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ABSTRACT 

 

Using hand-collected fund manager race data, I examined the current status of minority 

managers in the mutual fund industry.  I investigated manager characteristics and performance 

differences between minority (Asian, Black, Hispanic Latino) and White managers.  My results 

showed that minorities are underrepresented in the fund management industry, especially Black 

and Hispanic managers.  On average, 86.8% of single-manager funds are managed by White 

individuals, while 8.3%, 2.7%, and 2.3% are Asian, Black, and Hispanic managers, respectively.  

Minority managers manage more international funds, while White managers manage more 

growth-focused funds.  I show evidence that minority managers are younger and more educated, 

with shorter tenure and a lower percentage holding a CFA designation.  The funds managed by 

White managers are larger in size, have a higher turnover ratio, and have greater exposure to 

market risk.  Minority managed funds have higher monthly fund flows and take on greater 

idiosyncratic risk.  I found no significant difference in fund returns or risk-adjusted abnormal 

returns (alpha).  These results are robust to various analytical methods.  Essay 2 examines the 
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gender impact with a broader spectrum of fund types and studies the joint effect of race and 

gender related to the aforementioned metrics.  The data show 89.21% of all funds and 90.24% of 

actively managed funds are managed by males.  I found that females are younger, have less 

tenure, have lower levels of education, are more likely to hold a CFA designation, and have 

attended top tier schools.  Female managers are more likely to manage international funds.  I 

discovered that funds managed by males are larger, older, exhibit higher turnover ratios, and 

have higher levels of fund risk.  Male managers are more likely to manage growth-focused 

funds.  I found no significant difference in fund returns or risk-adjusted abnormal returns (alpha) 

utilizing Jensen’s alpha.  There are few significant differences in fund performances pertaining to 

gender and the interaction of race and gender.  The findings of this study can improve our 

understanding of mutual fund performance in general.  More importantly, this study provides 

timely and imperative information to understand and address the lack of diversity in the mutual 

fund industry. 

 Keywords: mutual funds, race, diversity, gender, fund performance 
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Chapter 1: Where is the Diversification? Manager Race and Fund Performance 

According to the Investment Company Institute (2020), there are $21.3 trillion total 

assets under management in the U.S. mutual fund industry, held by approximately 100 million 

individual investors.  The global mutual fund market was valued at $54.93 trillion in 2019 and is 

projected to grow to $101.2 trillion by 2027, which suggests an annualized growth rate of 11.3% 

from 2020 to 2027.1  There are a plethora of studies that have focused on mutual funds given the 

vast market size and rapid growth.  The mainstream of current research has focused on mutual 

fund performance (Cuthbertson, Nitzsche, & O'Sullivan, 2016; Fama & French, 2010; Ferson & 

Schadt, 1996; Grinblatt & Titman, 1992; Henriksson & Merton, 1981; Sharpe, 1966; Treynor & 

Mazuy, 1966).  Another stream of the literature suggests that fund manager characteristics, such 

as manager age, education level, tenure, and gender, impact fund performance (Brad M. Barber 

& Odean, 2001; Chevalier & Ellison, 1999; Kumar, Niessen-Ruenzi, & Spalt, 2015; Niessen-

Ruenzi & Ruenzi, 2019).  In recent years, research that has studied mutual fund manager 

characteristics (particularly gender and race) has attracted attention and has become increasingly 

important as the mutual fund industry is one of the least diversified with a vast majority of fund 

managers being White males.   

A diversified workforce can improve firms' performance and attract more talent to the 

firm.  Simpson, Carter, and D'Souza (2010) noted that considering qualified female candidates 

for board seats ultimately increases the talent pool and suggested that board inclusion would 

yield greater firm profitability and increased shareholder returns.  Khan and Vieito (2013) 

demonstrated that diversity in the CEO suite increases the firm's return on assets.  Richard 

 
1 https://www.alliedmarketresearch.com 
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(2000) showed that cultural diversity does in fact add value and contributes to firm competitive 

advantage.  

According to the U.S. Bureau of Labor Statistics (2021), in 2020, 80.5% of those 

employed in the financial investment industry were White, 5.8% were Black, 11.5% were Asian, 

and 8.1% were Hispanic.  In a Bella Research Group executive report, Lerner, Leamon, Madden, 

and Ledbetter (2017) reported that 85% of mutual fund managers were White and 88% were 

White males.  My data showed that 87% of mutual fund managers (funds managed by a single 

manager) are White, while 8.32% are Asian, 2.66% are Black, and 2.3% are Hispanic.  

Compared to the financial investment industry as a whole, the mutual fund management 

profession lags in minority representation.  In a survey by Fundfire and the Money Management 

Institute, 87% of executive and senior-level positions were held by White individuals (Walker & 

Nauman, 2017).  These survey results suggest that the lack of diversity in the industry is drastic 

and that information on firm diversity is scarce because firms are reluctant to disclose such 

information.  This study provides a detailed investigation examining the differences in manager 

and fund characteristics of minority managers in the mutual fund industry.  With the increased 

focus on diversity and inclusion in American society, this study is both important and timely.  

I obtained personal information for all managers who work in the open-end mutual fund 

industry from MorningStar.  There were 15,619 unique managers in the dataset.  For the purpose 

of homogeneous comparison, my study focused on single managers who have managed a fund in 

the past 30 years (from 1991–2019).  I ended up with 3,606 single managers during the sample 

period.  I manually identified the race of 2,778 managers based on the images obtained through a 

multi-step Web search.  I utilized NamSor commercial software to assign a race based on 

the linguistic or cultural origin of personal names in any alphabet or language for those managers 
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whose race could not be identified through a Web search.  I conducted my analyses on both 

samples, and my results were similar.  

Historically, the mutual fund industry has been dominated by White managers.  In 1991, 

there were 199 single White managers (over 90% of total single managers).  After 30 years, the 

number increased to 599 (85%) in 2019.  There were only five Asian managers (2.3%) in 1991; 

however, that number has been growing steadily over the past 30 years.  There were 92 Asian 

managers (13%) in 2019.  Black and Hispanic managers show a more volatile growth pattern.  

The number of single Black managers increased from 10 to 26 from 1991 to 2005 but decreased 

to five in 2019.  The number of Hispanic managers hit a peak of 24 in 2013 before declining to 

13 by 2019.   

My results suggest that there are disproportionally more Asian managers who manage 

international funds.  The increase in the number of Asian managers may be partially caused by 

the rapid economic growth in Asia during the past 30 years, which would attract more money to 

international funds.  Since minority managers start working in the mutual fund industry later than 

White managers, I expected that the age and tenure of minority managers is younger and shorter.  

My results confirmed that Asian managers, on average, are younger and have fewer years of 

tenure, but not for Black and Hispanic managers.  On the contrary, Black and Hispanic managers 

seem to be older and have longer tenure than their White counterparts.  

Either consciously or subconsciously, people systematically form favorable opinions 

toward their own race group and typically have a lower opinion about other racial groups 

(Hewstone, Rubin, & Willis, 2002; Sinclair & Kunda, 1999; Tajfel, 1982).  It often has been 

documented that minorities are trusted less, experience closer scrutiny, or are discriminated 

against in the workplace.  It also has been widely recognized that minorities must overcome extra 
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obstacles to achieve the same level of professional status compared to the White managers.  As 

one of the most lucrative, rewarding, and competitive professions, the mutual fund manager’s job 

usually requires a higher education level and extra training.  More importantly, they must 

demonstrate their ability and earn the trust of investors to be successful in the industry.  Due to 

the systematic human in-group bias and the historical stereotypes of mutual fund management, 

minority mutual fund managers may have to go to greater lengths to be accepted in the industry.  

My results indicated that minority managers have a significantly higher percentage of PhD 

degree obtainment and more attend top universities.  The difference in holding a master's degree 

was not significant between minority and White managers.  However, White managers hold a 

higher percentage of CFA designations.  The fund characteristics also showed a systematic 

difference across minority-managed and White-managed mutual funds.  White-managed funds 

are significantly larger and have a longer history (i.e., higher fund age).  These funds have a 

higher turnover ratio, but no significant differences exist in expense ratio and 12b-1 fees 

compared to minority managed funds.  

