**
(-6.46) (-7.84) (-7.13)
Constant 4.9625%** 3.8170%** 5.5260%**
(29.08) (16.63) (26.33)
No. of Obs. 165,181 165,181 165,181
Adj. R-squared 0.3691 0.0954 0.2720

4.4.3.3 Effect of Overconfidence on R?

A small turnover ratio suggests a less overconfident manager and less trading activity than peers (Barber
& Odean, 2001). Morningstar describes the turnover ratio as a measure of the fund’s trading activity,
and computes the measure by taking the lesser of purchases or sales (excluding all securities with
maturities of less than one year), and dividing this by the average monthly net assets. We hypothesize

that funds with excessive buying and selling of securities are less likely to follow the benchmark.



Therefore, a higher turnover ratio, TOratio, reduces a fund’s R% The following model tests our

argument:

T(Rit) = a+ By TOratio;s + B, Size; + P3 Exp;t + P4 Flow; + &, (10)
where TOratio; . is the turnover ratio of fund i at time t. The other variables are as defined in Section

4.3.

Table 4.8. Trading and Fund R?

This table presents the findings of regression of fund’s R? on trading activity, including fund level controls. R? is retrieved
from the annual time series regression of Carhart’s (1997) four factor model given in Equation (1). The dependent variable is
the transformed R? explained in Equation (2). The independent variable is fund’s trading activity, which is measured by
turnover ratio, TOratio. We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered
standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.
See Table C1 in the appendix for the explanation of the variables.

T(R%,) = a+ B, TOratio;, + B, Size;. + B3 Exp;c + By Flow;, + &,

Fund R?
All Controls Fund Size Control Expense Control Flow Control
(1) 2 (3) (4)

TOratio -0.0023%** -0.0020%** -0.0017%%* -0.0012%%*

(-2.75) (-4.32) (-2.73) (-4.99)
Size -0.0117 0.1528%**

(-0.58) (7.56) ) )
Exp -0.7623%** -0.7508%**

(-12.82) ) (-13.73) )
Flow -1.2418%%* -1.1431%%*

(-7.53) ) ) (-6.59)
Constant 4.3140%** 2.0816%** 4.1911%* 3.3056%**

(19.75) (11.86) (45.79) (55.09)
No. of Obs. 161,359 165,129 163,787 162,657
Adj. R-squared 0.0891 0.0209 0.0859 0.0105

Table 4.8 presents that the turnover ratio is negatively associated with R? and the association is
statistically significant at the 1% level. The findings are consistent with controlling for every fund
specific variable and indicate that funds diverge from the benchmark due to excessive and frequent
trading by managers. The existing research studies provide evidence that females are less overconfident
than males in their corporate decisions (Huang & Kisgen, 2013) and they are less likely to be involved

in aggressive trading (Barber & Odean, 2001). Niessen-Ruenzi and Ruenzi (2019) support this



argument by analyzing the trading behavior of male and female fund managers. Our results are
consistent with the literature that female fund managers are less aggressive in trading activities. We
present the results in Table C4 in the Appendix. The findings show that a 1% increase in the fraction of
female managers is related to a 0.1% (monthly) decrease in a fund’s turnover ratio, with this result being
significant at the 10% level. Hence, we suggest that the aggressive trading behavior of male team

members is tamed as the proportion of less overconfident female fund managers goes up.
4.4.3.4 Effect of Investment Style Extremity on R?

To capture the investment style of a fund manager, the study considers the measure of investment style
extremity. We define this measure as taking a large bet on the size, value, or momentum factor (Bar,
Kempf, & Ruenzi, 2010; Niessen & Ruenzi, 2006). To measure style extremity, we first compute the
annual factor loading (B; s ¢, Bi u.t» Bi.mo,t) on Carhart’s (1997) four factor model described in Equation
(1). Style extremity (SE lF ¢) is the absolute difference between the fund’s factor weightings (,B’f ¢) and the
style benchmark (Ef +). The style benchmark is the average factor weightings of all the funds in fund i’s
investment segment and the style factor in the same year t. To normalize this extremity, the style
extremity measure is divided by the average absolute difference of the corresponding market segment
in the respective year. This process gives three extremity values for each fund, corresponding to the
three style factors (SMB, HML, and MOM). The style extremity measure is comparable across style,
segments, and time after normalization (Bar, Kempf, & Ruenzi, 2010). We measure style extremity

with a normalization process in the following model:

F nF

sif, = 1Pl Bl
’ F QF
ﬁZj’L:l |ﬁj,t - Bi,tl

(11)

where SEft is the style extremity of fund i in year t for each of the three style dimensions (F=1, 2, 3).
Fund i’s factor loading for each of the style dimensions F in year t is denoted by B[, while the style
benchmark is Eft j stands for the corresponding market segment, and n is the number of funds in this

corresponding segment in year t.



To get an aggregate measure for extremity for each fund, following Niessen and Ruenzi (2006),

we average three individual extremity measures as follows:

1
AggSEie = 3 ZSEft (12)
F

where AggSE; . is the average extremity of fund i in year t, which is by definition equal to “1”, and any

higher measure will show an extreme style.

We expect that higher bets and a more extreme investment style by fund managers result in the

funds’ divergence from the benchmark. We test this conjecture in the following model:

T(Riz,t) = a;; + P1AgY9SEi + P FSizejr + B3 Expit + B4y Flow; + & (13)
where AggSE; . is the aggregate style extremity measure of fund i in year t, which is aggregated for the

three style dimensions. The other variables are as defined in Section 4.3.

Table 4.9 displays the regression outcomes of Equation (13) and indicates that investment style
extremity is negatively related to R% This relation is significant at the 1% level after controlling for all
fund specific characteristics. The goodness of fit of the model in Column (1) is 13.04%. The findings
suggest that funds are less likely to track the benchmark if managers take larger bets on the size, value,

or momentum factor.

Niessen and Ruenzi (2006) report that female fund managers exhibit a less extreme investment
style in comparison to their male counterparts. We present the results in Table C5 in the Appendix. Our
results describe that the association between the fraction of female fund managers and style extremity
is negative, however, the findings are not statistically significant. Therefore, our findings are not
conclusive. Our study considers female fund managers in single as well as management teams, while
Niessen, and Ruenzi (2006) analyze single managed funds. This might be one of the reasons for the

difference in outcomes.



Table 4.9. Style Extremity and Fund R?

This table presents the findings of regression of fund’s R? on investment style extremity, including fund level controls. R? is
retrieved from the annual time series regression of Carhart’s (1997) four factor model given in Equation (1). The dependent
variable is the transformed R? explained in Equation (2). The independent variable is fund’s aggregated style extremity, which
is measured in Equation (12). We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered
standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.
See Table C1 in the appendix for the explanation of the variables.

T(R%,) = a+ By AggSEi. + B Sizer + Bs Expi + By Flow; + &,

Fund R?
All Controls Fund Size Control Expense Control Flow Control
@ 2 ®) (4)

AggSE -0.4002*** -0.4282*** -0.3946*** -0.4669***

(-17.69) (-16.34) (-17.33) (-18.62)
Size -0.0261 0.1104%**

(-1.40) (6.03) ) '
Exp -0.6805*** -0.6598***

(-12.22) ) (-12.87) )
Flow -1.1474%** -0.8283***

(-7.39) ) ) (-5.12)
Constant 4.6762%** 2.7784%** 4.4173%** 3.7536%**

(22.79) (17.31) (48.39) (57.90)
No. of Obs. 165,171 171,024 167,853 168,146
Adj. R-squared 0.1304 0.0672 0.1268 0.0648

4.5 Additional Investigation

In this section, we describe some additional tests to support the relation between degree of active

management of funds and the female proportion in their management team.
4.5.1 Time-varying Fund Correlation and Market Model

For the analysis, we retrieve annual R? from the time series regression of Carhart’s (1997) four factors
model and use this as a measure of activeness. As an alternate measure, we calculate the time varying
conditional correlation of fund returns by applying the dynamic conditional correlation (DCC) model
of Engle (2002). We replace the measure of activeness, i.e., R? with monthly time varying conditional

correlation and re-run all the regression models for robustness.



Table 4.10 presents the findings of regressions with time varying conditional correlation as the
dependent variable. All fund specific characteristics are the same. Column (1) displays the findings of
the model given in Equation (4), where female proportion is the independent variable. Column (2)
presents the findings of the association between fund herding and fund correlation with the market.
Columns (3) to (5) show the results of the impact of funds’ riskiness, trading activity, and style extremity
on funds’ time-varying conditional correlation, respectively. All the results are consistent with the
previously explained relations and are significant at the 1% level. We observe a significant
improvement in the overall goodness of fit of each model. The goodness of fit of the main model, i.e.,
Column (1), improves from 9.26% (with R?) to 16.69% (with time varying correlation). We conclude

that our results are robust even with an alternate measure of the dependent variable.

We again calculate the measures of fund risk level by using the Market model given below:

Rimt— Rrme=a+ Pime (RM,m,t - Rf,m,t) + Eimt (14)
where (R;m .t — Rfm,:) is the excess return of fund i over the risk free return in month m of year t.
(Rmm,t — Rfm,t) is the excess return of market M in month m of year t. §; , ; is the annual measure of
systematic risk of fund i in year t, which describes the sensitivity of a fund’s excess returns to the

volatility in market excess returns. &; ,, » is the return residual of fund i in month m of year t.

We run the model given in Equation (9). The dependent variable is the time varying conditional
correlation of fund returns, and we calculate the three risk measures; unsystematic, systematic, and total
risk; from the market model given in Equation (14). The results are robust and indicate that high
riskiness of funds possibly explains a diminishing correlation between funds and the benchmark

returns.®

%5 We present the results in Table C6 in the Appendix.



Table 4.10. Female Proportion, Investment Behaviors, and Time-varying Conditional Correlation

This table presents the findings of regression of fund returns correlation on female proportion, herding, risk level, trading
activity, and style extremity of fund, including fund level controls. The dependent variable is DCC, which is the dynamic
conditional correlation of fund returns measured by using the model of Engle (2002). In Column (1), the independent variable
is Female which is the number of female fund managers divided by the total number of managers managing the fund at time
t. In Column (2), the independent variable is fund herding, which is measured as Sector Concentration Deviation, SecDev,
explained in Equation (6). In Column (3), the independent variable is fund’s risk level, which is measured as total risk, Risk,
using Equation (1). In Column (4), the independent variable is fund’s trading activity, which is measured by turnover ratio,
TOratio. In Column (5), the independent variable is fund’s aggregated style extremity, which is measured in Equation (12).
We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered standard errors for time and
fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix
for the explanation of the variables.

Fund Time-varying Conditional Correlation

(1) (2 (3) 4) (5)
Female 0.3510%**
(4.55) ) ) ) '
SecDev -0.0298***
) (-15.11) ) ) )
Risk -0.6331%+*
) ) (-17.73) ) )
TOratio -0.0015%**
) ) ) (-3.36) )
AggSE -0.4407%%*
) ) ) ) (-18.66)
Size 0.0023 -0.0034 -0.0014 -0.0095 -0.0194
(0.10) (-0.15) (-0.07) (-0.46) (-0.95)
Exp -0.7625%** -0.6701%** -0.5330%** -0.7313%%* -0.6550%**
(-13.42) (-12.36) (-10.97) (-13.19) (-12.75)
Flow -0.8920%** -0.7720%%* -0.8597%** -0.8971%** -0.7741%%*
(-6.81) (-6.11) (-7.05) (-6.75) (-6.39)
Constant 3.2476%** 3.6107%** 4.2111%% 3.4602%** 3.7744%%
(13.92) (16.89) (23.12) (17.24) (18.89)
No. of Obs. 164,794 165,331 165,181 161,493 165,171
Adj. R-squared 0.1669 0.2423 0.3383 0.1799 0.2570

4.5.2 Manager and Time-varying Fund Level Characteristics, Team Size, and Fixed Effects

In our analysis, endogeneity exists due to the possibility of unobserved omitted variables of manager or
fund-specific characteristics. To deal with these concerns, we consider fund managers’ demographics

along with the segment and time fixed effects (Chevalier & Ellison, 1999b; Niessen & Ruenzi, 2006).



We develop a model that controls for a manager’s characteristics like age, professional certification,
education, and tenure. We also consider time-varying fund-specific characteristics and control for one-
month lagged fund size, net expense ratio, and fund flow. The literature about mutual funds suggests
that team size affects the behaviors of team members and the resulting performance of fund managers
(Bér, Kempf, & Ruenzi, 2010; Bar, Niessen-Ruenzi, & Ruenzi, 2009). Therefore, our study controls for
the team size of sample funds. The model below includes the segment and time fixed effects of the

funds:

DCCiy = a+ piFemale;y + B, Age;+ + P3 Grad;y + B4 PhD;: + PBs Cert;,
+ P Tenure;s + B Sizejr—1 + Pg Expir—1 + Po Flow; 4 (15)
+ Bio Team_Size; + &
where DCC; , is the time varying conditional correlation of fund i’s returns in time t. Age;, is the
average age of all managers managing fund i in time t. Following Chevalier and Ellison (1999a), we
assume that a manager is 21 years old at the time of completion of his/her undergraduate degree. Grad;,
is a dummy variable that takes the value “1” if the fund has a manager with a graduate degree, and “0”
otherwise. PhD;, is a dummy variable that takes the value “1” if the fund has a manager with a Ph.D.
degree, and “0” otherwise. Cert; . is a dummy variable for professional certification that takes the value
“1” if the fund has a manager with professional certification like CFA or CPA, and “0” otherwise.
Tenure; . is the average tenure of all the managers in fund i intime t. Size; ;_1, Exp; ;—1, and Flow; ;4
are one month lagged fund-specific variables. Team_Size; , is the total number of managers in fund i’s

management team in time t. We consider year and segment (Aggressive Growth, Growth, Growth and

Income, and Income) fixed effects in the model.

Table 4.11 presents the results of the model in Equation (15). Column (1) shows the relationship
between female proportion and the correlation of fund returns with market returns, controlling for all
manager level and lagged fund-level characteristics. The association is positive and significant at the

1% level. Column (2) displays the results by considering the size of funds’ teams. The findings show



that a high fraction of female managers in management team contributes to a higher correlation of fund

returns, even after controlling for team size and lagged fund level variables.

We analyze the relation between fund correlation and the measures of investment behaviors by

considering team size and lagged fund specific characteristics. We develop the following model:

DCC;y = a+ ByInvestments;, + P, Size;s—q + B3 Expie—q + By Flow; ¢4
(16)
+ Bs Team_Size;; + &;¢

where Investments; . denotes to the measures of herding, risk, trading activity, and style extremity of

fund i in time t. Other fund specific variables are already explained.

Table 4.12, Column (1) shows the findings of the impact of herding on the correlation of fund
returns. Columns (2) to (4) are the results of the associations between funds’ correlation and risk, the
turnover ratio, and the investment extremity style. All the findings, except the measure of
overconfidence, are consistent with our main results. Hence, we conclude that unobserved manager, or

fund related, traits do not affect the findings of this study.