Previous literature has examined the differences in risk tolerances between minority and 

White households, most of them originating from the field of psychology and behavioral 

economics.  An overwhelming majority of these works have concluded that minorities are more 

risk-averse than White individuals (Bajtelsmit & Bernasek, 1996; Brad M. Barber & Odean, 

2001; Bernasek & Shwiff, 2001; Byrnes, Miller, & Schafer, 1999; Eckel & Grossman, 2002; 

Fisher & Yao, 2017; Gutter & Fontes, 2006; Gutter, Fox, & Montalto, 1999; Lemaster & 

Strough, 2014; Wang & Hanna, 2007).  However, minimal research has been done to measure 

the impact of this risk disparity on professionally managed mutual fund performance.  If 

minorities are more risk-averse than White individuals (Coleman, 2003; Gutter et al., 1999; 
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Wang & Hanna, 2007; Yao, Gutter, & Hanna, 2005), one can logically postulate that the level of 

risk of minority-managed mutual funds will also be lower than that of similar funds managed by 

a White fund manager.  Interestingly, Coleman (2003) found that when controlling for net worth 

the gap in risk taking diminishes.  Since mutual fund managers are high net worth individuals, 

this suggests that minority managers may take on equivalent levels of risk as White managers.  

My results agree with Coleman (2003), and I found that minority mutual managers do not take 

less risk.  On the contrary, I found that minority mutual fund managers take on higher levels of 

total risk, lower levels of market risk, and higher levels of idiosyncratic risk.  

Mutual fund flows are an important metric as previous research has shown a positive 

relationship between fund flows and the performance of those funds (Ippolito, 1992; Lakonishok, 

Shleifer, & Vishny, 1992; J. Patel, Zeckhauser, & Hendricks, 1991; Spitz, 1970).  Kumar et al. 

(2015) found a strong negative impact on fund flows when the manager had a foreign sounding 

name, indicating a xenophobic bias among investors.  These findings are consistent with the 

expectation from in-group racial bias.  Based on this, I expected to see funds managed by 

minority managers to attract fewer dollars than their White counterparts.  Surprisingly, I found 

that minority managers attract higher levels of fund flow than White managers.  This observation 

is likely due to the fact that mutual fund flows have been decreasing over the course of the last 

20 years due to the increase in alternative investment vehicles like exchange traded funds (ETFs; 

Investment Company Institute, 2020).  Because minority managers manage smaller funds, the 

fund outflows may not be as severe as the outflows of large funds managed by primarily White 

managers.  

The dearth of research on minority trading behavior makes it difficult to draw a direct 

correlation between the individual and fund manager level.  If, as previous literature has 
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suggested, minority managers are more risk-averse and lack a degree of overconfidence, then I 

should logically have found minority managers trading with less frequency and thus displaying 

lower portfolio turnover ratios.  My results supported this suggestion, and I found that funds 

managed by White managers have higher turnover ratios.  My analysis on other fund-level 

characteristics showed that White-managed funds are significantly larger and have a longer 

history (i.e., higher fund age), but no significant differences exist in expense ratio and 12b-1 fee 

compared to minority funds.  

My findings suggest that White managers have been the most represented race in the 

mutual fund industry, and the trend does not project to diverge in the future given the sheer 

numbers and constant growth.  I found that funds focused on growth opportunities are more 

likely to have White managers.  It is interesting to note that Asian managers manage a 

disproportionally higher percentage of international funds than White managers, but Asian 

managers also manage a disproportionally lower percentage of domestic equity funds.  Even 

though I do not have direct evidence, this observation might suggest an in-group bias by 

domestic equity investors in the United States.  

It is natural to argue that fund performance plays a big role in creating the disparity 

between minority and White managers.  For example, if White managers perform better than 

minority managers, the larger fund size would be the result of investors' pursuit of maximizing 

investment returns.  To address such an argument, I investigated the performance of various 

racial groups.  Overall, I did not detect any return differences between minorities and White 

individuals whether I compared monthly return or risk-adjusted alphas using different asset 

pricing models.  
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To make sure my results were robust, I applied a panel regression and a propensity match 

approach.  Using panel regression, I controlled for both manager-level characteristics and fund 

characteristics, with fund-level fixed effect and clustering error at different levels.  Since my data 

was highly unbalanced, with over 85% of the sample being White, I used the propensity match 

method to reduce the number of White managers to those with similar personal characteristics as 

minority managers based on age, tenure, educational background, and ownership level.  Using 

the nearest neighbor matching, I reduced the number of White managers by half.  I then applied 

the same panel regression with the propensity-score-matched samples.  My main findings 

remained unchanged in the new refined analyses.   

 I did not find evidence to support that minority managers underperform when measuring 

fund returns.  However, my results showed that minority managers attract a higher level of fund 

flows and take on more idiosyncratic risk.  My results also indicated that there are large 

variations among different races in the minority group and Asian managers primarily drive the 

results.  However, due to extremely small sample size for Black managers, the analysis at the 

individual level, especially the comparison among all races, is questionable.  Therefore, I report 

most of the results as minority versus White managers.  

Literature Review 

 Contrary to the work done on gender and mutual fund performance, there has been 

virtually no work to date on the performance of minority-managed mutual funds.  Most of the 

financial economics literature on race falls into two areas of interest.  The first one focuses on 

asset ownership (Badu, Daniels, & Salandro, 1999; Choudhury, 2001; DeVaney, Anong, & 

Yang, 2007; Gutter & Fontes, 2006; Hanna, Wang, & Yuh, 2010; Hira, Sabri, & Loibl, 2013; 
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Keister, 2000) and the other on risk aversion (Coleman, 2003; Gutter et al., 1999; Wang & 

Hanna, 2007; Yao et al., 2005) at the household level.    

 With regards to asset ownership, nearly every work has agreed that Black and Latino 

households hold significantly fewer risk-assets than their White counterparts (Badu et al., 1999; 

Choudhury, 2001; DeVaney et al., 2007; Gutter & Fontes, 2006; Hanna et al., 2010; Hira et al., 

2013).  Gutter and Fontes (2006) suggested that one possible explanation may be the lack of 

exposure to investment fundamentals in minority households.  Choudhury (2001) also alluded to 

a lack of appropriate financial environment and suggested that financial institutions have 

generally ignored minority households and marketed primarily to White households, creating a 

cultural bias against holding various risk assets.  The author called attention to the fact that 

minorities tend to hold their wealth in certificates of deposit and personal residence home equity, 

both of which have been marketed by institutions to minority communities (Choudhury, 2001).  

Hanna et al. (2010) found that nearly all of the ownership differences between Black and White 

risk asset ownership and 90% of the difference in White and Hispanic risk asset ownership could 

be explained by differences in demographic and economic status.  Hira et al. (2013) concluded 

that age, minority racial status, family size, employment status, and household income are 

directly correlated to household net worth.  

 The research focused on asset holdings unanimously has agreed that, in general, 

minorities hold fewer risk assets and hold a majority of their wealth in their personal residence 

and vanilla savings accounts, thus leaving them behind with regards to wealth accumulation 

(Choudhury, 2001).  A Wall Street Journal article discussed the apprehensiveness of Black 

individuals to invest in the stock market due to a general mistrust of Wall Street (Mabry, 1999).  

The article suggested that Black ownership of risk assets may increase with an increase of Black 
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investment professionals (Mabry, 1999).  If this is accurate, this further strengthens the case for 

this study as it would call additional attention to the lack of diversity and inclusion in the 

investment industry.  

  It is interesting that the research on risk tolerance and financial decision-making by 

minorities has been inconsistent and contrary in some aspects to the level of risk asset ownership.  

Gutter et al. (1999) studied the racial differences in investor behavior and confirmed that only 

23% of Black households hold risky assets versus 46% of White households.  Furthermore, the 

authors found that Black households report a greater level of risk-aversion and have a shorter 

average investment time horizon (3.5 years for Black households vs. 5 years for White 

households; (Gutter et al., 1999).  However, Gutter et al. (1999) did find that a similar percentage 

of Black and White households are willing to take on “substantial financial risk” (pp. 156), 

suggesting that the disparity between risk tolerance may be negligible at higher levels of risk.  

 This work was extended by Yao et al. (2005), who included Hispanic households in their 

research and confirmed previous results that White households are more apt to take on greater 

risk than Black and Hispanic households.  They also found that Black individuals are more likely 

to take on greater risk than their Hispanic counterparts (Yao et al., 2005).  They attributed this 

disparity to the fact that Hispanic individuals are more likely to be born outside the United States 

and may have greater barriers to entry to financial markets than Black individuals (Yao et al., 

2005).  They pointed to language barriers and a lack of financial concepts as key contributors 

(Yao et al., 2005).  In addition to the previously posited reasons for lack of risk-taking, Yao et al. 

(2005) proposed labor force instability as a fundamental contributor to higher levels of risk 

aversion among minority households.   
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 In contrast to Yao et al. (2005), Coleman (2003) found that Black households do not 

exhibit significantly higher risk aversion than White households when controlling for household 

net worth.  However, Coleman (2003) did confirm that, adjusting for household net worth, 

Hispanic households have a significantly lower propensity to assume high levels of risk and are 

less likely to be holding risk assets in their personal portfolios.     

 Lyons-Padilla et al. (2019) asked asset allocators who managed money for governments, 

universities, charities, foundations, and companies to rate venture capital funds based on a one-

page summary of the fund’s performance history.  The authors manipulated the race of the 

fictitious managing partner (White or Black), and they found that at stronger performance levels, 

asset allocators rated funds that were managed by White-led teams higher than that of Black-led 

teams (Lyons-Padilla et al., 2019).  Interestingly, they found that at weaker performance levels, 

asset allocators actually prefer Black-led teams to White-led teams (Lyons-Padilla et al., 2019).  

It is important to note that asset allocators are unlikely to invest in weaker performing funds 

regardless of lead manager race (Lyons-Padilla et al., 2019).  The findings suggest that there are 

additional systemic racial inequalities in investor capital allocation. 

 The discernment of the preferential view of members of one’s own racial, ethnic, or 

gender group has long been identified in the field of social psychology (Hewstone et al., 2002; 

Tajfel, 1982).  Crisp and Hewstone (2001) suggested that this is at the root of social biases.  

Jannati, Kumar, Niessen-Ruenzi, and Wolfers (2020) found that such biases are also present in 

financial markets by examining the interaction of analyst race, gender, and political affiliation on 

their rating of businesses run by CEOs of their in-group and out-groups.  Becker (1957) 

suggested that employers view hiring minorities as a drawback and as such require higher levels 

of productivity to be compensated at a level equivalent to their White peers.  Cornell and Welch 
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(1996) found that this type of bias exists even when it is understood that there is no difference in 

group characteristics and when employers do not prefer in-group candidates.  The authors found 

that when hiring from a multitude of applicants, the prime candidate often has a background 

similar to the employer (Cornell & Welch, 1996).  Bertrand and Mullainathan (2004) measured 

racial discrimination in the labor market, and they found significant discrimination against 

candidates with African American sounding names; they found that this level of discrimination 

was apparent regardless of occupation or industry.  This in-group bias can similarly be explained 

by social dominance theory.  Sidanius, Levin, Liu, and Pratto (2000) suggested that individuals 

with higher levels of social dominance support their in-groups in hopes of maintaining their 

dominance.  This may explain why the mutual fund industry has such a large White male 

population. 

Data and Methodology 

This study utilized mutual fund manager data provided by Morningstar and the 

CRSP Survivor-Bias-Free Mutual Fund Database.  CRSP provides high-quality 

performance data, while Morningstar is more robust in manager biographical data 

(Massa, Reuter, & Zitzewitz, 2010).  Morningstar provides manager name, gender, career 

start date, manager tenure (including exact dates of manager employment), educational 

institution, and degree obtained.  I collected monthly fund returns, total-net-assets, 

investment objectives, fees, fund family, and other fund characteristics from the CRSP 

mutual fund database. 

CRSP and Morningstar Merge 

Similar to Pástor, Stambaugh, and Taylor (2015) and Berk and van Binsbergen 

(2015), I merged monthly mutual fund return data and annual fund summary data from 
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CRSP with manager data from Morningstar.  Morningstar provides fund ID as an 

identifier at the fund level and uses CUSIP and ticker as share-level identifiers.  CRSP 

mutual fund data has a unique fund-level identifier and uses the CUSIP and ticker symbol 

(called trading symbol) to identify a fund at the share level.  I merged the two databases 

using both CUSIP and ticker to maximize the match.  CUSIP was used as the primary 

identifier since it produced more matches than ticker symbol.  However, ticker symbol 

identified additional matches that were missed by CUSIP.  In the end, I was able to match 

13,436 unique managers through CUSIP matching and an additional 1,782 managers 

through ticker symbol matching.  

To identify each manager's tenure at different funds, I used the start date and end 

date from Morningstar.  The start date is when a manager starts managing a fund, and end 

date is when the manager leaves the position.  CRSP also provides the start and end dates 

for fund managers.  However, they do not always agree with each other.  S. Patel and 

Sarkissian (2017) demonstrated these discrepancies and found that the data from 

Morningstar was more accurate.  Therefore, I also relied on Morningstar data to track 

managers’ tenure.  If the end date was not provided for a fund, I assumed the manager is 

the fund's current manager.  I merged managers' start and end dates with mutual fund 

monthly return panel data.  I only kept the data when the calendar date was between start 

and end dates in our sample.  If there was more than one manager for the same fund at 

any month, the fund was classified as a team-managed fund.  Otherwise, it was identified 

as a single-managed fund.  My data showed that most team-managed funds had less than 

five managers; however, some funds had more managers, and one fund had 28 managers 

simultaneously.  
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I focused on single-managed mutual funds for most analyses in this study because 

it is difficult to separate individual manager impact from other managers in a team-

managed fund.  In addition, previous research has shown that team-managed funds and 

single-managed funds behave differently (Massa et al., 2010).  Because mutual funds 

have different investment objectives, the comparison across different types of funds 

would be questionable.  Therefore, I further limited my sample to actively managed 

equity (AME) funds.  I used the CRSP mutual fund investment objective code as my 

primary screening tool.  After I excluded bond funds and money market funds, I 

eliminated ETF funds and index funds.  I then used three criteria to define actively 

managed funds: CRSP objective code (equity fund indicator), funds with more than 50% 

of assets in equities, and funds with more than 75% assets in equities.  I found that there 

are no significant differences in the results using the various criteria.  The results reported 

in this study are based on CRSP classification.  

Identification of Manager Race 

I took a multi-step approach to identify the race of every single manager.  First, I 

used managers’ personal information provided by Morningstar to manually identify race 

through an intensive web search.  I used Google to search each manager's image using his 

or her given name, middle name, family name combined with the keywords fund 

manager or portfolio manager.  I then used the names of funds that the manager has 

worked to confirm that I found the correct person.  Third, if the manager's name and fund 

names were not enough, I used the manager's educational background, such as schools 

the manager has attended, and professional designations (CFA, CPA, CFP, etc.) as 

supporting information to ensure that I identified the correct manager.  I grouped 
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managers into four race groups, namely, Asian, Black, Hispanic Latino (Hispanic, 

hereafter), and White Non-Latino (White, hereafter).  

In most cases, I was able to determine the race based on the image.  However, 

where there was ambiguity (primarily in the case of Hispanic managers), I looked to 

triangulate data by identifying the country of origin, location of university attended, or 

membership in ethnic organizations (i.e., Latinos in Finance) to support the identification.  