Table 4.11. Female Proportion and Fund Correlation

This table presents the findings of regression of fund returns correlation on female proportion, including team size, manager
level, and time lagged fund level controls. The dependent variable is DCC, which is the dynamic conditional correlation of
fund returns measured by using the model of Engle (2002). The independent variable is Female which is the number of female
fund managers divided by the total number of managers managing the fund at time t. In Column (1), we control for fund level
characteristics which are one month lagged, and manager level characteristics. Age is the average age of all managers
managing a fund in time t, Grad is a dummy variable and equal to 1 if the fund has a manager with graduate degree, and 0
otherwise, PhD is a dummy variable and equal to 1 if the fund has a manager with Ph.D. degree, and O otherwise, Cert is a
dummy variable and equal to 1 if the fund has a manager with professional certification, and O otherwise, Tenure is the
average tenure of all the managers in a fund in time t. In Column (2), we control for one month lagged fund level variables,
and Team_Size which is equal to the total number of managers in fund management team in time t. We winsorize the fund
level control variables at 1% and 99%. We include fixed effect at time and segment level. The t-statistics based on clustered
standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.
See Table C1 in the appendix for the explanation of the variables.

DCCiy = a+ B,Female;, + B, Age;; + P3 Grad;; + B PhD;, + Bs Cert;, + B¢ Tenure;, + f; Size;,_4
+ Bg Expi¢—1 + Bo Flow;_ + B1o Team_Size;, + &,

Fund Time-varying Conditional Correlation

€ )

Female 0.0076*** 0.0056***

(4.26) (3.70)
Age 0.0001

(1.24) )
Grad 0.0065***

(2.94) )
PhD 0.0040***

(3.06) )
Cert -0.0033**

(-2.12) )
Tenure -0.0005***

(-3.50) )
Size_lag 0.0004 -0.0003

(0.45) (-0.36)
Exp_lag -0.0133*** -0.0129***

(-6.34) (-6.86)
Flow_lag -0.0222 -0.0258*

(-1.56) (-1.85)
Team_Size 0.0008***

) (6.31)

Year-fixed Effect YES YES
Segment-fixed Effect YES YES
No. of Obs. 129,269 163,290

Adj. R-squared 0.9747 0.9729




Table 4.12. Investment Behaviors and Fund Correlation

This table presents the findings of regression of fund returns correlation on herding, risk level, trading activity, and style
extremity of fund, including team size and time lagged fund level controls. The dependent variable is DCC, which is the
dynamic conditional correlation of fund returns measured by using the model of Engle (2002). In Column (1), the independent
variable is fund herding, which is measured as Sector Concentration Deviation, SecDev, explained in Equation (6). In Column
(2), the independent variable is fund’s risk level, which is measured as total risk, Risk, using Equation (1). In Column (3), the
independent variable is fund’s trading activity, which is measured by turnover ratio, TOratio. In Column (4), the independent
variable is fund’s aggregated style extremity, which is measured in Equation (12). The control variable Team_Size is equal to
the total number of managers in fund management team in time t. We winsorize the fund level control variables at 1% and
99%. We include fixed effect at time and segment level. The t-statistics based on clustered standard errors for time and fund
are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix for
the explanation of the variables.

DCC;y = a+ piInvestments;, + B, Size;,_y + B3 Expie_q + By Flow;,_y + Bs Team_Size;; + &,

Fund Time-varying Conditional Correlation

D &) 3 4
SecDev -0.0007***
(-4.65) ) ) )
Risk -0.0271***
) (-5.79) ) )
TOratio -0.0011
) ) (-1.17) )
AggSE -0.0138%**
) ) ) (-6.42)
Size_lag -0.0004 -0.0001 -0.0005 -0.0009
(-0.46) (-0.01) (-0.62) (-1.19)
Exp_lag -0.0126*** -0.0103*** -0.0126*** -0.0123***
(-6.90) (-5.40) (-6.59) (-6.89)
Flow_lag -0.0247* -0.0283** -0.0266* -0.0247*
(-1.78) (-1.99) (-1.89) (-1.73)
Team_Size 0.0008*** 0.0008*** 0.0009*** 0.0008***
(6.36) (5.10) (6.29) (5.87)
Year-fixed Effect YES YES YES YES
Segment-fixed Effect YES YES YES YES
No. of Obs. 163,290 163,185 159,716 163,176

Adj. R-squared 0.9729 0.9730 0.9729 0.9729




4.5.3 Effect of Fund Size

For the purpose of analyzing the possible impact of fund size on the association between female
proportion and the correlation of fund returns with the benchmark, we categorize the sample funds
according to their fund size. The quantiles are as follows: below 33.33%, between 33.33% and 66.66%,
and above 66.66%. We classify funds into small, medium, and large sized groups. We use the model in
Equation (4), with DCC; ; as the dependent variable. Table 4.13 shows the findings of the regression for
the three categories of fund size. The results support our main conjecture that funds managed by a high
proportion of female managers have a higher correlation with the benchmark. The coefficients of female
proportion are positive and significant in small, medium, and large sized funds. Moreover, we observe
a persistent increase in the coefficient of female proportion, which indicates that the relationship among

the main variables becomes stronger as fund size increases.

One of the possible explanations of this result is the fact that large funds tend to appoint more
female managers. As described by Niessen and Ruenzi (2006), mainly large funds and well-established
families employ female managers because they have reputational concerns, and they are more likely to
be sued in anti-discrimination lawsuits. Moreover, large funds have big institutional investors who often
appreciate work force diversity in the firms they do business with. Hence, large sized funds have more

female managers; hence, these funds’ returns correlate more with the benchmark.



Table 4.13. Effect of Fund Size on Female Proportion and Fund Correlation

This table presents the findings of regression of fund returns correlation on female proportion under three quantiles of fund
size, including fund level controls. The dependent variable is DCC, which is the dynamic conditional correlation of fund returns
measured by using the model of Engle (2002). The independent variable is Female which is the number of female fund
managers divided by the total number of managers managing the fund at time t. Q1 consists of funds with fund size below
33.33%, Q2 includes funds with fund size between 33.33% - 66.66%, Q3 is based on funds with fund size above 66.66%. We
winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered standard errors for time and fund
are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix for
the explanation of the variables.

Fund Time-varying Conditional Correlation

Q1 Q2 03
Female 0.2408* 0.2839** 0.3028**
(1.79) (2.31) (2.23)
Size 0.1526* -0.0805* -0.1532%%*
(1.83) (-1.70) (-3.49)
Exp -0.5169%** -0.8587%** -0.9265%**
(-7.24) (-9.19) (-9.22)
Flow -0.3918** -1.0974%%* -1.2341%%*
(-2.28) (-5.51) (-4.34)
Constant 1.7466%% 4,0990%** 4.8458%**
(2.64) (9.24) (10.70)
No. of Obs. 43,164 57,706 63,195
Adj. R-squared 0.1389 0.1439 0.1391

4.6 Conclusion

This study provides empirical evidence that female fund managers influence fund investing strategy.
Although less than 10% of all mutual fund managers are women and the majority of them work in
mixed gender teams, their collective self-construal plays an important role in the investment decisions.
The findings report that funds with a higher proportion of female managers in the team closely track
the benchmark. Hence, female fund managers follow less active investing strategies compared to their
male counterparts. We apply the Sharpe optimization model of performance in the mean-variance
spanning test. The results demonstrate that a marginal change in the risk-to-reward measure
(diversification benefits) decreases with funds that are managed by more female than male managers.
Hence, the collective self-construal of female managers possibly explains the reduction in funds’

activity, making them less attractive to investors.



To support the main findings, we analyze the impact of various investment behaviors of the
gender of mutual fund managers on funds’ activity. Consistent with the collectivism argument, the
results show that female fund managers herd more by concentrating investments in the most popular
sectors. The funds which herd more have returns that closely track the returns of the multifactor
benchmark. Consistent with the literature, we find that female fund managers are more risk averse and
less overconfident than male managers. Risky investments increase the activity of funds because they
generate higher returns and are likely to beat the benchmark. Therefore, less risk-taking behavior and
less aggressive trading potentially explain a higher R%. We also find that a less extreme investment style
tends to significantly decrease fund activity. The results are robust to various additional tests. We
suggest a future research to investigate the impact of the collective self-construal of female directors

and executives on corporate decisions.



CHAPTER 5
CONCLUSION

This chapter concludes the thesis by providing a summary of the main results of the three essays in

Section 5.1. Section 5.2 documents potential directions for future research.



5.1 Major Findings and Conclusion

Women are underrepresented at leadership positions and the gender gap persists globally. The existing
literature regarding the advantages of female inclusion in investment decisions suggests that higher
gender diversity is associated with positive outcomes for employers. However, several studies have
documented no significant difference in the decision making or skills of male and female professional
investors. Moreover, the literature on gender provides empirical evidence that gender stereotype market
participants undermine the performance of professional females and encourage gender bias in
investment industry. The gender gap exists in top positions and efforts are required to address this issue.
This thesis explores investment behaviors of females who have reached to the top positions of
investment industry or at the executive positions of corporations and possess strength in decision
making. The three studies in the thesis examine whether females’ investment preferences and trading
behaviors are different from those of their male counterparts, and also examine the role of various

factors that possibly contribute to the disparities between male and female investment decisions.

In the first essay, we observe that only 5.71% of top executives in our sample are female.
Moreover, this percentage decreases further when we observe that female top executives are involved
in only 2.56% of the insider trades. Using a sample of U.S. top executives’ insider trades, the findings
show that female insiders carry biased trades based on prospect theory value and earn losses higher than
their male counterparts. On average, the number of insider transactions, past 12-months’ cumulative
returns, share turnover, the number of shares traded, and the dollar-value of male trades are greater than
for female trades. We document that insiders earn lower returns in the subsequent month when they buy
(sell) stock with a prospect theory value higher (lower) than other firms. This finding is consistent with

the literature that trades based on prospect theory value negatively impact subsequent returns.

We follow the literature that limited information contributes to higher behavioral biases, and
that due to male dominance female insiders may have access to limited information, as compared to
their male counterparts. Our results demonstrate that information disadvantage to female executives

might be the possible explanation of their higher biased trades and resultant losses. The availability of



information within an executive category is expected to be equal for all executives, irrespective of their
gender. However, we find that higher biased trade losses exist for female insiders with similar formal
titles to their male counterparts. In a given trade size, where all inside traders are expected to be equally
informed, we find higher losses for females from prospect theory value trades, compared to males. Our
findings are consistent in the settings of routine and opportunistic/non-classified trades, and macro-
level market uncertainty factors; where the level of information is believed to be the same for all

insiders.

If female insiders’ access to poor quality information is a possible explanation of their higher
biased trades, then we may observe a decrease in their losses for the trades based on superior
information. We consider firms with a high proportion of female insider transactions. This serves as a
proxy for a high proportion of female insiders, who would reduce the impact of situational factors that
may lead to an informational disadvantage. In such a setting, the association between female insiders
and biased trade losses is insignificant, demonstrating that informal networks may give an informational
advantage to male insiders. Moreover, insiders’ buy transactions are based on superior internal
information, and market participants are likely to mimic these trades. The results show that losses from

prospect theory value bias trades are reduced for female insiders when they carry buy trades.

The second essay uses a sample of single male and female managed active equity funds. We
observe that the proportion of single female managed funds decreases over our sample period from the
maximum of 11.15% in 2001 to the minimum of 7.68% in 2012. The total number of domestic actively
managed equity funds in our sample is 1,932. We observe that 113 (5.85%) are female-only managed
funds and 1,658 (85.82%) are male-only managed funds. Considering the importance of liquidity, essay
two explores the liquidity preference of fund managers based on their gender. The results demonstrate
that the preference of female fund managers for holding liquid portfolios is significantly higher than for
male managers. On average, female managed funds are smaller in size, earn lower returns, receive lesser

flow, and the portfolios consist of a smaller number of stocks compared to male managed funds.



The factor which potentially explains the preference of female fund managers to hold more
liquid stocks is their endorsement of information transparency. We provide empirical evidence that
female fund managers are attracted to stocks whose prices incorporate the available information
efficiently. Their tendency to invest in price efficient stocks may serve as a channel to higher portfolio
liquidity. Additionally, to deal with endogeneity concerns, we apply propensity score matching,
difference-in-differences, and instrumental variable approaches on the whole sample, as well as on a
sub-sample of transition funds. All the results support our hypothesis that a preference for portfolio
liquidity is higher among female than male fund managers, and it is evident that portfolio liquidity
significantly improves after a transition from a male to a female fund manager. The study highlights the
concerns regarding negatively affected fund performance due to the potential tradeoff between liquidity

and returns. However, further detailed analysis is required to reach any conclusions in this regard.

Essay three reports that the ratio of female to male managers has decreased over time from
11.27% in 2004 to 9.51% in 2014. Teams of mixed gender manage 19.6% of the funds in our sample.
We report that less than 10% of all mutual fund managers are women and the majority of them prefer
to work in mixed gender teams. Our study explores whether investment style of these few female fund
managers, either in management teams or single managed funds, influences their fund’s strategy and
subsequent returns, or they follow the fund management style of their male counterparts. We use the
measure of fund activeness, i.e., R?, presented by Amihud and Goyenko (2013), which is the deviation
of fund returns from index returns. The regression results provide evidence that fund returns track
benchmark returns closely with a higher fraction of female managers in the fund management team.
The results signal that female fund managers design fund investment strategies and portfolio
composition in accordance with the benchmark index. Moreover, the study argues that the
interdependent construct of female managers reduces the economic benefits of diversification of the

funds.

Consistent with the hypothesis of the collective self-construal of women, the results

demonstrate that female fund managers herd more by concentrating investments in the most popular



sectors. A portion of their herding behavior can be explained by reputational concerns as they face strict
scrutiny from market participants. However, we do not empirically explore the reputational aspects of
herding. Furthermore, we analyze the investment behaviors of females, given in the literature, to test
their impact on the less active investments of female managers. The findings are consistent with the
literature that females are more risk averse and less overconfident than their male counterparts.

Subsequently, these behaviors explain the close movement of fund returns with the benchmark returns.

Combining the findings of all three studies, we conclude that female professionals in top
positions exhibit investment behaviors and make decisions that are significantly different from that of
their male counterparts. We report that gender differences in investment decisions exist, either when
females perform their services in a mixed gender team, or they are the sole decision makers. In this
thesis, we have also examined the likely channels that may explain why females behave differently.
Making insider trading decisions induced by prospect theory value, managing a portfolio of liquid
stocks that are price efficient, and managing funds less actively by following the market benchmark
closely provide strong signals that females tend to exhibit safe and careful investment behavior

compared to male professionals.

The findings of this thesis have implications for investors, corporations, market participants,
and policy makers. The literature suggests that traders and market participants receive signals from
insider trades. Insider purchases indicate good news about firm fundamentals, and investors are highly
likely to follow them for their trading decisions. Based on our findings, female insider trades may not
always convey information, and likely to be based on heuristics. Therefore, market participants need to
be cautious about the gender of executives who make insider trades in different timings. Although,
female managed funds are less risky and satisfy liquidity needs of investors, especially during an event
of crisis; they receive lower inflow as compared to male managed funds. It is not surprising if male fund
managers attract fund flows by holding less-liquid stocks and reporting higher fund return performance.

Therefore, fund investors and management companies should scrutinize the performance of male



managed funds by analyzing the riskiness and percentage of asset allocation to illiquid stocks in their

portfolio holdings.

Our findings report a decrease in the number of single managed funds, whereas, most of the
female managers are managing funds in gender diverse teams. Hence, companies must put in all
possible efforts to narrow gender gap in investment industry, e.g., raising awareness of gender
stereotypes, providing an equal opportunity to join informational networks, and eliminating
discrepancies in compensations and promotion systems to counter the prejudices that female
professionals face. As women reach the higher decision-making position, they become increasingly
scarce, making them more visible and subject to greater scrutiny (Ely, Ibarra, & Kolb, 2011). As a
result, they may refrain from making bold decisions and outperform the benchmark in fund industry.
Companies must provide the necessary resources, support, and mentoring to address these concerns.
The pessimistic attitude of market participants towards women prevents them from taking powerful
positions. Hence, policymakers must design career planning programs and implement practices which
reduce any misperception of women’s lower abilities and skills. Improved gender diversity and
inclusion of more educated and skilled females in investment industry may contribute to achieving

several macroeconomic goals through capitalizing on behavioral differences among the genders.