Despite the extensive search, I was unable to obtain images for some managers, 

particularly for those whose careers started earlier and female managers.  Since the 

unidentifiable managers have such patterns, my sampling procedure may have a built-in 

non-random bias.  To minimize the sampling error, I used the commercial software 

NamSor application programming interface to classify those unidentified names into the 

same race groups.  NamSor recognizes the linguistic or cultural origin of names and 

probabilistically infers gender or ethnicity (Santamaría & Mihaljević, 2018).  It has been 

used in many studies to provide racial and gender information (Nager, Hart, Ezell, & 

Atkinson, 2016).  
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Table 1.1  

Total Number of Managers Over Period 1991–2019 

  Identified + Assigned     Identified  
Fund Group Asian Black Hispanic White Total   Asian Black Hispanic White Total 

All Funds 
300 96 83 3,127 3,606  229 28 75 2,446 2,778 

8.32% 2.66% 2.30% 86.72% 100.00%   8.24% 1.01% 2.70% 88.05% 100% 

AME Funds 220 59 52 2,010 2,341  156 20 46 1,497 1,719 

9.40% 2.52% 2.22% 85.86% 100.00%   8.96% 1.08% 2.65% 87.31% 100% 
Note. This table reports the total number of managers who have managed a mutual fund as the sole manager during period of 1991–2019 by race. All funds refers 
to all single-managed funds, while AME funds mean actively managed equity funds. Identified + Assigned refers to all single managers in the sample (whether 
race was identified manually or assigned by NameSor). Identified refers to the managers whose race was identified manually.  
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Table 1.1 reports the number of unique fund managers in each race over my 

sample period using different sampling methods.  As shown in Table 1.1, the total 

number of single managers in all funds for 1991–2019 was 3,606, including those whose 

names were identified or assigned by NameSor.  Out of the 3,606 managers, 300 were 

Asian, 96 were Black, and 83 were Hispanic, representing 8.32%, 2.66%, and 2.3%, 

respectively, while 3,127 (86.72%) were White.  For those managers who were manually 

confirmed, I found roughly the same percentages of Asian, Hispanic, and White 

managers.  However, the percentage of Black managers was significantly smaller, which 

suggests that managers with linguistically or culturally identified Black names do not 

have much personal information posted on the internet.  Naturally, the number of single 

managers in AME funds dropped, though the percentage of each race stayed relatively 

the same.  Only the percentage of Asian managers increased slightly in AME funds.   

Manager-Level, Fund-Level Characteristics and Fund Performance Measures 

Manager-Level Characteristics 

Morningstar provides the birth year of fund managers.  However, this variable is 

one with the most missing values.  Less than 30% of managers in my single manager 

sample had birth year data available.  To increase the number of observations, I followed 

Brad M Barber, Scherbina, and Schlusche (2017) and for those observations where I did 

not have birth year, I assumed the manager got a bachelor’s degree at the age of 22, 

master's degree at the age of 24, and PhD at the age of 30 if the graduation year was 

available.  I calculated manager age as the difference between the calendar year minus 

the birth year.  Even after using graduation years, I was only able to obtain an age for 



 

17 

30.27% of managers.  To avoid cutting the sample size too small, I used manager tenure 

as a proxy for manager age in most of my analyses.  

Morningstar provides starting and ending dates for each manager and for each 

fund the manager has worked.  I used the earliest starting date of each manager as the 

career starting date and calculated manager tenure as the difference between calendar 

date and the career starting date.  

Morningstar also has managers' graduation dates and schools attended for each 

degree.  I defined a manager as one with a bachelor's, a master's, or a doctoral degree if 

the calendar date was later than the graduation date.  I used the first graduation date if a 

manager had multiple same-level degrees.  I defined a school as top school if it was one 

of the Ivy League schools, one of top 10 colleges, one of top 10 universities, or one of top 

10 MBA programs using U.S. News Best Schools ranking report (U.S. News & World 

Report, 2020).  Morningstar also provides ownership for each manager in the funds they 

manage.  I constructed an ownership level scale from 1 to 7, with 1 being $0 and 7 being 

over $1,000,001.2 

Fund-Level Characteristics 

Morningstar and most of the CRSP data are at the fund share-class level.  

Although different share classes hold the same underlying investment portfolio, they are 

different in fee structure, expense ratios, turnover ratio, and net returns.  To avoid 

multiple counting, I aggregated all share-class level data into fund-level data using the 

weighted average based on total net assets under management in most cases.  To 

 
2 Level 1 is $0, level 2 $1-$10,000, level 3 $10,001-$50,000, level 4 $50,001-$100,000, level 5 $100,001-$500,000, 
level 6 $500,001-$1,000,000, and level 7 $1,000,001 and above.  
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calculate fund age, I subtracted the first offer date (CRSP data item first_offer_dt) from 

the calendar date.  I summed the total net assets of each share class in the same fund as 

the fund size.  I used the management code (mgmt_cd from CRSP) as the identifier of the 

management family.  The CRSP mutual fund style code was used to classify the single-

managed funds into different market segments.3  

I calculated the standard deviation of the past 12 monthly returns as the total risk.  

Fund unsystematic risk was computed as the standard deviation of the residuals from 

Jensen's 1-factor model in a 12-month rolling window regression.  I defined the standard 

deviation as the unsystematic risk for each fund.  I used beta from the market model to 

measure fund systematic risk using the same rolling regression with a 12-month rolling 

window. 

Following Sirri and Tufano (1998), I calculated fund flows as: 

fundflow i,t = .  . ∗( , )

.
                                    (1) 

where TNA is total net assets in the fund and Ri,t  is the return of the fund i in time t.  Fund 

flows were winsorized at the top and bottom 1%.   

In some analyses, I compared the Sharpe (1966) ratio, which I calculated for all funds 

monthly utilizing the following formula: 

      Sharpe Ratio =      (2) 

 
3 I group all funds into 8 segments: Domestic Equity, International Equity, Fixed Income, Balanced (Growth and 
Income, Growth, Mixed (Equity and Fixed Income), Sector Equity, and Others (Real estate, currency, etc.) 
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where Rp is the average return of the fund over a 12-month period, Rf is the average risk-free 

rate, and σp is the standard deviation of the fund returns over the same 12-month period. 

Besides the monthly return (after fee) from CRSP, I also computed the risk-

adjusted alpha using Jensen’s one-factor, the Fama and French (1993) 3-factor model, the 

Carhart (1997) 4-factor model, and the Fama–French 5-factor model.  I used a 12-month 

rolling window approach.  Therefore, I only included managers who had managed a fund 

for more than 12 months in my analyses.  

ri,t – rf,t = αi,t + β1(rm,t - rf,t) + εi,t            (3) 

ri,t – rf,t = αi,t + β1(rm,t - rf,t) + β2SMBt + β3HMLt + εi,t             (4) 

ri,t – rf,t = αi,t + β1(rm,t - rf,t) + β2SMBt + β3HMLt + β4MOMt + εi,t           (5) 

     ri,t – rf,t = αi,t + β1(rm,t - rf,t) + β2SMBt + β3HMLt + β4MOMt + β5LIQt + εi,t          (6) 

where ri,t is the return on a portfolio at time period t; rf,t is the one month T-bill return; rm,t is the 

excess return on a value-weighted aggregate market proxy; and SMB, HML, and MOM are 

returns on value weighted, zero-investment, factor-mimicking portfolios for size, book-to-market 

equity, and one-year momentum in stock returns, respectively (Carhart, 1997, p. 61).  LIQ is a 

liquidity factor suggested by Pástor and Stambaugh (2003).  Following Carhart (1997), I 

estimated one-month alphas each month on every fund, using a minimum of 12 observations. 

 My main regression model to study the impact of race on fund performances was: 

Performance metric (Risk (or Return))=αit + β1 Minority +∑ βi Fund Characteristicsi +∑ βj  

                                               Manager Characteristicsj + e          (7) 
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Where Performance metric (Risk or (Return)) is the dependent variable (such as fund risk and 

returns) and Minority is a dummy variable with 0 for White managers and 1 for other races.  I 

replaced Minority with Asian_dummy, Black_dummy, and Hispanic_dummy when I conducted 

comparisons among individual races.  In the panel regression, I controlled for both fund-level4 

and manager-level characteristics.5  All analyses were with fixed effects at fund and time levels.  

The standard errors were clustered at fund family level.  

With over 85% of all managers being White, the manager race data was highly 

unbalanced.  I used the propensity score matching method to find the matching White 

manager(s) for every minority manager to address this issue.  I used a logit model to calculate the 

probability of a manager being minority based on manager-level characteristics, such as age, 

tenure, gender, education, and ownership level.  After that, I used nearest neighbor matching to 

find White managers for each minority.  I then conducted the same panel regression using the 

minority managers and the matching White managers only to check if my results were driven by 

other characteristics that my primary model may have missed.   