5.2 Future Research

We have conducted three research studies in detail. Specific time frame for completion of the degree
and unavailability of some of the databases have placed limitations to our research work. Moreover,
unobserved variables, and other possible channels contributing to our results are considered as
limitation of this thesis. Consequently, there are some areas that could be addressed in possible future
research. Our sample for the first study considers insider trading by only the A category of top
executives of the U.S. firms. In future, inclusion of a wide range of executive classes will provide more
insight into the risk preferences of insiders. Comparing information content of male and female insider

trades is an important topic for study. Furthermore, other measures of bias e.g., disposition effect or



anchoring bias, can be examined to document the tendency of biased trading among male and female

insiders.

Focusing on the findings of our second study, analyzing the pros and cons of higher liquidity
preferences of female fund managers in volatile market situations will be an interesting topic for study.
Moreover, trading motivations of female fund managers can also be compared with those of male
managers by examining their buying and selling patterns of liquid stocks. Additionally, there are many
variations of asset allocations other than just equity funds; hence, it would be of interest to test the

liquidity preferences of female fund managers in other fund categories.

In the third study, we use the activity measure of R? to examine the degree of active investing
strategy of female fund managers. It will be more insightful to use a fund’s holding-based measure, e.g.,
Active Share, to test whether fund stockholdings closely track benchmark holdings if there is a high
proportion of female managers in the team. In our sample, most of the funds are team managed and the
data does not provide information about the decision-making powers of each team member, or fund
companies’ policies in this regard. If such information can be accessed in future, it would provide
thought-provoking results regarding the impact of male and female decisions in a team. In our sample,
there are few single male and single female managed equity funds. In future, analyzing the degree of
active investment of single managed funds will be more useful in commenting on females’ investment
style. Our study does not comment on the performance of less actively managed funds, hence, analyzing

this relationship will be a useful topic to study.
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APPENDIX A. CHAPTER 2

The equations below follow Tversky and Kahneman (1992) who develop cumulative prospect theory

to assign value to gains and losses by aggregating the product of value and probability weighting

functions. Following Barberis, Mukherjee, and Wang (2016):

n

Value = Z m; v(x;)

i=—m

where v (.) is value function:
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To obtain the probability weight for a loss (Retex;<0), Barberis, Mukherjee, and Wang (2016)

take the total probabilities of all losses equal to or worse than Retex;, and the total probability of all

losses strictly worse than Retex;. They then apply a weighting function to each of the sum of these

probabilities, i.e., w~(.), and take the difference (Eq. A3). For a gain (Retex;>0), take total probabilities

of all gains equal to or greater than Retex;, and the total probability of all gains strictly greater than

Retex;. Then apply a weighting function to each of the sum of these probabilities, i.e. w* (), and take

the difference (Eq. A3). The w*(.) and w(.) are explained as below:
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To measure PTV, probability weighting function of each outcome is as below:
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Equation (1) is measured as follows:
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Figure Al: Trend of Average Biased Trades and Average Female Insider Trades Over Time

This figure shows a pattern of average prospect theory value biased trades and insider trades by female executives in our
sample from year 2002 to the end of 2016. Avg_Biased_Trades and Avg_Female_Trades are cross-section averages of biased

and female insider trades, respectively, over time.
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Table Al: Description of Variables

This table defines all the main variables of this study.

Variables Description

Biased_Trade_Loss Measure of loss from  prospect theory value biased trades. Equal to

|Retex,,, | if either of the two conditions mentioned in Equation (4) is met at time t, and O

otherwise.
PTV Measure of prospect theory value. Equal to insider stock’s PTV, described in Equation (1).
Retex;,q Measure of monthly return in excess to market return at time t+1.
Female Measure of trade by female insider. Equal to 1 if insider trading is carried by female at time t, and
0 otherwise.
Retex_m Past month return — Monthly return in excess to market return at time t-1.
Retex_y Past year return — Cumulative past monthly returns in excess to market returns from t-12, t-2. We

take log of compounded monthly excess returns and aggregate from t-12, t-2.

Size Log of monthly market capitalization at time t-1.

Turnover Monthly volume turnover at time t-1. Equal to number of shares traded divided by number of shares
outstanding.

Book_Mkt Book to Market ratio at time t-1. Equal to (total assets - total liabilities) divided by (closing price
x number of shares outstanding). Book to Market ratio for June of year t is the book equity for the
last fiscal year end in t-1 divided by market equity for December of t-1.

Age_insider Insider’s age at the time of transaction.

PhD Equals 1 if insider has doctoral degree, and 0 otherwise.
Grad Equals 1 if insider has graduate degree, and O otherwise.
MBA Equals 1 if insider has MBA degree, and 0 otherwise.
UnderGrad Equals 1 if insider has undergraduate degree, and O otherwise.

Note: For linear regression, the variables are measured for the calendar month when insider transaction takes place.



Table A2: Comparison of Biased Insider Trades by Executive Gender

This table shows the total number of trades by male and female insiders, and the proportion of prospect theory value biased
trades by male and female insiders from January 2003 — December 2016.

Proportion Proportion of

Year No. of No. of No. of Biased  No. of Biased of Biased Biased
Trades_Male  Trades_Female Trades Male Trades_Female Trades_Male Trades_Female
(%) (%)
2003 7,794 291 1,618 47 20.76 16.15
2004 18,796 570 4,383 185 23.32 32.46
2005 25,240 637 3,520 109 13.95 17.11
2006 25,049 490 2,767 36 11.05 7.35
2007 42,128 730 6,036 253 14.33 34.66
2008 33,165 718 2,590 76 7.81 10.58
2009 12,864 394 1,887 134 14.67 34.01
2010 13,105 345 1,457 76 11.12 22.03
2011 9,066 499 1,587 100 17.51 20.04
2012 8,523 218 1,088 43 12.76 19.72
2013 6,396 257 1,130 33 17.67 12.84
2014 6,527 203 1,058 26 16.21 12.81
2015 5,588 282 707 20 12.65 7.09

2016 3,716 104 368 11 9.90 10.58




APPENDIX B. CHAPTER 3

Table B1: Description of Variables

This table defines all the main variables of this study.

Variables

Description

Port_Liq_PST

Port_Liq_Amhd

Port_Liq_Sprd

Female

Ret

Size

Exp

TOratio

Flow

Fund_Age

Undergrad

Grad

PhD

MBA

Cert

Mgr_Age

Measure of monthly portfolio liquidity introduced by Pastor, Stambaugh, and Taylor (2020) and
described in Equation (1).

Measure of monthly portfolio liquidity which is the value weighted average of Amihud liquidity of
all the stocks held by a fund at time t. The illiquidity measure of Amihud (2002) is the daily ratio of
absolute stock return to dollar volume of the stock, described in Equation (2).

Measure of monthly portfolio liquidity which is the value weighted average of Bid_Ask Spread of all
the stocks held by a fund at time t. This illiquidity measure is the daily quoted bid-ask spread of a
stock divided by its midpoint, described in Equation (3).

Dummy variable equals to 1 if fund is single female managed at time t, and O if it is single male
managed.

Measure of monthly fund return. Equal to the value weighted average of returns of all the share classes
of a fund at time t.

Measure of monthly fund size. Equal to the natural log of total net assets of all the share classes of a
fund in million dollars at time t.

Measure of monthly fund expense ratio. Equal to the value weighted average of net expense ratio of
all the share classes of a fund at time t.

Measure of monthly fund turnover ratio. Equal to the minimum of the fund’s dollar buys and sells
during the fiscal year, scaled by the fund’s average total net assets. The annual measure is divided by
12 to converted to monthly frequency.

Measure of monthly fund flow. Equal to the net growth in total net assets of a fund, as a percentage
of its total net assets adjusted for returns at time t, described in Equation (4).

Measure of monthly fund age. Equal to the natural log of the difference between fund’s inception
date and the date at time t.

Dummy variable. Equal to 1 if the undergraduate degree is the highest that a fund manager has earned,
and 0 otherwise.

Dummy variable. Equal to 1 if the graduate degree is the highest that a fund manager has earned, and
0 otherwise.

Dummy variable. Equal to 1 if the PhD degree is the highest that a fund manager has earned, and 0
otherwise.

Dummy variable. Equal to 1 if a fund manager has obtained a Master of Business Administration
degree, and 0 otherwise.

Dummy variable. Equal to 1 if a fund manager has obtained a professional qualification (e.g. CFA or
CPA), and 0 otherwise.

Measure of monthly fund manager’s age. Equal to the natural log of the difference between

completion date of manager’s undergraduate degree and the date at time t.




Table B2: Distribution of Single Managed Funds by Gender

This table shows the total number of single male and female managed funds and the proportion of female managed funds in
percentage from January 2000 — December 2017.

Proportion of Female

Year Total Funds No. of Male Funds No. of Female Funds Funds (%)
2000 802 714 88 10.97
2001 933 829 104 11.15
2002 971 870 101 10.40
2003 985 883 102 10.36
2004 934 835 99 10.60
2005 908 814 94 10.35
2006 797 716 81 10.16
2007 778 711 67 8.61
2008 840 764 76 9.05
2009 773 706 67 8.67
2010 664 605 59 8.89
2011 601 545 56 9.32
2012 534 493 41 7.68
2013 509 467 42 8.25
2014 491 445 46 9.37
2015 463 427 36 7.78
2016 431 393 38 8.82

2017 396 361 35 8.84




Table B3: Detailed Summary Statistics by Manager Gender

This table provides descriptive statistics of fund and manager characteristics by grouping them based on the gender of mutual

fund managers.

Gender  Variable Obs. Mean Median Std. Dev. P1 P99
Male Port_Lig_PST 112,982 0.0378 0.0174 0.0575 0.0003 0.2706
Male Port_Lig_Amhd 112,982 -0.0110 -0.0005 0.0392 -0.2667 -0.00003
Male Port_Lig_Sprd 112,982 -24.5800 -9.6100 36.3700 -178.9200 -1.8700
Male Ret 112,982 0.0045 0.0093 0.0543 -0.1589 0.1310
Male TNA (mil $) 112,982 1447.3415 188.5000 5172.5695 2.2000 23007.0000
Male Exp 104,354 0.0011 0.0010 0.0005 0.0002 0.0027
Male TOratio 103,456 0.0762 0.0517 0.0951 0.0025 0.4183
Male Flow 112,982 0.7272 -0.0039 52.1456 -0.4217 1.4991
Male Fund_Age 112,982 14.5159 11 13.6379 1 73
Male N_Stocks 112,982 114.8560 69 236.7667 18 1255
Male Undergrad 112,982 0.8301 1 0.3755 0 1
Male Grad 112,982 0.1411 0 0.3481 0 1
Male PhD 112,982 0.0276 0 0.1638 0 1
Male MBA 112,982 0.5749 1 0.4944 0 1
Male Cert 112,982 0.5747 1 0.4944 0 1
Male Mgr_Age 54,308 47.8470 46 10.1299 29 73
Female  Port_Ligq_PST 11,381 0.0407 0.0173 0.0538 0.0010 0.2751
Female  Port_Lig_Amhd 11,381 -0.0046 -0.0005 0.0179 -0.0875 -0.00004
Female  Port_Liq_Sprd 11,381 -24.5600 -10.1400 33.9100 -166.6200 -1.9100
Female Ret 11,381 0.0032 0.0085 0.0537 -0.1597 0.1262
Female  TNA (mil $) 11,381 678.214 177.000 1673.642 2.200 8746.500
Female Exp 10,482 0.0012 0.0011 0.0007 0.0004 0.0023
Female  TOratio 10,399 0.0774 0.0600 0.0629 0.0033 0.3108
Female  Flow 11,381 0.2751 -0.0051 10.0860 -0.4320 1.8819
Female  Fund_Age 11,381 14.6777 11 13.4503 1 68
Female  N_Stocks 11,381 86.9736 73 63.4785 23 294
Female  Undergrad 11,381 0.8597 1 0.3473 0 1
Female  Grad 11,381 0.1315 0 0.3380 0 1
Female  PhD 11,381 0.0066 0 0.0809 0 0
Female  MBA 11,381 0.5589 1 0.4965 0 1
Female  Cert 11,381 0.6409 1 0.4798 0 1
Female  Mgr_Age 5,744 47.4425 46 9.3257 30 68




Table B4: Fund Manager Gender and Preference for Portfolio Liquidity

(Manager age as control variable)

This table presents the findings of the regression of portfolio liquidity on the gender of single managed funds, including the
control variable of Mgr_Age. The baseline regression model is given in Equation (5). The dependent variable is portfolio
liquidity, Port_Liq. The independent variable is Female which is equal to 1 if fund is single female managed at time t, and 0
if it is single male managed. Port_Liq_Sprd and Flow are measured in basis points. The results are presented with fund and
year fixed effects. The t-statistics based on White robust standard errors are reported in parentheses. ***, ** and * denote
99%, 95%, and 90% significance levels. See Table B1 in the appendix for the explanation of the fund and manager level
control variables.

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
All controls I::/Ioanntz:g:;r All controls '::/loannt?gg All controls '::Aoir][?gles '
(1) (2 (3) 4) (5) (6)
Female 0.0050%%*  0.0047% 0.0023%** 0.0010* 237745 1.1760
(3.89) 3.71) (3.79) (1.69) (3.00) (155)
Ret -0.0057%+* - 0.0038 - 12.0000%+* -
(-3.05) (L42) (5.09)
Size 0.0067%** - 0.0076%** - 55560+ -
(28.48) (22.02) (23.15)
Exp 12,6334 - 0.3978 - 370.7000 -
(-4.12) (0.40) (0.48)
TOratio -0.0093%+* - 0.0260%** - 11.3000%+* -
(-4.70) (9.48) (6.27)
Flow 0.0129 - 0.0025 - -0.0006 -
(0.38) (0.58) (-0.63)
Fund_Age  0.0054%%* - -0.0051%%* - -8.1463%+* -
(5.61) (-6.19) (-10.32)
Undergrad  0.0140%**  0.0139%** 0.0004 0.0047%%* 0.7830 4.4713%
(5.00) (5.08) (0.36) (5.07) (0.35) (2.03)
Grad 0.0043* 0.0035 0.0000 0.0031%%* 1.6267 3.8876*
(1.68) (L41) (0.05) (4.15) (0.78) (L91)
PhD 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
MBA 00023 -0.0032%%* 0.0017%%*  -0.0016%* -0.8741 -0.8674
(-2.55) (-351) (-2.58) (-2.35) (-1.19) (-1.21)
Cert 0.0109%%*  0.0101%** 0.0004 0.0015%** -0.4664 0.1629
(9.58) (8.97) (0.92) (3.28) (-0.75) (0.27)
Mgr Age  0.0170%%  0.0227%% 0.0010 0.0053%** 0.9949 3.6087*
(7.51) (10.18) (0.70) 3.71) (0.52) (1.95)
\E(sfae::tf ixed YES YES YES YES YES YES
E‘fjpe‘i'tﬁxe‘j YES YES YES YES YES YES
No.ofObs. 55,253 60,052 55,253 60,052 55,253 60,052
Adj. R- 0.8421 0.8359 0.6174 0.6040 0.7201 0.7175

squared




Table B5: Fund Manager Gender and Preference for Portfolio Liquidity

(Stock characteristics as control variables)

This table presents the findings of the regression of portfolio liquidity on the gender of single managed funds, including stock
level characteristics along-with the fund and manager level controls. The baseline regression model is given in Equation (5).
The dependent variable is portfolio liquidity, Port_Lig. The independent variable is Female which is equal to 1 if fund is
single female managed at time t, and O if it is single male managed. Port_Liq_PST_lag is a proxy of portfolio liquidity
introduced by Pastor, Stambaugh, and Taylor (2020) and measured at time t-1. Port_Liq_Amhd_lag is a measure of portfolio
liquidity which is the value weighted average of Amihud liquidity of all the stocks held by a fund at time t-1.
Port_Lig_Sprd_lag is a measure of portfolio liquidity which is the value weighted average of Bid_Ask Spread of all the stocks
held by a fund at time t-1. Port_VIty is the value weighted average of the monthly percentile rank of volatility of all the stocks
held by a fund at time t, where volatility is the standard deviation of daily stock returns. Port_Div is the value weighted average
of the monthly percentile rank of dividend yield of all the stocks held by a fund at time t. Port_Size is the value weighted
average of the monthly percentile rank of size of all the stocks held by a fund at time t, where size is the natural log of stock’s
market capitalization. Port_Cumret is the value weighted average of the monthly percentile rank of cumulative return of all
the stocks held by a fund at time t, where cumulative return is measured for t-12, t-1. Port_Lig_Sprd and Flow are measured
in basis points. The results are presented with fund and year fixed effects. The t-statistics based on White robust standard errors
are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for
the explanation of the fund and manager level control variables.