  

 
4 Fund-level characteristics included lagged (one month) fund size, lagged (one month) fund family size, fund age, 
lagged (12 months) turnover ratio, lagged (12 month) 12b1 fee, lagged (12 months) expense ratio, net fund flow (the 
total net flow of a fund over past 12 months), net fund return (the accumulated return over past 12 months), and total 
fund risk.  Fund size is the logarithm of total net assets plus 1.  
5 Manager-level characteristics included gender_dummy (1 for male, 0 for female), top school dummy (1 for top 
universities, 0 otherwise), CFA dummy, master’s degree dummy, doctoral degree dummy, manager tenure, and 
ownership level. 
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Table 1.2 Race Distribution among Various Market Segments 

 

Note. This table reports the percentage of the number of managers of each race in various market segments. % of total Mgr means the percentage 
of managers of each race compared to total number of all managers. Equity Domestic means domestic equity funds; Equity International means 
international equity funds. Fixed Income refers to fixed income funds. Balanced means fund balance growth and value. Growth means growth 
funds. Mixed is the fund mixed with equity and fixed income funds. Other means funds invested in real estate and currency, etc. Equity Sector 
refers funds sector funds.    

  Panel A. All Funds 
  Identified + Assigned   Identified 
 Variable Asian Black Hispanic White   Asian Black Hispanic White 
% of total Mgr 8.32% 2.66% 2.30% 86.72% 

 
8.24% 1.01% 2.70% 88.05% 

Equity Domestic 6.49% 2.80% 0.88% 89.82% 
 

5.71% 1.90% 0.95% 91.43% 
Equity International 16.90% 1.65% 4.12% 77.34% 

 
15.59% 0.66% 4.98% 78.77% 

Fixed Income 7.84% 2.32% 2.21% 87.64% 
 

8.99% 0.94% 2.54% 87.53% 
Balanced 6.72% 2.85% 2.04% 88.39% 

 
7.03% 0.54% 2.70% 89.73% 

Growth 6.64% 1.95% 1.15% 90.26% 
 

6.99% 0.87% 1.16% 90.98% 
Mixed  7.21% 4.03% 1.51% 87.25% 

 
7.67% 1.40% 1.40% 89.53% 

Other 6.82% 1.52% 2.27% 89.39% 
 

6.73% 0.00% 2.88% 90.38% 
Equity Sector 10.26% 1.97% 1.58% 86.19%   8.93% 0.50% 1.74% 88.83%           

  Panel B. AME Funds 
  Identified + Assigned   Identified 
 Variable Asian Black Hispanic White   Asian Black Hispanic White 
% of total Mgr 9.40% 2.52% 2.22% 85.86% 

 
8.96% 1.08% 2.65% 87.31% 

Equity Domestic 5.18% 3.01% 0.50% 91.32% 
 

4.54% 2.16% 0.43% 92.87% 
Equity International 16.57% 1.76% 4.25% 77.42% 

 
15.40% 0.71% 5.13% 78.76% 

Growth and Income 5.59% 3.13% 2.24% 89.04% 
 

6.25% 0.60% 2.98% 90.18% 
Growth 6.65% 1.93% 0.97% 90.45% 

 
6.89% 0.92% 1.07% 91.12% 

Equity Sector 10.55% 2.03% 1.62% 85.80%   9.21% 0.51% 1.79% 88.49% 
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Results 

The percentage of each race in each market segment is reported in Table 1.2; the 

percentage of each race of the total number of managers is included for comparison.  The 

results suggest that Asian and Hispanic managers are much more likely to manage 

international funds.  Asian managers are also more likely to manage sector equity funds.  

White managers are more likely to manage growth, balanced, and other domestic equity 

funds.  The results were similar whether I used only the identified race sample or added 

the NameSor assigned races.  

Although people expect to see a lack of diversity in the mutual fund industry, it is 

still striking to see how few minority managers have ever managed an active equity fund.  

Over the past 30 years, there were only 156 Asian, 46 Hispanic, and 20 Black managers 

in the race-identifiable sample.  To further investigate the problem, I studied how the 

number of managers of each race changed over time.  Figure 1 shows the results. 
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Figure 1. Historical changes of each race in actively managed equity funds from 1991–2019. The number on the y-
axis is the natural log of (number of managers in each race + 1). 

 

Figure 1 shows the number of managers in each race over 29 years (from 1991 to the end 

of 2019).  The y-axis shows the natural log of the number of managers in each race plus 1 in 

each year.  The results are for AME managers whose race could be identified.  The number of 

White and Asian managers has been increasing over the past 30 years.  There was only one 

Asian manager in the year 1991 and there were 73 by the end of 2019.  White managers show a 

steady increase over the years; the number increased from 199 in 1991 to 458 in 2019.  The 

number of Hispanic managers reached its peak in 2013 (23 managers) but dropped to 13 by the 

end of 2019. 

On the other hand, Black managers had the most significant variation over the years.  I 

observed the highest number of Black managers (seven) in 2001 and 2002, but this number 

decreased dramatically to only two in 2013 and 2014, then it increased to five in 2019.  There is 

a clear equity issue in the mutual fund industry.  The time trend analysis suggests that White 

managers have been a dominant race in the industry, and the number of White managers has 
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continued to increase.  A troubling finding is that the number of Black and Hispanic managers 

has dropped in recent years, and the trend does not seem likely to change.  Next, I present the 

summary statistics of fund manager characteristics.  
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Table 1.3 Manager-Level Characteristics Comparison among Different Races 

 Variable Asian Black Hispanic Minority White Minority vs. White 
Age 44.918 48.799 49.788 46.684 48.409 -1.783*** 
Tenure 5.044 6.061 6.892 5.546 6.115 -0.579*** 
Master (%) 54.000% 53.704% 59.375% 56.623% 58.697% -1.968% 
PhD (%) 11.000% 5.556% 4.082% 8.940% 4.039% 4.875%*** 
TopSchool (%) 23.611% 24.200% 20.481% 23.783% 20.814% 2.968%*** 
CFA (%) 43.500% 46.296% 44.898% 44.040% 48.681% -4.470%*** 

 

Note. This table presents the mean values of various manager-level characteristics among different races. The Welch’s t test of differences 
between minority managers and white managers is presented in the last column. The means are at manager-month level. Age is defined as 
calendar date minus birth year of the managers. Tenure is the calendar year minus the first starting date of the manager. Master is the percentage 
of managers who have a master’s degree. PhD is the percentage of managers with a doctoral degree. TopSchool is the percentage of managers 
who got any degree from the top universities (top university is defined as one of top 10 colleges, top 10 universities, or top 10 MBA programs from 
U.S. News Best Schools ranking, or one of the Ivy league universities). CFA is the percentage of managers who hold a chartered financial analyst 
(CFA) designation.    

*p < 0.1, **p < 0.05, *** p < 0.01.  
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In Table 1.3, I report the manager age, tenure, educational background, and professional 

designation for each race for different sample groups.  Since the results were similar, I only 

present the results for race identified managers in AME funds.  I also report the Welch’s t 

statistics between the minority managers and White managers.  There were some common trends 

observed.  First, the age of minority managers is significantly younger than White managers, but 

it is mainly driven by Asian managers.  Black and Hispanic managers have similar ages as the 

White managers.  Second, minority tenure is also shorter than White managers’, and this is also 

driven by Asian managers.  Third, the percentage of managers with a master's degree is higher 

among White managers than Asian and Black managers, but Hispanic managers have the highest 

percentage of master’s degrees.  Fourth, the minority managers collectively have a higher 

percentage of PhD degree holders than White managers, especially for Asian and Black 

managers.  Fifth, a higher percentage of minority managers, predominantly Asian and Black 

managers, attend top schools compared to their White counterparts.  Last, a higher percentage of 

White managers are CFA holders compared to minority managers, but Black managers have the 

highest CFA designation percentage.  

I also analyzed the differences in fund characteristics, fund performance metrics, and 

fund risks among different racial groups.  Table 1.4 reports the results.  Because of the large 

difference in sample sizes, especially the extremely small sample size for Black managers, I 

compared the difference between minority and White managers using the Welch's t test.  The 

results suggest that the funds managed by minority managers have a higher level of fund flows, 

smaller fund size, lower turnover ratios, and are older.  The minority managed funds charge 

higher expense ratios and 12b1 fees. 
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Table 1.4 Fund-Level Characteristics Comparison among Different Races 

 Variable Asian Black Hispanic Minority White 
Minority vs. 