Port_Liq_PST Port_Lig_Amhd Port_Lig_Sprd
1) (2 3)
Female 0.0008*** 0.0005* 0.5336*
(3.36) (1.94) (1.89)
Ret 0.0015*** 0.0143*** 18.5000***
(3.31) (11.05) (23.27)
Size 0.0002*** 0.0012*** 0.9083***
(5.62) (10.32) (11.41)
Exp 0.0701 1.1346*** -223.3000
(0.58) (2.70) (-0.78)
TOratio -0.0014*** 0.0035** 0.7854
(-2.70) (2.19) (0.96)
Flow 0.0125 -0.0006 -0.0005
(0.88) (-0.42) (-1.49)
Fund_Age 0.0002 -0.0000 -0.8142%**
(1.52) (-0.04) (-2.61)
Undergrad -0.0005 0.0011 -2.0490
(-0.63) (1.48) (-0.82)
Grad -0.0006 0.0012* -1.8385
(-0.71) (1.68) (-0.73)
PhD -0.0011 0.0028*** -3.4094
(-1.29) (3.19) (-1.33)
MBA 0.0001 -0.0003 -0.0695
(0.90) (-1.33) (-0.37)
Cert 0.0001 0.0005*** -0.0225
(0.44) (2.65) (-0.10)
Port_Liqg_PST lag 0.9265*** - -
(120.71)
Port_Lig_Amhd_lag - 0.6199*** -

(60.61)



Table B5: (continued)

Port_Lig_PST Port_Lig_Amhd Port_Lig_Sprd
1) ) @)
Port_Liq_Sprd_lag - - 7589.8000***
(107.61)
Port_VIty -0.0009** 0.0100*** -6.6277***
(-1.99) (8.55) (-9.14)
Port_Div -0.0034*** -0.0050*** 0.9423
(-7.84) (-5.85) (1.37)
Port_Size 0.0191*** 0.0586*** 14.6000***
(6.88) (13.86) (9.15)
Port_Cumret -0.0009*** -0.0011 -1.5257**
(-2.91) (-1.39) (-2.44)
Year-fixed Effect YES YES YES
Fund-fixed Effect YES YES YES
No. of Obs. 112,184 112,184 112,184
Adj. R-squared 0.9826 0.7757 0.8933




Table B6: Female Fund Manager and Portfolio Risk and Return

Table B6, Columns (1) and (2) report the findings of the regression of portfolio risk on the single female managed funds. The
dependent variable is monthly portfolio risk, Port_Risk, which is the value weighted average of monthly volatility of all the
stocks held by a fund at time t. Columns (3) and (4) present the findings of the regression of fund return on the single female
managed funds. The dependent variable is monthly fund return, Fund_Ret. The independent variable is Female which is
equal to 1 if fund is single female managed at time t, and O if it is single male managed. Flow is measured in basis points. The
results are presented with fund and year fixed effects. The t-statistics based on White robust standard errors are reported in
parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table B1 in the appendix for the explanation
of all the variables.

Port_Risk;, = a + B, Female;; +y Controls;, + &,

Fund Ret;; = a + B, Female;, +y Controls;; + &

Port_Risk Fund_Ret
All controls with All controls without All controls with All controls without
manager age manager age manager age manager age
(©)] 2 3 4
Female -0.0005** -0.0003* -0.0012 -0.0011
(-1.99) (-1.94) (-0.66) (-1.00)
Ret -0.0302*** -0.0324*** - -
(-31.05) (-46.38)
Size -0.0005*** -0.0002*** 0.0023*** 0.0015***
(-7.70) (-5.12) (4.84) (5.17)
Exp -1.1324%** -0.7550*** 3.1664 3.5626***
(-4.76) (-5.06) (1.46) (2.60)
TOratio 0.0029*** 0.0038*** 0.0066 0.0009
(2.81) (6.06) (1.30) (0.25)
Flow 0.0019 0.0036 -0.0169 -0.0200
(0.58) (1.34) (-0.54) (-0.81)
Fund_Age -0.0009*** -0.0009*** -0.0044*** -0.0039***
(-4.39) (-6.25) (-2.64) (-3.62)
Undergrad 0.0007 -0.0022 -0.0046 0.0120
(1.44) (-1.36) (-1.10) (0.84)
Grad 0.0021*** -0.0014 -0.0062 0.0100
(4.47) (-0.87) (-1.60) (0.70)
PhD 0.0000 -0.0025 0.0000 0.0140
- (-1.55) - (0.97)
MBA 0.0005*** 0.0001 -0.0006 0.0005
(2.62) (0.62) (-0.37) (0.69)
Cert -0.0001 -0.0000 -0.0019 -0.0003
(-0.58) (-0.17) (-1.16) (-0.38)
Mgr_Age 0.0023*** - -0.0108*** -
(4.34) (-2.56)
Year-fixed Effect YES YES YES YES
E‘fjpe‘i'tﬁxe‘j YES YES YES YES
No. of Obs. 55,253 113,855 55,253 113,855

Adj. R-squared 0.6446 0.6350 0.0917 0.0939




Table B7: Lipper Class or Lipper Objectives

)
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CODE

OBJECTIVE CLASS NAME

DESCRIFTION

A

Corporate Debt Funds A Rated

Funds invest primarily in corperate debt issues rated A or better or government issues.

ABR

Absolute-Return Funds

Funds that aim for posifive returns in all market cenditions. The funds are not benchmarked against a
traditicnal long-only market index but rather have the aim of outperforming a cash or nsk-free benchmark.

ACF

Alternative Credit Focus Funds

Funds that, by prospectus language, invest in a wide-range of credit-structured vehidles by using either
fundamental credit research analysis or quantitzlive credit portfolio modeling trying to benefit from any
changes in credit quality, credit spreads, and market liquidity.

AED

Alternative Event Driven Funds

Funds that, by prospecius language, se=k to explei pricing inefiidencies that may ccour befiore or fier
a corporate event, such s a banknuptcy, merger, acquisition, or spineff. Ewent Driven funds can invest in
equities, fixed income instruments (inwestment grade, high yield, bank debt, converlible debt and distressed),
options and other derivatives.

AGM

Alternative Global Macro Funds

Funds that, by prospecius language, invest around the wordd using economic theory 1o jusiify the dedision-
making process. The straleqy is typically based on forecasts and analysis about inferest rate trends, the
general flowr of funds, poliical changes, government policees, intergovemmental relations, and other broad
systemnic factors. These funds generally trade a wide range of markets and geographic regions, employing a
broad range of trading ideas and instruments.

AL

Alabama Municipal Debt Funds

Funds that limit assets fo those secunfies that are exempt from fzxation in Alabama, (double tax-exempd) or
city, (triple tax-exempt).

ALT

Alternative Other Funds

Funds that, by prospecius language, seek total retums through fhe use of aliemative investment siralegies.
These strategies indude but are not limited to equity market neutral, long/shor equity, global macro, event
driven, credit focus or through the use of several different hedge-like sirategies.

Alternative Mulli-Strategy Funds

Funds that, by prospectus language, seek total retums through fhe management of several different hedge-
like strategies. These funds ane typically quantitatively diven to measure the exisfing relationship between
instruments and in some cases fo idenfify positions in which the risk-adjusted spread between these
instruments represents an opportunity for the investment manager.

ARM

Adjustable Rate Mortgage Funds

Funds inwest primarily in adpstable rate mortgage securifies or other securities collateralized by or
representing an interest in mortgages.

AU

Precious Metals Equity Funds

Funds invest primarily in shares of gold mines, gold-ohemted mining finance houses, gold coing, or bullion.

Arizona Municipal Debt Funds

Funds that limit assets fo those securiies that are exempt from taxation in Arizona, (double tax-exempd) or
city, (triple tax-exempt).

Balanced Funds

Funds vhose primary objecive is fo consenve principal by maintaining at all fimes a balanced portfolio of
both stocks and bonds. Typically, the stock/bend ratio ranges around 60%/40%.

BEB

Corporate Debt Funds BBB-Rated

Funds invesi primarily in corporate and government debf issues rafed in the top four grades.




Table B7: (continued)

CODE OBJECTIVE CLASS NAME DESCRIFTION
BBEL Corporgte BBE_Rated Debt Funds | Funds that imeest primarily in a basket of futures confracts with the aim of reduced volafiity and pasitive
(Leveraged) refurms in any marked ervirenment. Invesiment strabeies are based on proprietsry trading strategies that
include the sbility to go long andior short.

B Basic Materials Funds Funds that invest primarily in the equity secunties of domestic and foreign companies engaged in
manufacturing chemicals; construchon materisk pglass; paper forest products, and related packaaqing
products; and metals, minersls, and mining products including steel.

BT Balanced Tanget Maturity Funds Fundis that invest to provide 8 guaranteed retum of imeestment &t maturity (terpeted penods). A porfion of
the esseds i invesied in zero coupan U5, Treesury securities, while the remainder is in eguity securities far
long-term growth of capital and income.

CA Capital Appreciation Funds Fumndis that sim s mendmumn capitel appreciation, frequently by means of 100% or more portfolio tumaver,
leversging, purchasing unregistered securifies, purchasing opfions, efc. The funds may take large cash
paositions.

CAG California Municipal Debt Funds Furds theat limit assets to thase securities that sre exempt from taxation in Calfomia (doubde tax-exampt) or
city (friple ta-exempt).

Cal Califarnia Insured Munizipal Debt Funds | Funds invest primarily in those securities fhel are exempt from texation in Calfomia, and are insured as to
timely payment.

CaM California Tax-Exempt Maney Markef Funds | Funds irvest in municipel obligations of Califomia, {double tax-exempt) or city, {iriple tax-exempt) with
doller-weighted sverage maturities of less than 90 days. Intend fo keep & constant MAW.

CAS Calfiarnia Sh-inbrndt Municipal Debt Funds | Funds irvest primanily in municipal debt issues that are exempt from txation in Califomia. with dallar-
weighted average maturities of one to five years.

CAT California Inbermdt Municipal Debd Funds | Funds invest primanily in municipal debt issues that are exempt from taxation in Califomia. with dallar-
weighted average maturities of five to ten years.

oG Consumer Goods Funds Funds that invest primarily in the equity secunties of domestic and foreign companies engaged in
manufacturing and distribufing conswmer goods such as food. bewersges, tobacco. end nondurable
household goods and personal products.

CH China Region Funds Funds that concentrate imsestments in equity securities whose primary freding markets ar aperstions are in
the China region or in a single country within this region.

CMA Commodities Agriculture Funds Funds that invest primarily in agricultural commadity-linked dernvative instruments or physicals.

D Commodities Funds Funds that invest primarily in the eguity securities of domestic and foreign companies engaged in frading
commedities such as faed, grains medels, foreign cumencies, fufure confracts, and financial instruments,
which can be interchangesble with another product of the same type.

CME Commodities Energy Funds Funds that invest primarily in energy-releted commodity-linked derivative instruments or physicals

CMG Commodities General Funds Funds that imeest primarily in a blended basket of commodity-linked derivafive instruments or physicals.

ChiM Commodities Base Metals Funds Funds that invest primarily in base-mefal commodity-linked derivative instruments or physicals

CMP Commodities Pracious Metals Funds | Funds that invest primarily in precious-metsl commedity-linked derivative instruments ar physicals

CMS Commodities Specialty Funds Funds that imvest primarily in commodity-inked demsative instruments ar physicals of sechors or strefegies
not previcusly mentioned. These indude leveraged or shor-biased offerings.

CH Canadian Funds Funds thet concentrate investrments in equity securities of Canadian companies.

CO Colorado Municipal Debt Funds Funds that limit essets fo thase securities that ere exempd from taxstion in Colarade, (double tax-exampf) ar
city, (friple tax-eccempt).

CPB Core Plus Bond Funds Funds that invest &t keest G5% in domestic investment-grade debt issues [reted in the top four grades) with
&y remaining mvestment in nan-benchmark seciors such as high-vield, plobsl end emenging markst dzbs.
These funds maintain dollar-weighted average maturities of five to ten years.

CRX Currency Funds Furds that imvest in US and foregn curencies. This is achieved fhrough the use of short term money markst
instruments; derivatives (forwards, options. swaps) and cash deposits.

C5 Consumer Senvices Funds Funds that irsest primearily in the equily securities of damestic and foreign companies engaged in providing
consumer senvices, including the services segment of hotels, restaurants, and ather leisure faclities; medis
production and services; and consumer refail and services.

CT Connecticut Municipal Debt Funds | Funds that limi sssets fo those securifies that ere exempd from taxstion in Connecficud, (double te-exempt)
or city, (inple tace-exempt).




Table B7: (continued)

CODE OBJECTIVE CLASS NAME DESCRIPTION

CTM Connecticut Tee-Exempt Money Market Funds| Funds irvest in municipsd obligations of Connecticut state, (double tex-exempt) or city, (riple tax-exempd)
with dollar-weighted average malurities of less than 80 days. Intend fo keep a constant NAV.

Cyf Convertible Securities Funds Funds imeest primarily in convertible bonds and/or convertible prefermed stock.

oL Equity Leverage Fumds Diversified and non-diversified equity funds fhet seek dedy imvestment resulis of more than 100% of the
daily performance of & steted benchmark through any combination of futures contracts, dervefives, and
leverage.

Cind Developed Market Funds Funds that invest primarily in equity secunfies whase primery trading markeks or opersfions are in countries
{or & single country) outside of the U.S. thet are generally considered developed.

D=B Dedicated Short Bias Funds Funds that emplay portfolio strategies that consistently create & net short exposure fo the market. This
objeciive also includes short anly funds, i.e. funds that pursue short sales of stock or stock index opfians.

El Equity Income Funds Funds that, by prospechus lenguage and porifolio prectice. seek relatively high curent income and growth of
income by imeesting primarily in dividend-paying equity securities. Funds” gross or net yield must be af least
125% of the average gross or net vield of the LS. diversified equity fund universe,

EIEI Equity Income Funds Funds that, by prospeches lenguage and portfolio preciice, seek relatively high curent income and growth of
income by invesfing primarily in dridend-paying equity secunfies. This funds’ gross or net yield must be st
least 125% of the sverage qross or net yield of the U_5. diversified eguity fund universe.

ELCC Extended U.5. Large-Cep Core Funds| Funds that combine long and short stock selection to invest in a diversified portfolic of U.S. large-cep
equities, with & 1arget net exposure of 100% long Typical sfrategies vary betwes=n 110% long end 10% short
fo 150% long and §0% short.

EM Ermerging Markets Funds Fumns that seek lang-term capital sppreciation by imesting primariy in emerging market equify securities,
where emerging market is defined by a country’s GNP per capita or other economic messures

EMD Ermerging Markets Debt Funds Funds saek either cumment income or fotsl return by invesfing primerily in emerging market debt securiies,
whare emerging merket is defined by 8 country's GMP per capits or other economic measures

EML Emerging Markets Local Currency Debt| Funds thef seek either currzni income ar tofal retum by imvesting st leest 85% of iotal assets in emerging

Funds market debt issues denominated in the currency of their market of issuance.

EMM Equity Market Meutral Funds Funds that emplay portfolic sirategies that generate consistent retums in bath wp and down markets by
selecting positions with a totsl net market esposure of zero.

EMF Energy MLP Funds Fumnds that invest primarily in Master Limifzd Parinerships (MLPs) engaged in the transporision, siorage
and procassing of minerals and natursl resources.

EL European Region Funds Funds that concendrate investments in equity securities whase primary treding markets or aperafions are
concentrated in the Eurcpean region or & single country within this region.

FL Florida Municipal Debt Funds Funds that limit assets fo those securities fhet sre exempd fram texation in Floride. [double tax-exempt) or
city, (friple tase-eccampt).

FLI Florida Insured Municipal Debt Funds| In closed-End Funds: Funds fhet imests primanly in securities fhet are exampt from texsfion in Florida and
ang insured &s to imely peyment. Florida insured munizips! debt funds will be classified in Single-Siate
Insured Municipal Debi Funds, with cbjective of Florida Insured Municipal Debt Funds {FLI}

FLT Flosida Intermediate Municipal Debt Funds | Funds invest primarily in municipal debt isswes that are exempt from texastion in Florida, with daollar-
weighted average maturities of five to ten years.

FLX Flezgble Income Funds Funds emphasize income genersfion by invesfing at least 35% of assets in delt issues and prefemed and
comvertible securibes.

F5 Financial Services Funds Fumns irrvest primarily in equity securifies of companies engaged in providing financiel senices, including
but not Brnifed fo banks, finance compenies, insurance compenies, end securibies/brokerage firms.

Fx Flezgble Portfolio Funds Fumnds that sllccate imvestments scross vanous asset desses, induding domestic common stocks, bonds,
and money market imstruments with a focus on total return.

G Growth Funds Funds that normally inwest in companies with long-term esmings expected fo grow significantly faster than
the eamings of the stocks represented in the major unmanaged stock indices.

Ga Georgia Municipal Debt Funds Funds that limit assets fo thase secunfies that sre exempt from taxation in Geargia, (double fax-exempt) or
city, (triple tase-ecoampt).

GB General Bond Funds Furds dio not have any quality ar maturity restricions. Ind2nd {0 keep a bulk of their sssets in corparate and

govemment debt issues.




Table B7: (continued)

CODE

OBJECTIVE CLASS NAME

DESCRIFTION

GEl

Global Equity Income Funds

Funds that, by prospechus lenguage and porifolio practice, seek relatively high cument income and growdh of
income by investing af leest 85% or mare of their portiolio in dividend-paving eguily securities of domestic
and foreign companies

GF3

Global Financial Service Funds

Funds that irrvest primarily in the equity securities of domestic and foreign companies engaged in providing
fmancisl services, including but not limited to banks, finance compenies, insurance companies, and
securities/brokerage firms.

GH

Global Health/Biotechnology Funds

Funds thaf invest primanly in the eguity secunties of domestic and foreign companizs engaped in
healthcare, medicine and biotechnology.

Gl

Growth and Income Funds

Funds thef combine 8 growth-of-earings arientefion and an income requirement for leved andior rising
dividends.

GIF

Global Infrastruchre Funds

Funds that invest primarily in equity securites of damestic and foreign compenies engaged in an
infrastructure industry, including but nof limited to fransperiefion, communication end waste mansgement.

GL

Global Funds

Funds that irvest at keast 25% of their portiolic in secunifies treded outside of the Uniled States and that
may own U5 securities as well.

GLCC

Global Large-Cap Core

Funds thaf, by portfolo practice, inwest at keast T5% of their eguity assets in companies both inside and
outside of the U5, with market capitslizations (on & three-year weighted basis) grester than 400% of the
Thth mearket capitaizedion percanfile of the S&P/ Ciigroup World Broad Market index. Lange-cap core funds
typicslly have an average price-to-cash flow rafio, price-to-book ratio, and three-year sales-per-share growth
value compared to the S&PCitigroup Warld BMI.

GLCG

Global Lange-Cap Growth

Funds thaf, by portfolio practice, inwest at lzast 75% of their eguity assets in companies both inside and
outside of the U5, with market capitslizations (on & three-year weighied basis) grester than 400% of the
Thth market capializafion percenfle of the S&PCitigroup Warld Broed Market Index. Large-cap growth
funds typically have en sbove-gwerage price-fo-cash flow ratio, price-to-boak ratia, and three-year sakes-per-
share growth value compared to the SEFCitigroup World BMI.

GLCW

Global Large-Cap Valus

Funds that, by porfolio practice, inwest at lzast 75% of their eguity assets in companies both inside and
outside of fhe U.5. with market capitalizafions (on & three-year weighied basis) qrester than 400% of the
Thth market capitalizadion percentile of the S&P/Ciigroup World Broad Market Index. Lange-cap value funds
typically have a below-gverage price-to-cash flow ratio. price-to-book rafio, end three-yesr sales-par-share
growth value compared to the S&P/Ciigrowp Word EMI.

GLI

Global Income Funds

Funds invest primarily in LLS. doller end non-U.5. dollar delot securfies of issuers locafed in &t least three
countries, one of which may be the United States.

GM

General & Insured Municipal Debt Funds

Funds invest primarnily in municipal debt issues in the top four credit ratings.

GMLC

Global Multi-Cap Core

Funds that, by porifolio practice, imvest in a veriety of market capitalization renges without concandrating
T5% of fheir eqguity assels in any one market capitelization range over an exiended peniod of fime. Multi-cap
funds typicaly have 25% to 75% of their sszets invested in companies both inside and outside of the U.S.
with market capislizations (on a three-year weightzd basis) sbove 400% of the Thth market capitelizefion
percaniile of the S&P/Cigroup World Broad Market index. Muli-cap core funds typically hawe an aversps

price-to-cash flow ratio, price-to-boak ratio. and three-year sales-per-share growth value compared fo the
SEPCitigroup BMI.

GMLG

Global Multi-Cap Growth

Funds that, by porifolio practice, imvest in a veriety of market capitalization renges without concendrating
T5% of their equity assets in any one market capitelization range over an exdendad peniod of fime. Multi-cap
funds typicaly have 25% to 75% of their sssets invested in companies both inside and outside of the ULS.
with market capislizations (on a three-year weightzd basis) sbove 400% of the Thth market capitelizefion
percenile of the S&PCiligroup World Broad Market index. Mulircap growth funds fypically have en sbove-
avaraqe price-io-cash flow ratio, price-to-boak rafio, end three-year sales-per-shere growth value compared
to the S&P/Citigroup BMI.
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GMLY

Global Multi-Cap Value

Funds that, by portfolio practice. imvest in a veriefy of market capitalzation renges without concanirating
T5% of fheir equity assais in amy one marke? capitelization range over an exdended penod of fime. Multi-zap
funds typicaly have 25% to 7% of their sssels imvested in companies both inside and outside of the U5,
with market capitalizations (on a three-year weightzd basis) sbove 400% of the Thth market capitelizaion
percentile of the S&PCiigrawp Warld Broad Market Index. Multi-cap value funds typically have a balow-
avarage price-io-cash fow ratio, price-to-book ratio, end thres-year sales-par-share growth value compared
o the SE&P/Citigroup BMI.

GMM

GMNMA Funds

Funds invest primarily in Government Mational Morgage Associstion securities.

GMR

Global Matural Resources Funds

Funds that invest primarily in the eguity securities of domesfic and foreign companies engaged in natural
FESOUrces.

GRE

Global Real Estate Funds

Funds that invest at least 25% but less than T5% of their eguity porfiolio in shares of companies engaged in
the real estate industry thed are stnclly oulside of the LS. or whose secunties are principally treded oulside
of the LS.

G5

Global Smal-Cap Funds

Fund that irrvest ef leest 25% of their portfolio in securities with primary frading markets outside the United
Sdates, and that limils at leest 85% of their imvestments fo companies with merket capitalizefions less than
U= 31 billion at the time of purchasa.

GISMC

Global SmallMid-Cep Core

Funds that, by portfolo practice, inwest at keast 75% of their eguity assets in companies both inside and
outside of the L5, with market capitalizations (on & fhree-year weighted basis) less than £00% of the 75th
markst capitslization percentils of the 58P Citigroun World Broad Market Index. Small/mid-cap cone funds
typically have sn average prce-to-cash flow refio, price-to-book ratio, and fthree-year sales-per-share growth
value compared to the S&F/Citigroup World BMI.

GSME

Global Small-Mid-Cap Funds

Funds that, by portfolio practice, imest at lest 75% of their equity assets in companies both inside and
oulside of the U.5. with market capitalizations (on & fhree-year weighted basis) below Lipper's globsl lerge-
cap foor. Combines Global SmallWid-Cap Value Funds, Globsl Smelibid-Cap Corz Funds and Global Smal
Mid-Cap Growth Funds info a new classification.

GSMG

Global SmallMid-Cap Growth

Funds thai, by portfolo practice. inwest at keast 75% of their eguity assets in companies both inside and
oulside of the U.5. with market cepitalizations (on & three-year weighted basis) less than £00% of the 75t
marked capitslization percendle of the S&PCitigroup Workd Broad Marked Index. Small'mid-cap growth funds
typically have 8n above-average price-fo-cash flow retio, price-to-book ratio, and three-year sales-per-share
growth value compared fo the SEPCitigroup World BMI

GSMY

Global SmallMid-Cap Value

Funds thati, by portfolio practice. inwest at keast 75% of their eguity assets in companies both inside and
outside of the L5, with market capifalzations (on & fhree-vear weiphted basis) less than £00% of the 75t
market capitslization percentile of the 58P Citigroup World Broad Market Index. Smalimid-cap value funds
tymically have a bebow-average price-to-cash flow rafio. prce-to-book rafio, and three-yeer sales-par-share
arowth value compared to the SE&FCiigroup World BMI.

GTH

Global Science/Technology Funds

Funds that invest primarily in the eguity securities of domesfic and foreign companies engaged in science
and technology.

GUS

General U.5. Gowernment Funds

Funds invest primarily in 5. govermmeant and agency issues.

GUT

General U5, Treasury Funds

Funds invest primarily in 1.5, Treasury bills, notes, and bonds.

Global Flexible Port Funds

Funds that alocate mestments across various asset classes, nchuding bofh domestic and foreign stocks,
bonds, and money market nstruments focused on totel return. At least 25% of porifolo is invested in
securities fraded outzide of the ULS.

Health/Biotechnology Funds

Funds invest primarily in shares of companies engaged in heslth care, medicine, and bisfechnalogy.

HI

Hawsii Municipal Debt Funds

Funds thai limit assets fo those securifies that ere exempt from texation in Heweii, (double tex-exempt) or
city, (triple tasc-ecoempt).

HM

High “ield Funds

Funds invest st least 50% of assets in lower rated municipal debt isswes.

High Current Yield Funds

Funds aim at high [relative) current yield from fixed income securities, heve no quality or maturity
restrictions, and tend to invest in lower grade debt issues.

Income Funds

Funds that normally sesk a high level of current incame through invesing in income-producing stocks,
bonds, and money market instruments.
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Industrial Funds

Funds that invest primarily in the equity secunties of domestic and forsign companies engaged in
manufacturing and distributing capital goads ncluding serspace and defense, construcfion, engineering,
and building products; electical equipment; industrial machinery; commercial services and supplies
including printing, employment , envirenmental, and office services ; transportation services including
airlimes and couriers; and manne, road and rail, and fransportation infrastructure.

IEl

Intemnational Equity Income Funds

Funds thai, by prospeches languege and porticlio practice, seek relafively high curent income and groath
of income by investing sk keast 65% or more of their porifolio in dividend-paying equity securities of foreign
COMpanies.

Intemnationsal Funds

Funds that invest their assets in securifies with primery treding markets outside of the United Siaies.

no

Imtermediate Investment Grade Dabt Funds

Funds nvest primarily in invesiment grede debt issues (reted in top four grades) with dollar-weighted
swerage msturities of five to ten years.

LGS

Intemnationsal Large-Cap Core

Fumnds thad, by portialio preciice, invest af least 75% of their equity sssets in companies siniclly outside of
the U.5. with market cepitalizations (on & free-yesr weighted besis) grester than 400% of the T5th marked
capitalization percentle of the S&P/Cifigroup World ex-U_S. Broad Market Index. Large-cap core funds
typically have an averape prce-to-cesh flow rafio, price-to-baok ratio, and three-yaar sales-per-zhare growdh
walue compared to the S&P/Citigroup World ex-ULS. BMI.

ILCG

Intemnational Large-Cap Growth

Fumnds thai, by portiolio preciice, invest af least 75% of their equity sssets in companies siniclly outside of
the U.5. with market capifalizations (on & free-yesr weighted besis) grester than 400% of the 75th marked
capitelizafion percendle of the SEPICifigroup World 2x-UL5. Broad Market Index. Lame-cap growth funds
typucally have sn above-svarage price-io-cash flow ratio, price-to-book rafio, end three-year sales-par-share
growth value compared o the S&P/Ciigroup VWorld ex-U.5. BMI.

ILCW

International Large-Cap Valus

Fumnds thad, by portiolio precfice, invest af leest 75% of their equity sssets in companies sinclly outside of
the U.5. with market cepitalizations (on & free-yesr weighted besis) grester than 400% of the T5th marked
capitalization percenile of the S&P/Citigroup World ex-U.5. Broad Market index. Large-cap velue funds
typicaly have a below-average pice-to-cash flow ratio. prce-to-book ratio, and three-year sales-par-share
growth value compared o the S&P/Ciigroup VWorld ex-U.5. BMI.

IMD

Intermediate Municipal Debt Funds

Funds inwest in municipel debd issuas with dallar-weighted aversge maturities of five to ten years.

IMLC

Intemnational Multi-Cap Core

Funds that, by parffalo practice, imvest in a veniefy of markst capitalization ranges without concanirating
T5% of their eguity assats in any one marke! capitslization renge aver an exdended period of fime. Multi-cap
funds typacally have 25% to T5% of their assets invested in companies strictly outside of the ULS. with
markef capitalizefions (on a three-year weighied basis) sbove 400% of the 75th market capitalzation
perceniiie of the SEPCiEgroup Word ex-LL5. Braad Market Index. Muli-cap core funds fepicelly have an
sverage price-o-cash flow ratic, price-io-book rafio, end three-year sales-par-share growth value compared
to the SEFICitigroup World ex-U 5. BMI.