White 
Minority vs. White 

(PS Matched) 
Fund Flows 0.025 0.021 0.013 0.023 0.021 0.002*** -0.002 
Fund Size 654.698 488.826 869.315 666.553 936.069 -269.515*** -106.879** 
Fund Age 9.540 7.954 10.042 9.818 10.507 -0.690*** -0.667*** 
Expense Ratio 0.012 0.013 0.012 0.0124 0.0121 0.0003*** 0.001*** 
12b1-fee 0.003 0.003 0.002 0.0027 0.0025 0.0002*** 0.001*** 
Turnover Ratio 0.736 0.632 0.697 0.714 0.864 -0.150*** -0.067*** 
Fund Return 0.71% 1.07% 0.78% 0.777% 0.775% 0.002% 0.001% 
Jensen's alpha -0.07% 0.15% -0.18% -0.053% -0.024% -0.029%*** -0.000 
3-factor alpha -0.15% 0.01% -0.28% -0.144% -0.072% -0.072%*** -0.001%*** 
4-factor alpha -0.11% 0.02% -0.23% -0.111% -0.064% -0.047%*** -0.0002%*** 
5-factor alpha -0.14% 0.05% -0.28% -0.130% -0.061% -0.070%*** -0.001%*** 
Fund Risk 0.048 0.053 0.049 0.049 0.045 0.004*** 0.006*** 
Systematic Risk 0.96 0.84 1.03 0.951 0.98 -0.028*** -0.033*** 
Unsystematic Risk 0.026 0.032 0.026 0.027 0.021 0.006*** 0.009*** 
Sharpe Ratio 0.128 0.152 0.126 0.132 0.144 -0.012 -0.038** 
Ownership_level 3.601 2.908 3.490 3.496 3.570 0.074*** 0.091*** 

Note. This table shows the comparison of fund-level characteristics among different races. The Welch’s t test of differences results between minority and white 
managers are reported in the second to last column and propensity score matching comparisons are reported in the last column. Fund flows is calculated as the 
change of total net assets from month t - 1 to month t - the return of month t. Fund flows are winsorized at bottom and top 1%. Fund size is total net assets under 
management (AUM) at month t. Fund age is the calendar date minus the first offer date of the fund. Expense ratio, 12b-1 fee, and turnover ratio are at annual 
base. Fund return is CRSP reported monthly return (after fees). Jensen’s, 3-factor, 4-factor, 5-factor alphas are the alphas using Jensen’s 1-factor, Fama–French 
3-factor, 4-factor, and 5-factor models in a 12-month rolling window regression. Fund risk is the standard deviation of past 12 monthly returns. Systematic risk is 
the beta of Jensen’s 1-factor model in a 12-month rolling regression. Unsystematic risk is the standard deviation of the residuals using Jensen’s 1-factor model. 
Sharpe ratio is the fund excess return over fund risk. Ownership_level is the monetary ownership of a manager in the fund he/she manages.  The level of 
ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above.  

*p < 0.1, **p < 0.05, *** p < 0.01.  
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I found that minority managers provide the same average monthly returns as White 

managers, while White managers produce a higher Jensen's alpha, as well as higher Fama–

French 3-, 4-, and 5-factor alphas.  I also found minority managers take higher levels of total 

risk, lower levels of systematic risk, and higher levels of unsystematic risk.  Finally, I found no 

significant differences in Sharpe (1966) ratios between minority- and White-managed funds.  

When I examined individual races, I found that Asian managers are the main driver for the 

difference between minorities and White individuals, which is expected due to the greater 

number of Asian managers compare to other minorities.  Although the number of Black and 

Hispanic managers was relatively small, the comparison among different races revealed some 

variation:  

1. Funds managed by Hispanic managers have a lower level of fund flows than Asian and White 

managers.  

2. Hispanic-managed funds have larger fund sizes than Asian- and Black-managed funds, and the 

fund size of Black managers is the smallest. 

3. Black managers deliver the best return performance in both monthly return and risk-adjusted 

alphas.  

4. Black managers assume higher fund risk, lower systematic risk, and higher unsystematic risk. 

My results suggest that Black-managed funds are different than funds managed by White 

individuals and individuals of other races.  Unfortunately, the sample size of Black managers is 

extremely small, which prevented me from drawing a reliable comparison.  

Even though I grouped all minority managers together to compare to White managers, I 

still had an unbalanced data set.  In my confirmed AME samples, 87% of managers were White.  

To make sure that my Welch's t test comparisons were robust, I used a propensity score matching 



 

29 

method to restrict White managers based on managers’ gender, age, tenure, and educational 

background.  Using the nearest neighbor matching method, I matched each minority manager to 

its nearest neighbor.  The comparison based on propensity matching is reported in the last 

column of Table 1.4.  Compared to Welch's t test, I found that the differences in fund size, 

turnover ratio, fund return, and alphas decreased greatly, although they all remained significant.     

Regression Analysis 

Manager Race and Fund Flow 

I started by analyzing the differences in fund flows among different racial groups.  To 

make my analysis comparable, I focused on AME funds.  Table 1.5 presents the panel regression 

results.  Models 1 and 2 show the results from using the samples with identified races plus 

NameSor assigned races.  Models 3 and 4 are for race identified managers only.  Models 1 and 3 

report the results with racial dummies, and Models 2 and 4 report results with a minority dummy 

variable.  As shown in Table 1.5, minority managers collectively show an increased level of fund 

flows compared to White managers after controlling for fund characteristics and manager-level 

characteristics at a 10% significance level when using all samples.  I found these results to be 

significant at a 5% level when using only identified races.  
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Table 1.5 Manager Race and Fund Flows in Actively Managed Equity Funds 

Variables 
Model 1 

Identified + Assigned 
Model 2 

Identified + Assigned 
Model 3 

Identified 
Model 4 

Identified 
     

Minority  0.0025*  0.0036** 
  (1.83)  (2.25) 

B_dummy -0.0036  0.0003  
 (-1.22)  (0.06)  

A_dummy 0.0033**  0.0034*  
 (2.08)  (1.66)  

H_dummy 0.0046  0.0053  
 (1.43)  (1.36)  

L_size -0.0121*** -0.012*** -0.013*** -0.013*** 
 (-7.42) (-7.42) (-6.49) (-6.49) 

L_family_size 0.0022*** 0.0022*** 0.0027*** 0.0027*** 
 (2.75) (2.76) (2.70) (2.70) 

Fund_age 0.0004 0.0004 0.0009 0.0009 
 (0.90) (0.93) (1.60) (1.60) 

L(12)_turnover 0 0 0 0 
 (-1.22) (-1.22) (-1.30) (-1.30) 

L(12)_12b -0.2271 -0.2242 -0.2749 -0.2613 
 (-0.52) (-0.52) (-0.51) (-0.49) 

L(12)_exp -0.4123** -0.4133** -0.4251** -0.4276** 
 (-2.45) (-2.44) (-2.16) (-2.16) 

Net_Flow 0.0606*** 0.0606*** 0.0599*** 0.0599*** 
 (60.76) (60.72) (53.80) (53.75) 

Net_return 0.0438*** 0.0438*** 0.0449*** 0.0449*** 
 (10.65) (10.65) (10.67) (10.68) 

Fund_risk -0.0049 -0.005 -0.0156 -0.0156 
 (-0.18) (-0.19) (-0.52) (-0.53) 

Gender_dummy 0.001 0.001 0.0009 0.001 
 (0.88) (0.88) (0.62) (0.66) 

TopSchool 0.0003 0.0004 -0.0013 -0.0013 
 (0.27) (0.37) (-0.95) (-0.95) 

CFA_Dummy -0.0013 -0.0012 -0.0014 -0.0014 
 (-1.48) (-1.35) (-1.18) (-1.16) 

Masterdummy -0.0012 -0.0012 -0.0015 -0.0015 
 (-1.14) (-1.15) (-1.22) (-1.22) 

Doctoraldummy -0.0011 -0.0012 0.0004 0.0003 
 (-0.59) (-0.63) (0.17) (0.12) 

Mgr_tenure 0.0006*** 0.0006*** 0.0008*** 0.0008*** 
 (4.71) (4.67) (4.58) (4.59) 
     

    
(continued) 
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(continued) 

Note. This table shows the winsorized fund flows regressed on either minority dummy (Minority, 1 for minority, 0 
for white) or race dummies (A_dummy, B_dummy, and H_dummy for Asian, Black, and Hispanic managers, 
respectively) with manager level and fund level control variables. These results are for actively managed equity 
funds. Identified + Assigned are all single managers whose race was either manually identified or assigned by 
NameSor. Identified is for managers whose race was identified manually only. Sample period is from 1991–2019. 
L_size is the logarithm of lagged monthly total net assets. L_family_size is the logarithm of the lagged monthly sum 
of all fund total net assets within the same fund family. Fund_age is the age of the fund since its first offered date. 
L(12)_turnover, L(12)_12b1, and L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, 
and expense ratio aggregated at fund level). Net_flow is the accumulated fund flows in the past 12 months. 
Net_return is the accumulated return of the past 12 months. Fund_risk is the standard deviation of the fund’s past 12 
months of monthly returns. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the 
dummy variable if a manager has a degree from a top university. Masterdummy and Doctoraldummy are dummy 
variables with a value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is 
how long since first entering the industry as a manager. Ownership_level is the monetary ownership a manager has 
in the managed fund. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All 
models have time (month) and fund level fixed effects (FE). The standard errors are clustered at the fund family 
level. 

*p < 0.1, **p < 0.05, *** p < 0.01.  

  

Variables 
Model 1 

Identified + Assigned 
Model 2 

Identified + Assigned 
Model 3 

Identified 
Model 4 

Identified 
     

Ownership_level 0.0002 0.0002 0.0001 0.0001 
 (0.76) (0.74) (0.25) (0.24) 

Constant 0.0429*** 0.0426*** 0.0373*** 0.0371*** 
 (5.30) (5.27) (3.87) (3.85) 
     

Observations 126,156 126,156 105,840 105,840 

Adjusted R2 0.2901 0.29 0.2869 0.2869 
Fund FE YES YES YES YES 
Month FE YES YES YES YES 
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The lagged fund size and expense ratio have a significant negative impact on fund flows.  

In contrast, lagged fund family size, fund net flows, and fund net returns have a significantly 

positive impact.  At the manager level, I found that only manager tenure is positively correlated 

with fund flows.  When I separated the minority group by race, I found that Asian managers have 

higher fund flows at a 5% significance level for the full sample but at a 10% significance level 

when only confirmed samples were used.  

Manager Race and Fund Return 

I used a similar model to investigate the differences in fund return among different race 

groups.  Three return performance metrics—monthly return, Jensen’s alpha, and Carhart’s 

(1997) 4-factor alpha—are reported in Table 1.6 with controls for fund-level and manager-level 

characteristics.  Overall, I did not observe any significant differences between minority and 

White managers.  The same results were also observed when race dummy variables were used.  

To save space, I only present the results using the minority dummy variable.  
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Table 1.6 Manager Race and Fund Returns 

Variables Monthly Return 1-Factor Alpha 4-Factor (Carhart) Alpha 

    

Minority 0.0002 0 0 
 (0.21) (-0.19) (0.12) 

L_size -0.0045*** -0.0001** -0.0002 
 (-9.33) (-2.35) (-1.43) 

L_family_size 0.0001 0.0001*** 0.0002** 
 (0.39) (2.79) (2.21) 

Fund_age 0.0004*** 0** 0.0001* 
 (3.16) (2.21) (1.69) 

L(12)_turnover 0 0*** 0*** 
 (0.39) (-3.28) (-3.07) 

L(12)_12b 0.3885* -0.0944** -0.1243** 
 (1.90) (-2.55) (-2.23) 

L(12)_exp -0.0952 -0.0656*** -0.0055 
 (-0.76) (-3.69) (-0.17) 

Net_Flow -0.0044*** 0.0011*** 0.0009*** 
 (-6.92) (7.16)*** (4.27) 

Net_return 0.0834*** 0.0668*** 0.0475*** 
 (9.22) (40.15) (21.70) 

Fund_risk 0.115 0.1157*** 0.0557** 
 (1.64) (8.77) (3.89) 

Gender_dummy 0.0005 -0.0005*** 0.0011*** 
 (0.58) (-3.53) (3.90) 

TopSchool -0.0001 -0.0006*** 0.0009*** 
 (-0.16) (-5.03) (3.74) 

CFA_Dummy -0.0001 0.0002* -0.0001 
 (-0.13) (1.68) (-0.30) 

Masterdummy -0.0004 -0.0004*** -0.0013*** 
 (-0.64) (-4.03) (-7.25) 

Doctoraldummy 0.0014 0.0004* 0.0005 
 (1.22) (1.91) (1.63) 

Mgr_tenure 0.0002*** 0 0.00002*** 
 (3.59) (-1.48) (-2.99) 

Ownership_level 0.0001 0 0 
 (0.61) (1.13) (1.63) 

   

(continued) 
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Note. This table shows the estimates of regression results of fund monthly return, alpha from 1-factor model, alpha 
from 4-factor model on minority dummy (Minority, 1 for minority, 0 for white) with manager level and fund level 
control variables. These results are for actively managed equity funds. Data include managers whose race was 
identified manually only. Sample period is from 1991–2019. L_size is the logarithm of lagged monthly total net 
assets. L_family_size is the lagged monthly sum of all fund total net assets within the same fund family. Fund_age is 
the age of the fund since its first offered date. L(12)_turnover, L(12)_12b1, and L(12)_expense are 12 monthly 
lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at fund level). Net_flow is the 
accumulated fund flows in the past 12 months. Net_return is the accumulated return of the past 12 months. 
Fund_risk is the standard deviation of the fund’s past 12 months of monthly returns. Gender_dummy is a dummy 
variable with 1 for male and 0 for female. TopSchool is the dummy variable if a manager has a degree from a top 
university. CFA_dummy is a dummy variable with a value of 1 for managers that hold a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with a value of 1 for managers who have master’s and 
doctoral degrees and 0 otherwise. Mgr_tenure is how long since first entering the industry as a manager. 
Ownership_level is the monetary ownership a manager has in the fund managed. The level of ownership is from 1 to 
7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level fixed effects 
(FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  

  

(continued)    
    
Variables Monthly Return 1-Factor Alpha 4-Factor (Carhart) Alpha 
Constant 0.0126*** -0.0089*** -0.0072*** 

 (3.12) (-14.01) (-7.65) 
    

Observations 107,954 107,954 107,954 
Adjusted R-squared 0.6664 0.7567 0.4298 
Fund FE YES YES YES 
Month FE YES YES YES 
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Manager Race and Expense Ratio and Turnover 

The funds managed by minorities did not show any difference from White managers in 

terms of expense ratio, as shown in Table 1.7 for both samples.  On the other hand, the funds 

managed by minority managers have significantly lower turnover ratios and are more significant 

(both in magnitude and significance level) when observing only confirmed samples.  
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Table 1.7 Manager Race and Expense Ratio and Turnover Ratio 

 Variables Identified + Assigned Identified + Assigned Identified Identified 
 Expense Ratio Expense Ratio Turnover Turnover 
     

Minority 0 -0.0004 -0.0981* -0.1457*** 
 (-0.11) (-1.28) (-1.80) (-2.96) 

L_size -0.0007*** -0.0006*** -0.0811*** -0.0692*** 
 (-8.46) (-8.05) (-4.14) (-3.12) 

L_family_size 0 0 0.0215 0.0231 
 (-0.09) (0.08) (0.70) (0.71) 

Fund_age 0.0001** 0.0001** -0.0251 -0.0451 
 (2.20) (2.02) (-0.92) (-1.11) 

L(12)_turnover 6.3107 5.2928   
 (0.27) (0.17)   

L(12)_12b   -0.3214 -0.8824 
   (-0.05) (-0.10) 

L(12)_exp   0.00001*** 0.00002*** 
   (3.60) (3.24) 

Net_Flow 0 -0.0001* 0.1049 0.1388 
 (-0.52) (-1.70) (1.00) (1.17) 

Net_return -0.0009*** -0.0008*** -0.2901 -0.3749 
 (-3.54) (-3.18) (-0.97) (-1.02) 