IMLG

Intemnationsal Multi-Cap Growth

Funds that, by porffolo practice, imvest in a veriefy of market capitalization renges without concanirating
T5% of their eguity assels in any one marke capitslization range over an exdended peniod of fime. Multi-cap
fumds typacally have 25% to T5% of their assels invested in companies strictly outside of the ULS. with
markef capitalizafions (on a three-year weinhied basis) sbove 400% of the 75th market cepitalization
percentile of the S&PCifigroup Word ex-.5. Broad Market Index. Muli-cap growth funds typically have an
above-gverage price-to-cash flaw rafio, price-to-book rafio, and three-year sales-per-share growth value
compared to the S&FCitigroup World LS. BMIL

LY

Intemational Multi-Cap Valus

Funds that, by parffalo practice, imvest in a veniefy of markst capitalization ranges without concanirating
Th% of their eguity assels in anmy one marke! capitslization range over an exiended pencd of fime. Multi-cap
funds typically have 25% to 75% of their assels invested in compsnizs strictly outside of the LS. with
markef capitalizefions (on a three-year weighied basis) sbove 400% of the 75th market capitalzation
percenfile of the S&P/Ciligroup World ex-U.5. Broad Market Index. Multi-cap value funds typically have s
below-swerage price-bo-cash flow rafio, price-$fo-book refio, and three-year sales-per-shere growth value
compared o the S&PCitigroup World ee-ULS. BMI.

IMRA

Instl Money Market Funds

Funds imvest in high quality finencial instruments rafed in fop 2 grades w! dollar-weighted average
maturities < 80 days. Reguire high mirimum imeestments & have lower fotal expenss ratios relative to other
BAM funds_ Intend to keep a constant MAY.
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I

International Income Funds

Fumndis irvest primarily in non-ULS. dollar end U5, daltar debt secunfies of issuers located in at least three
countries, excuding the LS., except in pericds of market weakness.

INR

Indis Region Funds

Funds that concentrate their mvestments in equity secunfies with primary trading markets or cperations
concentrated i the India region.

IRE

International Real Estate Funds

Funds that imeest at keast 75% of their equity portfolia in shares of companies engaged in the real estate
indu=dny that are strictly outside of the U5, or whose secunfies are principally fraded cutside of the U5,

International Small-Cap Funds

Funds that imvest &t least 85% of their essets in equity securities of non-United Stetes compenies with
market capitalizations less than LIS §1 billion at time of purchase.

ISMC

International SmalliMid-Cap CGore

Fumndis that, by portialio preciice, invest &t leest T5% of their equity sssets in companies sinctly outside of
the U5, with market capitslizaions (on & three-year weighted basis) less than 400% of the T5th market
capitslization percentile of the S&PCitigroup World ex-U.5. Broed Market Index. Smalimid-cap core funds
fypically have en average prce-to-cash fiow rafio, price-to-boak refio, and three-vesr sales-per-share growdh
walue compared to the S&FCitigroup World ex-LUL.S. BMI.

ISMG

International Smalliiid-Cap Growth

Fundis that, by portiolio praciice, invest &t leest T5% of their equity 8ssets in companies stnictly outside of
the U.5. with market capitslizafions {on & three-year weighted basis) less then 400% of the T3th market
capitalizstion percentile of the SERCitigroup Word ex-ULS. Broad Market Index. Smallmid-cap growth funds
typically have 8n above-average price-io-cash flow ratio, price-to-book rafio, and three-year sales-par-share
growth value compared to the S&PCitigroup World ex-ULS. BMI.

1S

International SmalliMid-Cap Walue

Fundis that, by portiolio preciice, invest st leest T5% of their equity sssets in companies sthicfly outside of
the U5, with market capilslizaions (on & three-year weighted basis) bess then 400% of the T5th market
capitalzafion percentile of fhe S&PCligroup World ex-U.5. Broad Market Index. Small'mid-cap walue funds
typicaly have a below-sverage price-to-cash flow rafio. price-to-book rafio, and three-vesr seles-par-share
growth value compared to the S&PYCitigroup World ex-ULS. BMI.

Instl Tax-Exempt Money Market Funds

Funds invest in municipal obligations wi doller-weighted everage mefurifies of less than 90 deys. Funds
require high minimum investments, have lawer total expense refios relative fo ather money market funds,
imtend to keep a constant MAW.

In=tl U5 Treasury Money Merked Funds

Funds irvest principally in U.5. Treasury obligations with dollar-weighied aversge maturifies of < B0 days.
Funds require high mirimurm investments and have lower total experse rafios relsfive to other maney market
funds. Intend to keep & constant MNAY.

UG

Intermediste U.5. Government Funds

Funds invest primarily in secunfies issued or guaranteed by the U.5. govermment, its agencies, or ils
instrurnentalities, with dollar-weighted average maturities of five to ten years.

us

Instl ULS. Govemment Money Market Funds

Funds invest principely in fingncial instrurents issued or guaranteed by the U.5. govemnment., its
agencies, of instrumentslifies with dollar-weighted sverage maturiies of < 90 days. Reguire high minimum
inwestments, heve lower fotal expense ratfios relative fo othar MM funds. Intzrd to keep a constant NAW

IUT

Inflation Profected Bond Funds

Funds that imvest primarily in inflation-indexed fized income secunfies. Inflaion-linkad bands are fixed
income securities that are structured to provide protection against inflation.

JA

Japaness Funds

Funds that concentrate investments in equity securities of Japanese companies.

Fansas Municipal Debt Funds

Funds that limit assets ta those secunbies that are exenpt from taxation in Kanses, (double fex-exempd) or
city, (fripe tas-eoempt].

Hentucky Municipal Debt Funds

Furds that limit assets to thase securities that sre exempt from taxation in Kerucky, (double tex-exempt) or
city, (triple tax-ecoempt).

Louisiana Municipal Debt Funds

Furds limit as=ets fo thase secunties that sre exempt from teesfion in Louisisna, (double tax-exemnpt) or oy,
{trinle tes-exempd)

LCCE

Large-Cap Cora Funds

Funds that, by portiolio praciice, invest at least T5% of their equity sssets in companies with market
capitelizafions (on 8 three-year weighled basis) greater than 300% of fthe doller-weighted median market
capitslization of the midde 1,000 securies of the S&F SuperComposite 1300 Index. Large-cap core funds
have more latibude in the companies in which they invest. These funds fypically have an aversge price-to-
eamings rafio, price-io-book ratio, and three-year sales-per-share growth velue, compared to the S&F 500
Indesx.
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LCGE Large-Cap Growth Funds Funds that, by portiolio praciice, invest at least T5% of their equity 8ssefs in companies with market
capitelizafions (on & three-year weighted basis) preater than 200% of the dollar-aeighied median market
capitalization of the midde 1,000 securities of the 58P SuperCompasie 1500 Index. Lerge-cap growth funds
typicaly have an above-average price-io-2smings ratio, price-to-book refio, snd thres-year ssles-per-shere
growth value, compared to the S8F 500 Indes

LCVE Large-Cap Value Funds Funds that, by partiolio praciice, invest at least T5% of their equity sssefs in companies with market
capitelizafions (on 8 three-year weighted basis) greater than 300% of the dollar-aeighied median markst
capitalzafion of the midde 1,000 securities of the 5P SuperComposite 1500 Index. Large-cap value funds
typically have s below-sverage price-fo-eamings ratia, price-to-book ratic, and three-year sales-per-shane
growth value, compared to the 58P 500 Index.

LF Loan Participation Funds Funds that inwest primarily in paricipadion interests in collateralized senior corporate loans which have
floating or vanable rates.

LSE Long/Short Equity Funds Funds that emplay portfolic sirategies that combine long holdings of equities with shori sales of equity,
equity options, or equity index options, fhe fund may be ether net long or net short depending an the portfclio
manager's view of the market

LT Latin American Funds Funds that concentrate investments in eguity sacurities with primary frading mearkets or aperafions
concentrated in the Latin Amencan region or in a single country within this region.

hA Massachusetts Municipal Debt Funds| Funds thaf limit assets to those secunties that are exempt from taxefion in Messachusetis, [double tax-
exempt) or city, (iriple te-exempt).

MAM Maszachusetis Tax-Exempt Money Market Fd| Funds invest in municipal obbigations of Massachusetis stabe, [double fex-2xempt) or cify. {friple to-exempd)
with dollar-aeighted sverage malurities of less than 80 days. Intend fo keep a constant NAV.

MAT Massachusetts Intermediate Muni Debt | Funds invest primarily in municipal debd issues that sre exempt from faxation in Massachusets, with dollar-

Funds weighted average maturities of five to ten years.

MATA Mizoed-Asset Target 2010 Funds Funds that seek to maximize assets for retirement or odher purposes with an expecied time honizon nat fo
exceed the year 2010

MATB Mizeed-Asset Target 2020 Funds Funds that seek fo maximize assets for retinement or other purposes with an expected fime horizon fram
January 1, 2016 to December 31,2020,

MATC Mizeed-Asset Target 2030 Funds Funds that s=ek fo maximize asseds for retinement or other purposes with an expected fime honizon fram
January 1, 2028 to December 31,2030,

MATD Mized-Asset Target 2035 Funds Funds that seek fo maximize asseds for retirement or other purposes with an expected fime horizon from
January 1. 20231 to Decembear 31,2035,

MATE Mizeed-Asset Target 2050+ Funds Funds fhat seek bo maximize assets for retirement or oéher purpases with en expected Gme horzon excesding
the year 2045,

MATF Mizoed-Asset Target 2015 Funds Funds that seek fo maximize assets for retirement or ather purpeses with an expeched fime horizon from
January 1. 2011 to December 31,2015,

MATG Mized-Asset Target 2025 Funds Funds that seek fo maximize assets for retinement or other purposes with an expected fime horizon fram
January 1, 2021 to December 31,2025,

MATH Mizeed-Asset Target 2040 Funds Funds that s=ek fo maximize asseds for retinement or other purposes with an expected fime honizon fram
January 1, 2024 to December 31,2040,

MATI Mized-Asset Target 2045 Funds Funds that seek fo maximize asseds for retirement or other purposes with an expected fime horizon from
January 1. 2041 to December 31,2045,

MAT Mized-Asset Target Todsy Funds Funds that, by partiolic precfice, maintsin a conservative mix of equity. bonds, cash, and cash equivelents
designed to provide income to imvestors wiho are inor close to retirement.

MATHK Mizoed-Asset Target 2065+ Funids that seek to maximize asseés for retinement or ofher purposes with en expecled Gme horizon exceading
December 31, 2050

MC Mid-Cap Funds Funds that by prospectus or porffolio practice inwesd primerily in companies with market capifalizations less
than §5 billion at the time of purchase.
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MCCE

Mid-Cap Core Funds

Furds thet, by portiolio praciice, invest at least 75% of their equity assets in companies with market
capitalizetions (on & three-vear weighied basis) less then 300% of the dollar-weighted median market
capitelizafion of the middie 1,000 securnities of fhe 58P SuperComposite 1500 Index. Mid-cap core funds

have more laftude in the companies in which they invest These funds fypically have an sversge price-
to-eemings rafio, price-io-bock redio, and three-year sales-per-share growth value, compared to the S&P

MidCap 400 Index.

MCGE

Mlid-Cap Growth Funds

Funds thet, by portiolio praciice, invest at least 75% of their equity assets in companies with market
capitalizetions (on & three-vear weighied basis) less than 300% of the dollar-weighted median market

capitelization of the middie 1,000 securifies of fhe S&P SuperComposite 1500 Index. Mid-cap growth funds
typically have an above-average price-fo-2emings rafio, price-to-book refie, end three-yesr sales-per-share
growth value, compared to the SEP MidCap 400 Index.

MIWVE

Mlid-Cap Value Funds

Furds thet, by portiolio praciice, invest at least T5% of their equity assets in companies with market
capitalizefions (on & three-year weighted basis) less than 300% of the dollar-weighted median market
capitelizafion of the middie 1,000 securnities of fhe 58P SuperComposite 1500 Index. Mid-cap value funds
tymically hawve & below-gverage price-fo-eamings rafia, price-to-book ratio, and three-year sales-per-share
growth value, compared to the S&P MidCap 400 Index.

MD

Mlanyland Municipal Debt Funds

Furds thet limit sssets to thase securities that ere exempt from taxation in Maryland, [double tex-exempt) or
city, (friphe tace-eoampt].

MDD

Insured Municipal Debt Funds

Funds invest primarily in municipal debt issues insured as to timely payment.

MFF

Alternative Managed Futures Funds

Funds that irvest primarily in a basket of futures contracts with the aim of reduced voladlity and positive
refumns in any market environment. Imvestmend strabegies are based on prognetary treding sirategies that
include the sbility to go long andfor short.

i

Michigan Municipal Debt Funds

Funds thet limit as5ets fo thase securities that ere exempt from taxation in Michigen, (double tex-exempt) or
city, (triphe tac-exempt).

LY

Michigan Tex-Exempt Manay Market Funds

Funds irvest in municipal abligations of Michigan state [double tax-exempt) or cify [tiple tex-exempt) with
doller-weighted average maturibies of less then 90 days. Intend fo keep & constant NAV.

MLCE

Multi-Cap Core Funds

Funds that, by porffolio practice, imvest in a veriefy of market capitalzation renges without concendrating
Th% of their eqguity assels in amy one market capitelization renge aver an exiended penod of fime. Multi-c=p
funds typically hewe between 25% fa T5% of ther essels invested in companies with marked capitalzafions
(on & three-year weighted basis) above 300% of the dollar-weighted median market capitalization of the
middle 1,000 secunifies of the S&P SuperComposite 1500 Index. Muli-cap core funds heve more lsfifude in
the companias in which they imeest. These funds typically have an aversge price-io-2srmings refio, price-to-
bk ratio, end three-yesr sales-par-shere growth velue, compared fo the S&P SuperComposite 1500 Index

MLGE

Multi-Cap Growth Funds

Funds that, by porffalio practice, imvest in a veriety of market capitalization renges without cancendrating
T5% of their enuily assats in amy ane market capitelization range over an exdended penod of fime. Multi-c2p
funds typically hewe between 25% to T5% of ther essets invested in companies with market capitaizefions
{on & thres-year weighied basis) abave 300% of fe dolar-weighted medisn market capifalization of the
middlie 1,000 securties of fhe S&P SuperComposite 1500 Index. Mul-cap growth funds typically have an
abowve-gverage price-to-eamings ratia, prce-fo-bock ratio, and three-year seles-per-share growth value,
compared to the S&P SuperComposite 1500 Index.

MLVE

Mult-Cap Value Funds

Funds that, by porffolo practice, imvest in a veriety of market capitalization renges without concandrating
T5% of their eguity assels in amy one market capitelization renge aver an exiended penod of fime. Multi-cap
funds typically hewe between 25% to T5% of ther essets invested in companies with market capitabizefions
{on & three-vear weighied basis) above 300% of e dollar-weighted median market capitalization of the
middle 1,000 securities of the S&P SuperComposite 1500 Index. Muli-cap value funds typically have s
below-gwerage price-to-eemings ratio, price-fo-bock ratic, and three-yesr sales-per-share growth value,
compared to the S&F SuperComposite 1500 Index.

IR

Money Market Funds

Funds irest in high quality financial instruments rated in fop two grades with dodar-weighted average
msturities of less than 80 days. Intend to keep a constant MAV.

MR

Minnesota Municipal Debt Funds

Funds that limit assets ta those secunties that are exempt from texation in Minnesola, {double fex-exempd)
or city, (triple teceeempll.
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M Missouri Municipal Debt Funds Funds that limit assets fo those secunifies thal ere exempt from taxation in Missoun, {double fex-exempd) ar
city, (triple tax-exempt).

MR Micro-Cap Funds Funds that by prospectus or portfolic practice invest primerily in compenies with market capitalzations less
than §300 million st the time of purchase.

MSI Bluti-Sector Income Funds Funds sesk current income by slloceting assets among different fixed income securities sectors, (ot
primarily in one secior except for defensive pumoses), incleding U5, & foreign governmends, with &
significant portion rated below imestment grade.

MTAA Mixed-Asset Target Allocation Aggressive | Fund of funds that, by portfolic practice, mainiein =t least 30% of assets in equity secunies, with the

Growth Funds rermainder imvested in bonds, cash, and cash egquivalents.

MTAC Mixed-Asset Target Alloc Consv Funds | Funds that by portfolio praciice maintsin & mix of between 20%-407% equity securibies, with the remainder
imvested in bonds, cash, and cash equivalents.

MTAG Mized-fAsset Target Alloc Growth Funds | Funds that by portfiolio praciice maintsin & mix of between 60%-B0% equity securifies, with the remainder
irmvested in bonds, cash, and cash equivalents.

MTAM Mixed-As==t Target Alloc Maoderate Funds | Funds that by portfolio praciice maintsin & mix of between 40%-80% equity securbies, with the remainder
imvested in bonds, cash, and cash equivalents.

MNC Merth Carelina Municipal Debt Funds | Funds thet limit assets bo those securnities that are exempt from taxsfion in Morth Caralina, (double fex-
exampt) or cty, (friple tea-exempt).

Ml New Jersey Municipal Debt Funds | Funds that limit assets fo thase securities that ere exempd from taxation in New Jersey, (double tax-exempd)
or city, (iriple tax-exempt).

MLIRA Mew Jersey Tax-Exempd Money Market Funds | Funds invest in municipel abligations of New Jersay, {double {ax-exempt) or cify. (inple tae-exempd) with
daoller-weighted everage maturities of less than 890 days. Infend fo keep & constant NAV.

NR Matural Resources Funds Funds inwest primarily in natwral resources stocks.

Y New York Municipal Debt Funds Funds that limit their asseis fa those securnities that are exempt from taxefion in Mew York, (double fae-
exempt) or cty, (friple tax-exempt).

Ml Mew York Insured Municipal Debi Funds | Funds that invest at leest 85% of their sssets in those securifies that are exempt from texation in Mew Yiork,
and are insured as o timely payment.

Ny Mew Yiork Tax-Exempt Money Market Funds | Funds invest in municipel obligations of Mew Yark state, [double tex-exenpt) or cify. [riple tax-exempt) with
dollar-weighted sverage matunities of bkess than 90 deys. Intend fo keep constant nef ass=t value.

MYT Mew York Inbermdt Municipel Debd Funds | Funds invest primanrily in municipal debt issues that ane exempt from taxefion in Mew York, with doltar-
weighted average maturities of five to ten years.

OH Cihia Mumicipal Debt Funds Furds that limit assets fo those securifies that sre exempt from taxation in Chio, (double tax-exampd) or city,
(triple te-exempt).

OHM Chio Tax-Exempt Money Merket Funds | Funds invest in municipal cbiigafions of Ohio state, (double fex-exempd) or city. (inple tn:x-exempd) with
daollar-weighted everage maturities of less than 90 days. Intend fo keep & constant NAWV.

OHT Chig Intermediate Municipal Debi Funds | Funds invest primarily in municipsl debf isswes that are exempt from taxafion in Chio, with dollar-weighded
sverage maturities of five to ten years.

OR Ciregon Municipal Debt Funds Funds that limit assets fo those secunifies that are exempt from taxation in Oregon, {(double fex-exempf) or
city, (triple tax-exemptl.

055 (Crher Siates Shorl-Intmd2 Muni Debt Funds | Funds imvest in municipel debt issues with dollar-weighted everage maturities of one fo five years and are
exermpt from taxetion on a specified city or state basis.

O5T Crher Siates Infermediate Muni Debt Funds | Funds irrvest in municipel debt issues with dollar-weighted everage maturities of five to fen years and sre
exempt from taxetion on & specified city or state basis.

OTH Cither States Municipal Debt Funds | Funds imvest in municipel debt issues with dollar-weighted everage maturities of five to fen years and are
exermpt from taxetion on a specified city or state basis.

OTM Crther States Tax-Exempt Money Market| Funds invest in municipel abligations of other stetes, {double {ax-exempt) or city, (inple toeexempt) with

Funds dollar-weighted sverage maturities of less than 30 deys. Infend fo keep constant nef assef value.

P& Pennsylvania Municipal Debt Funds | Funds fhat limit 2sseds fo those securifies that are exempd from texafion in Pennsylvania. [double fax-

exempt) or cty, (friple tax-exempt).




Table B7: (continued)

CODE

OBJECTIVE CLASS NAME

DESCRIFTION

PAM

Pennsylvania Tax-Exempt Money Markst
Funds

Funds imwest in municipel obligefions of Pennsylvanie state, [double tax-exampt) or cily, (iple {ax-exempt)
with dollar-weighied sveraqe maturities of less than 90 days. Infend fo kesp constant ned esset value.

PAT

Pannsyheania intermediate Muni Debt Funds

Funds imvest primarily in municipal debt isswes that ane exempt from taxsfion in Pennsylvenia, with dollar-
weighted average maturities of five to ten years.

PC

Pacific Region Funds

Funds that concentrabe imvestments in eguity securities with primary treding markets or operafions
concentrated in the Western Pacific Basin region or a single country within this region.

RE

Real Estate Funds

Funds invest primarily in equity securnities of domestic end foreign comipenies engaged in the resl estele
imdustry.

Specialty/Miscellaneous Funds

Funds that limit fund investments to a specific indusfry (2., rensporte@on, retaiing, or paper, ete.) or one
that has not been classified inte an exsting investment objective.

SC

South Carelina Municipal Debt Funds

Furds thet limit their a=zets fo thase securities that sre exempt from taxsfion in South Ceroling (double to-
exernpt) or caty (triple tax-exempt).

SCCE

Smiall-Cap Core Funds

Funds that, by porticlio practice. invest at least 75% of their equity 8sseis in companies with market
capitslizations {on & three-year weighted basis) less than 250% of the dollar-weighted median of the
smalkest 500 of the middle 1,000 securnities of the S&P SuperComposite 1500 Index. Smallcep core funds
hawe mone lafituds in the companies in which they invest. These funds typically have an everage price-
to-2ermings rafio, price-to-back rafio, and three-year seles-par-share growth value, compared o the S&P
SmallCap G600 Indes.

SCGE

Emall-Cap Growth Funds

Funds thed, by portiolio practice, invest at least T5% of their equity ssseds in compenies with market
capislizations [on & three-year weighted basis) less than 250% of the dolar-weightzd median of the
smalest 500 of the middle 1.000 securties of the S&P SuperComposite 1500 Index. Smell-cap growth funds
troicaly have an above-gverage price-io-2ermings rafio, price-to-book rafio, end three-year seles-per-shere
growth walue, compared to the 58P SmallCap 600 Index.

SCVE

Smiall-Cap Value Funds

Funds that, by porticlio practice. invest at least 75% of their equity 8sseis in companies with market
capitslizations {on & three-year weighted basis) less than 250% of the dollar-weighted median of the
smellest 500 of the middle 1,000 secunfies of S&P SuperComposie 1500 Index. Smallcap value funds
tymically heve & below-sverage price-fo-eamings rafio, pice-to-book ratio, and three-year sales-per-share
growth walue, compared to the 58P SmallCap G00 Indesc

SESE

Specialty Diversified Equity Funds

Fumnds thai, by portiolio practice, invest in all market capitslization ranges without resiniciion. These funds
typically have disfinctly different strebegies and performance, resulting in & low coefficient of deferminefion
(r-sguared] compared to other LS. diversified equity funds. Examples of specislty dversified equity funds
include enhanced index funds and market short funds.

SFI

Specialty Foeed Income

Furds that by portiolio prectice invest in fved income strebegies that sre outside Lipper's other fozed income
classifications. These funds typically have disfinctly different parformance and stralegies, including the u=e
of short positions and lewverape.

S5G

Smiall-Cap Funds

Funds that by prospeches or porifolio practice invest primearily in companies with market capitalizations less
than 51 billion at the time of purchase.

SID

Short Irvastment Grade Debt Funds

Funds inwest primarily in investment grede debt issues (reted in top four gredes) with dolar-weightad
average maturities of less thamn thres yvears.

Sl

Short-Imtmdt Inwestment Grade Debi Funds

Funds inwest primarily in investment grede debt issues (reted in top four gredes) with dollar-weighted
swerage maturities of one to five years.

SiM

Short-Intmdt Municipal Debt Funds

Funds invest in municipal debt issues with dollar~a=ighted average maturities of one ta five years.

=110

Short-Indermediale L5 Govemment Funds

Funds inwest primarily in secunifies issued or guaranteed by the U.5. government, ifs apencies, or its
imstrurnentalities, with dollar-weightad awerage maturties of one fo five years.

SMD

Short Municipal Debt Funds

Funds inwest in municipel debi issues with dollar-weighied sverage maturities of less than three years.

SF

SE&F 500 Index Objective Funds

Funds that are passively menaged and commit by prospechus language fo replicate the performance of the
S&P 500 Index, inchuding reinvested dividends. In additicn, S&P 500 Index funds have limiled expenses
{advisor fee no higher than 0.50%).




Table B7: (continued)

CODE OBJECTIVE CLASS NAME DESCRIFTION

SPSFP S&F 500 Index Ohjective Funds Funds that ane passively managed and commit by prospectus languege to replicate the perfarmance of the
S&P 500 Index, including reimvested dividends. In addition, S&F 500 Index funds have limited expenses
{advisor fee no higher than 0.50%).

55IM Single-Siste Insured Municipsl Debt Funds | In Open-End and Closed-End Funds:Funds that limit assets fo those securifies exempt from taxstion in a
spacified state (double tex-exempd} or city (riple tax-exempt) and sre insured as to Smely payment. Due to
the intreduction of the Single-Siste Insured Municipal Debt Funds (551K classiication, the Mew York Insured
Muricipal Debt FURDS (NY1) and Californie insured Municipal Ciebt Funds {ZAl) classifications will nok be
avalahle afer May 23, 2008. These clessifications wil be collapsed into the Single-State Insured Municipal
Diebt Funds classificetion; however, Lipper will confinue to maintain the NY1 end CAl ohjectives.

5TB Stable Value Funds Funds that aim fo provide income while Brmiting price flucbustions by investing primarily in guaranteed
imvastment contracts (GICs) or wrapped bonds (synthetic GICs).

suUs Short U.5. Government Funds Furds mvest primarily in securifies issued or guaranteed by the U.5. government, its agencies, or its
imstrumentalities, with dollar-weighted average matunties of less than three years.

sUT Short U.S. Treasury Funds Furd invests primarily in LS. Treasury bils, notes and bonds with dollar-weighfed swerage maturitie of less
than three years.

S Short Waord Mulit-Merket Income Funds | Funds that invest in nan-UL5. daollar and U.5. dallar debt instrumends snd, by policy, keep a dollar-aeighted
sverage maturity of less than five years.

TEM Tax-Exemnpt Money Market Funds | Funds invest in high guality municipsl obligations with dollar-aeighted sverage meturities of less than 90
days. Intend to keep a constant net assat value.

TH Sosence & Techmology Funds Funds imeest primarily in science and technology stocks.

T Telecommunicstion Funds Funds invest primarily in equity securities of domesfic and foreign companies engeged in the development,
manufacture, or sales of telecommunications senvices or equipment.

™ Target Maturity Funds Funds invest principally in zzro-coupon U5 Treesury securities or in coupan-bearning U_S. government
securities targeted to mature in & specific year.

™ Tennesses Municipal Debt Funds Funds that limit its assets to those securnties thet are exempt fram taxstion in Tenness=e, (double fex-
exempt) or city, (ifple ta-exempd).

T Texas Municipal Debt Funds Furds that limit their assefs fo those securnities that sre exempt from {exetion in Texas (double tax-exempt) or
city (friple tax-exempt).

LIS U.5. Mortgage Funds Funds invest primarily in morigeges/securnties issued or gueranteed es o principal and interest by the U5,
povemnment and certain federal agencies.

s Ultra-Shart Obligations Funds. Funds invest primarily in investment grade dabt =sues, or better, and mainteins a parfiolio dollar-weighied
sverage maturity between 81 days and 385 days.

=S U.5. Government Money Market Funds | Funds invest principelly in finencial instnuments issued or guaranteed by the U5, govemment, ils sgencies,
or its mstrumentalities, with dollar-weighted sverage maturifies of less then 90 days. Intend fo keep &
constant FAY.

UsT U5, Treasury Money Market Funds | Funds invest principelly in LS. Traasury obligafions with dollar-seighied average mafurities of less than 80
days. Imtend to keep a constant net assat walue.

uT Utility Funds Funds invest primarily in utility shares.

WA ‘firginia Municipal Debt Funds Funds that limit their assets i those securities that are exempt from taxefion in Vinginia, (double {ax-
exampt) or city, (inple tecexempt).

WAT \firginia Intermediate Municipsl Debt Funds | Funds that invest sf least 85% of its assets in municipal debt Esues that are exempt fram {exafion in
‘firginia, with dollar-weighted awerage maturities of five to ten years.

WA ‘Washington Municipal Debt Funds | Funds that it their assets to those secunfies that are exernpd from taxefion in Washington (double tex-
exampt) or city (triple tax-exempt).

pA Pacific Ex Japan Funds Funds that concentrate mvesiments in equity securities with primary treding mearkets or aperafions
concendrated in the Paciic region (including Asisn courtnes) and thef specifically does not invest in Japan




Table B8: Strategic Insight Objectives

STRATEGIC INSIGHT 5 OBJECTIVE CODES - DETAILED

YU Sy AU, ValldUie, S UL G, Cage s

{Fund Style Table. Variable: si_obj_cd. Page 12) SLLE S1LELE
GLD Equity Gold
CODE CODE NAME GLE Ginbal Equity
AGG Equity USA Aggressive Growth -
GhA Tx Bd USA Govt Morigege Adj Retums
BAL Asset Allocation US# Balanoced
GMB Tx Bd USA Govt Mortgage Backed
BGA T Bd Pan Americas
GhMC Equity L'SA Midcaps
BGC Global Corporation Fixed Income -
GRI Equity 54 Growth & Income
BGE Tx Bd Global Emerging Market -
GRO Equity LI5A Growth
BGG Tx Bd Global Govt Bond
G5M Tx Bd USA Govt Short
BGN Tx Bd Global Bond Genersl
HLT Equity I5A Health
BGE Tx Bd Global Bond Short
pvey Tx B4 Coro Bomd Ga I 1Az T=Fr Bd Muni Infermediate AZ
= e Ban ners
e T Bd Carp High Quaiity ICA TxFr Bd Muni Intermediate C&
x e Hi u
Py T B Carp High Yield ] T=Fr Bd Muni Intermediate SO
x e Hi i
o T Bd Corp Intermediate ICT T=Fr Bd Muni Intermediate CT
oMo Tx Bd Corp Medium Quslity IFL T=Fr Bd Muni Intermediate FL
oFF ezt Allosation USA Freferred 1G4 T=Fr Bd Muni Intermediate GA
oFR Tx Bd Corp Prime Rate IHI T=Fr Bd Muni Intermediste HI
o=l Tx Bd Strategic Income [ T=Fr Bd Muni Intermediate K5
oS T« Bd Corp Shart Ky TxFr Bd Mumi Intermediate Ky
ouR o rtibles IMA T=Fr Bd Mumi Intermediate MA
ECH Equity G r China IMD T=Fr Bd Muni Intermediste MD
ECH Equity Canadsa IMI T=Fr Bd Muni Intermediate MI
EGS Equity Global Growth MM T=Fr Bd Muni Intermediate MM
EGS Equity Global Small Company IMT T=Fr Bd Muni Intermediate MT
EGT Equity Global Total Return INEE Aszst Allocation UISA Income
Ex Equity Global Equity Secior IMNC T=Fr Bd Muni Intermediate NC
EID Equity Global Emerging Markets IMND T=Fr Bd Muni Intermediate ND
ElG Equity Intemational Growth NG Equity U'SA Income & Growth
ElS Equity International Small Company INJ TxFr Bd Muni Intermediate b
EIT Equity Infernational Total Return ] T=Fr Bd Muni Intermediate MM
EJP Equity Japan INY TFr Bd Muni Intermediate MY
ELT Equity Latin America IoH T=Fr Bd Muni Intermediate OH
ERW Equity USA Environments] IoR T=Fr Bd Muni Intermediate OR
EFC Equity Asia Pacific Including Japan IFA T=Fr Bd Muni Intermediate PA
EFR Asset Allocston USA Principle Return 15C T=Fr Bd Muni Intermediate SC
EFX Equity Acia Pacific Excuding Japan ISD T=Fr Bd hMuni Intermediate S0
ERF Equity Eurcpean ITH T=Fr Bd Muri Intermediste TH
ESC Equity Singla Country ITX T=Fr Bd Muni Infermediste TX
FirM Equity USA Financial Sector 1A TxFr Bd Muni Infermedizte VA
FLG Asset Allocstion Global Flexible T T=Fr Bd Muni Infermediste VT
FLX Aszet Allocation USA Flexible IVuA, TxFr Bd Muni Infermediste WA
GBS | Global Bond Genersl Y TxFr Bd Muni Intermediste Wy
GBS Global Bond Short Maturity JFN Japanese Equity
GGN | Tx Bd USA Gowt Genersl LCA | TxFrBd Muni Short CA

GIM Tx Bd USA Govt Intermediate




Table B8: (continued)

CODE | CODE NAME CODE | CODE NAME

LFL T=Fr Bd Mumi Shiort FL MMM TxFr Bd Muni Mi

LKY T=Fr Bd Muni Shart K MY T=Fr Bd Muni MY

Liia T=Fr Bd Mumi Shert hA MOH TxFr Bd Muni OH

LMD T=Fr Bd Mumi Shert MD MO TxFr Bd Muni QK

Ll T=Fr Bd Muni Short I MOR T=Fr Bd Muni OR

LMC T=Fr Bd Muni Short NC MPA T=Fr Bd Muni PA

Lk T=Fr Bd Muni Short WY MFPR T=Fr Bd Muni PR

LTH T=Fr Bd Muni Short TH MR T=Fr Bd Muni RI

IRTEN T=Fr Bd Muni Short Wi MSC TxFr Bd Muni SC

KAl T=Fr Bd Mumi AL MSD TxFr Bd Muni S0

MAR T=Fr Bd Muni AR MEM TxFr Bd Fed Muni Short
MAZ T=Fr Bd Muni AZ MTH TeFr Bd Muni TH

MCA T=Fr Bd Muni CA MTX TeFr Bd Muni TX

MCO T=Fr Bd Muni SO MUT TeFr Bd Muni UT

MCT T=Fr Bd Mumi CT hVA TxFr Bd Muni WA

MDE T=Fr Bd Muni DE MT TxFr Bd Muni YT

MFL T=Fr Bd Mumi FL BAUNA, TxFr Bd Muni WA

MGA T=Fr Bd Muni G& MM T=Fr Bd Muni W1

WGM T=Fr Bd Fed Muni Senaral Y T=Fr Bd Muni WY

NMHI T=Fr Bd Muni HI NTR Equity Matural Resources & Energy
MHY T=Fr Bd Fed Mumi High Yi=ld R Cption Income

MIA T=Fr Bd Mumi L& PAC Pacific Equity

MID T=Fr Bd Mumi ID RLE Equity USA Resl Estate

MIL T=Fr Bd Mumi IL SBRA Tz MM Bank Gowt & Agency
MiIRA T=Fr Bd Fed Mumi Intermediate EBE T MM Bank Prime Eura
MM T=Fr Bd Mumi IM SBP Tx MM Bank Prime

M= T=Fr Bd Fed Mumi Insured EBT Tz MM Bank Gowt

MKS T=Fr Bd Muni K5 EBY T= MM Bank Prime Euro ank
MY T=Fr Bd Muni KXY BCG Equity USA Small Companies
MLA T=Fr Bd Muni LA sCuU Tx MM Currency Funds
MM T=Fr Bd Mumi kA EEC Equity USA Misc Sectors
MMD T=Fr Bd Muni D El& T MM Instl Govt & Agency
MME T=Fr Bd Muni ME ElE Tx MM Instl Prime Euro

(LA T=Fr Bd Mumi kI EIP Tx MM Instl Prime

MMM T=Fr Bd Mumi Bk EIT T MM Instl Govwt

MMO T=Fr Bd Mumi O =1k T MM Instl Prime Euro ank
MMS T=Fr Bd Muni M= SPE Tx MM Prime Euro

MMT T=Fr Bd Mumi BT EPR Tx MM Prime

MMHC T=Fr Bd Muni NG SPY Tx MM Frime Euro Yank
MMD T=Fr Bd Muni MO SUA Tz MM Govt & Agency

MME T=Fr Bd Muni NE SUT Tx MM Govt

MHH T=Fr Bd Muni MNH TAL T=Fr MR Muni AL

MM T=Fr Bd Mumi MJ TAZ T=Fr MM Muni AZ




Table B8: (continued)

CODE | CODE NAME

TBG T=Fr MM Fed Muni Bank Managed
TCA T=Fr MK Blumi A

TCT T=Fr MK BMuni CT

TEC Equity USA Technology
TFG T=Fr MM Fed Muni General
TF1 T=Fr MK Fed Muni Instl
TFL T=Fr MK BMuni FL

TGEA T=Fr MK BMuni GA
TMA T=Fr MR Buni MA
TMD T=Fr MK Buni MD

T T=Fr A& Buni M

TMM T=Fr MK BMuni MM
THC T=Fr MK BMuni NC

TH T=Fr MK Buni MJ

THY T=Fr MK Bumi Ny

TOH T=Fr MK BMuni OH
TRA T=Fr MK Buni PA

T T=Fr MK Buni TH

TTX T=Fr MK BMumi T

TWaA T=Fr MK Bumi Wi

uTl Equity LISA Utilites




Table B9: Wiesenberger Objective Codes

CODE DESCRIPTION

G Growth

I | I Inconme

I SStatiity |

I {A.NNUALIVDLUHEE 1991-93)
AnL Aczzet allocation
BAL Balanced
CBD Corporate bond
CHY Corporate high-yield bond
EMR Energy/Matural resources
FIM Financial sector
GCl Growth and current income
GO Government securities
GPM Gold and precious metals
HLT Health sector
IBD International bond
IECQ Equity income
IFL Flexdble income
INT Intemational equity
LTG Long-term growth

MEBD Municipal bond

MCG Ml=xainmumn capital gains

MHY Municipal high-yield

MMF Money market fund

M55 Bunicipal single state

MTG Gaovernment mortgage-backed
OTH Cither (not classified)

S5CGE Small capitalization growth
TCH Technology secior

TFM Tax-free money market

ThiM Taxsble money market

UL LUilitizs




APPENDIX C. CHAPTER 4

Table C1: Description of Variables

This table defines all the main variables of this study.

Variables Description

R? Measure of activity of fund introduced by Amihud, and Goyenko (2013), retrieved from an annual time
series regression of Carhart’s (1997) four factor model given in Equation (1). It is the proportion of the
variability in fund returns that is explained by the variation in these factors’ returns.

T(R?) Logistic transformation of R? for fund i at time t, explained in Equation (2).

Female Measure of Female Proportion. Equal to number of female managers divided by the total number of
managers in fund’s management team at time t.

SecDev Measure of Sector Concentration Deviation (%). Equal to the square root of the sum of squared
differences between portfolio concentration of fund i in each of the three super sectors and the average
concentration in each sector among all the funds in fund i’s investment segment in the same year t.

UnsysRisk Measure of Unsystematic Risk (%). Equal to the annual standard deviation of fund i’s return residuals
obtained from Carhart’s (1997) four factor model.

SysRisk Measure of Systematic Risk (%). Equal to the annual beta retrieved from regressing fund i’s excess return
on the excess return of market.

Risk Measure of Total Risk (%). Equal to the sum of systematic and unsystematic risk of fund i at time t.

TOratio Measure of Trading Activity (%). Equal to the lesser of annual purchases or sales (excluding all securities

with maturities of less than one year) and dividing by average net assets in time t.

AggSE Measure of Aggregate Style Extremity (%). Equal to the mean of style extremity of three style dimensions
i.e., size, value, and momentum in time t.

Size Measure of Fund Size. Equal to the natural log of total assets under management of fund i in time t.

Exp Measure of Expense Ratio (%). Equal to the value weighted average of net expense ratio of all the share

classes of a fund at time t.
Flow Measure of Fund Net Flow. Equal to the growth in fund i’s assets under management in time t, given in

Equation (3)

Note: For linear regressions, instead of taking annual average of the variables with monthly data frequency, the annual
measures are considered unchanged for all respective months of the year.



Table C2: Annual Distribution of Funds by Gender

This table presents the number of funds, number of male and female managers, ratio of female to male managers, and
proportion of female managers in management teams across all the sample funds from January 2004 — December 2014.

Female proportion

Year No. of funds No. of female No. of male Ratio of female to in management
managers managers male managers (%) teams (%)
2004 1,017 228 2,023 11.27 9.30
2005 1,079 268 2,386 11.23 8.99
2006 1,155 315 2,819 11.17 8.45
2007 1,207 354 3,067 11.54 8.70
2008 1,265 381 3,310 11.50 8.91
2009 1,302 406 3,453 11.75 8.92
2010 1,346 410 3,644 11.24 8.75
2011 1,401 413 3,876 10.65 8.41
2012 1,467 409 4,184 9.78 8.09
2013 1,522 410 4,297 9.54 8.21

2014 1,565 412 4,335 9.51 8.42




Table C3: Female Proportion and Risk-taking Behavior

This table presents the findings of regression of fund riskiness on female proportion, including fund level controls. The
dependent variable is fund’s risk level, which is measured as UnsysRisk, SysRisk, and Risk using Equation (1). The
independent variable is Female which is the number of female fund managers divided by the total number of managers
managing the fund at time t. We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered
standard errors for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels.
See Table C1 in the appendix for the explanation of the variables.

UnsysRisk;, = a+ B, Female;, + B, Size;y + B3 Exp;y + By Flow;, + &,
SysRisk;s = a + f; Female;, + B, Size;, + B3 Exp;y + By Flow;, + &,

Risk;, = a+ B, Female;, + B, Size;; + B3 Exp;; + B4 Flow;¢ + &,

Unsystematic Risk Systematic Risk Total Risk
(€ ) 3
Female -0.1483*** -0.0122 -0.1362***
(-3.45) (-1.11) (-2.83)
Size -0.0183 0.0134*** -0.0049
(-1.53) (3.86) (-0.37)
Exp 0.3634*** -0.0015 0.3619***
(12.25) (-0.16) (11.59)
Flow 0.1787** -0.0786** 0.1001
(2.02) (-2.10) (0.98)
Constant 0.5963*** 0.8822*** 1.4785%**
(5.21) (25.69) (11.92)
No. of Obs. 164,645 164,645 164,645

Adj. R-squared 0.1064 0.0038 0.0769




Table C4: Female Proportion and Overconfidence

This table presents the findings of regression of fund trading activity on female proportion, including fund level controls. The
dependent variable is fund’s trading activity, which is measured by turnover ratio, TOratio. The independent variable is
Female which is the number of female fund managers divided by the total number of managers managing the fund at time t.
We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered standard errors for time and
fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix
for the explanation of the variables.

TOratio;, = a+ piFemale;, + B, Size;, + B3 Exp;r + Py Flow; + &

Turnover Ratio

All Controls Fund Size Control Expense Control Flow Control
@ 2 ®3) 4

Female -9.9430* -9.8954* -9.6174* -9.9653*

(-1.79) (-1.75) (-1.70) (-1.79)
Size -8.2923%** -12.2874%**

(-2.88) (-3.97) ) )
Exp 18.7623%** 25.6923***

(2.51) ) (3.40) )
Flow -7.8048 6.4600

(-0.54) ) ) (0.48)
Constant 125.5378*** 180.5051*** 47.8703*** 76.6737***

(4.59) (6.59) (6.20) (34.71)
No. of Obs. 161,004 164,822 163,469 162,303

Adj. R-squared 0.0253 0.0171 0.0189 0.0006




Table C5: Female Proportion and Style Extremity

This table presents the findings of regression of investment style extremity on female proportion, including fund level controls.
The dependent variable is fund’s aggregated style extremity, which is measured in Equation (12). The independent variable is
Female which is the number of female fund managers divided by the total number of managers managing the fund at time t.
We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered standard errors for time and
fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in the appendix
for the explanation of the variables.

AggSE;s = a+ piFemale;, + B, Size;, + B3 Exp;p + By Flow; + &

Aggregated Style Extremity

All Controls Fund Size Control Expense Control Flow Control
@ 2 ®3) 4

Female -0.0550 -0.0565 -0.0555 -0.0513

(-1.18) (-1.20) (-1.16) (-1.09)
Size -0.0475%** -0.1110%**

(-3.99) (-8.71) ) '
Exp 0.2444%* 0.2817***

(7.47) ) (8.82) )
Flow 0.3346*** 0.5267***

(3.63) ) ) (5.06)
Constant 1.1155%** 1.9346*** 0.6767*** 0.9927***

(9.61) (17.40) (19.87) (89.04)
No. of Obs. 164,635 170,453 167,282 167,610
Adj. R-squared 0.0464 0.0241 0.0402 0.0022




Table C6: Time-varying Conditional Correlation and Fund Risk with Market Model

This table presents the findings of regression of fund returns correlation on riskiness of fund, including fund level controls.
The dependent variable is DCC, which is the dynamic conditional correlation of fund returns measured by using the model of
Engle (2002). The independent variable is fund’s risk level, which is measured as UnsysRisk, SysRisk, and Risk using
Equation (14). We winsorize the fund level control variables at 1% and 99%. The t-statistics based on clustered standard errors
for time and fund are reported in parentheses. ***, ** and * denote 99%, 95%, and 90% significance levels. See Table C1 in
the appendix for the explanation of the variables.

DCC;y = a+ Py Risk_Measures;, + [, Size;y + B3 Exp;y + By Flow;, + &,

Time-varying Conditional Correlation

(1) (2 (3)
UnsysRisk -0.5289***
(-16.83) ) )
SysRisk -0.0229
) (-0.38) )
Risk -0.4023%%*
) ) (-16.77)
Size -0.0101 0.0022 -0.0013
(-0.56) (0.09) (-0.07)
Exp -0.5097%%* -0.7608%** -0.5427%%%
(-11.24) (-13.33) (-11.29)
Flow -0.7862%%* -0.9288%** -0.8625%**
(-6.71) (-7.06) (-7.13)
Constant 3.7658%* 3.3018%* 3,9945% %
(21.59) (13.43) (21.41)
No. of Obs. 165,181 165,181 165,181

Adj. R-squared 0.3578 0.1597 0.3111