Fund_risk 0.0004 -0.0015 0.0695 -0.1016 
 (0.43) (-0.71) (0.08) (-0.10) 

Gender_dummy 0 -0.0001 -0.0604 0.0322 
 (-0.09) (-0.42) (-1.23) (0.49) 

TopSchool 0 -0.0001 0.0134 0.0879 
 (0.17) (-0.55) (0.30) (1.51) 

CFA_Dummy -0.0004** -0.0005** -0.0626 -0.0858 
 (-2.38) (-2.08) (-1.19) (-1.55) 

Masterdummy 0.0002 0.0003 -0.018 -0.0516 
 (1.23) (1.36) (-0.39) (-1.13) 

Doctoraldummy 0.0002 0.0002 0.0475 0.0723 
 (0.44) (0.49) (0.55) (0.66) 

Mgr_tenure 0.0001** 0.0001** -0.0045 -0.0033 
 (2.24) (2.48) (-0.81) (-0.51) 
    (continued) 

 

  



 

37 

(continued) 

Note. This table shows the estimate of panel regression of expense ratio and turnover ratio and manager race. The 
main independent variables are either minority dummy (Minority, 1 for minority, 0 for white) or race dummies 
(A_dummy, B_dummy, and H_dummy for Asian, Black, and Hispanic managers). These results are for actively 
managed equity funds. Identified + Assigned are all single managers whose race was either manually identified or 
assigned by NameSor. Identified is for managers whose race was identified manually only. Sample period is from 
1991–2019. L_size is the logarithm of lagged monthly total net assets. L_family_size is the lagged monthly sum of 
all fund total net assets within the same fund family. Fund_age is the age of the fund since its first offered date. 
L(12)_turnover, L(12)_12b1, and L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, 
and expense ratio aggregated at fund level). Net_flow is the accumulated fund flows in the past 12 months. 
Net_return is the accumulated return of the past 12 months. Fund_risk is the standard deviation of the fund’s past 12 
months of monthly returns. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the 
dummy variable if a manager has a degree from a top university. CFA_dummy is a dummy variable with a value of 1 
for managers that hold a CFA designation. Masterdummy and Doctoraldummy are dummy variables with a value of 
1 for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is how long since first entering 
the industry as a manager. Ownership_level is the monetary ownership a manager has in the fund managed. The 
level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) 
and fund level fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  

  

 Variables Identified+Assigned Identified+Assigned Identified Identified 
 Expense Ratio Expense Ratio Turnover Turnover 

Ownership_level 0 0.0001 0.0013 0.0109 
 (0.94) (1.39) (0.11) (0.76) 
     

Constant 0.0146*** 0.0141*** 1.669*** 1.825*** 
 (18.19) (15.44) (3.92) (2.86) 
     

Observations 148,890 125,734 126,925 106,452 
Adjusted R2 0.9015 0.9175 0.7906 0.7992 
Fund FE YES YES YES YES 
Month FE YES YES YES YES 
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Manager Race and Fund Risk 

Next, I examined whether minority mutual fund managers show any difference in risk-

taking compared to White managers.  As shown in Table 1.8, I first looked at the systematic risk 

using the market model.  The results in columns 1 and 2 indicate that minority managers take on 

less systematic risk collectively, but the result is mainly driven by Asian managers.  I also found 

that funds managed by minorities show higher unsystematic (idiosyncratic) risk than the White 

managers, as shown in columns 3 and 4.  Furthermore, minority managers appear to take on 

higher levels of total fund risk, although the results were only significant at the 10% level.  

  



 

39 

Table 1.8 Manager Race and Fund Risk 

 Variables 
Jensen’s Beta 

Model 1 
Jensen’s Beta 

Model 2 
IVOL 

Model 1 
IVOL 

Model 2 
Fund Risk 

         AME 
     

 
Minority  -0.0277***  0.0013** 0.0024* 

  (-3.79)  (2.04) (1.74) 
B_dummy 0.0244  0.0017   

 (1.23)  (1.19)   

A_dummy -0.0376***  0.0014**   

 (-4.00)  (2.07)   

H_dummy -0.0242  0.0005   

 (-1.15)  (0.15)   

L_size 0.046*** 0.0458*** 0.0005** 0.0005** 0.0017*** 
 (14.23) (14.15) (2.05) (2.05) (4.03) 

L(12)_turnover 0.0004*** 0.0004*** 0.0007*** 0.0007*** 0 
 (3.14) (3.14) (3.01) (3.01) (-0.71) 

L(12)_12b1 -0.3737 -0.2926 0.5861** 0.582** 0.6484* 
 (-0.24) (-0.19) (2.35) (2.32) (1.84) 

L(12)_exp -0.8884 -0.9027 -0.1575* -0.1562* -0.2582** 
 (-1.10) (-1.11) (-1.76) (-1.73) (-1.98) 

Net_return -0.2821*** -0.282*** 0.0011 0.0011 -0.0115* 
 (-5.24) (-5.23) (0.26) (0.26) (-1.89) 

Gender_Dummy 0.022*** 0.022*** 0.0015 0.0015 0.0005 
 (3.59) (3.60) (1.47) (1.47) (0.46) 

TopSchool -0.0098* -0.0106** 0.0004 0.0004 -0.0005 
 (-1.89) (-2.07) (0.70) (0.69) (-0.53) 

CFA_Dummy 0.0214*** 0.0202*** 0.0001 0.0001 -0.0000 
 (5.21) (4.91) (0.20) (0.21) (-0.00) 

Masterdummy 0.0371*** 0.0376*** -0.001* -0.001* -0.0003 
 (6.25) (6.33) (-1.70) (-1.77) (-0.26) 

Doctoraldummy 0.0176 0.0181 0.0004 0.0004 -0.0003 
 (1.56) (1.58) (0.32) (0.34) (-0.14) 

Mgr_tenure -0.0037*** -0.0036*** -0.0001 -0.0001 -0.0002* 
 (-8.16) (-8.04) (-0.94) (-0.94) (-1.76) 

 

(continued) 
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(continued) 

Note. This table shows the estimate of panel regression of systematic risk and unsystematic risk on manager race. 
The main independent variables are either minority dummy (Minority, 1 for minority, 0 for white) or race dummies 
(A_dummy, B_dummy, and H_dummy, for Asian, Black, and Hispanic Managers). These results are for actively 
managed equity (AME) funds and managers whose races were identified manually only. Sample period is from 
1991–2019. L_size is the logarithm of lagged monthly total net assets. L(12)_turnover, L(12)_12b1, and 
L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at 
fund level). Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of 
the past 12 months. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_dummy is a dummy variable with a value of 1 for 
managers that hold a CFA designation. Masterdummy and Doctoraldummy are dummy variables with a value of 1 
for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is the how long since first 
entering the industry as a manager. Ownership_level is the monetary ownership a manager has in the fund managed. 
The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time 
(month) and fund level fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  

  

 Variables Jensen’s Beta Jensen’s Beta IVOL IVOL Fund Risk 
         AME 

Ownership_level -0.0082*** -0.0082*** 0.0001 0.0001 -0.0002 
 (-7.50) (-7.45) (1.09) (1.09) (-0.94) 

Constant 0.7713*** 0.7718*** 0.0191*** 0.0191*** 0.0425*** 
 (42.61) (42.56) (8.77) (8.78) (12.70) 
      

Observations 128,528 128,528 117,383 117,383 115,843 
Adjusted R2 0.521 0.521 0.736 0.736 0.5742 
Fund FE YES YES YES YES YES 
Month FE YES YES YES YES YES 
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Propensity Matching Regression 

My previous analyses indicated a large variation among managers' characteristics besides 

race, such as age, tenure, educational background, and so forth.  This presents obstacles to 

distinguishing the race impact from manager-level characteristics.  Furthermore, the highly 

unbalanced races in the mutual funds industry made the study even more difficult.  Although the 

panel regression could reduce my analyses' imperfection, the disproportionately large number of 

White managers may produce errors that cannot be eliminated by the list of control variables and 

fixed effects.  Ideally, I wanted to have a group of White managers with similar manager-level 

characteristics compared to minority groups.  I used a propensity matching method to limit 

White managers to those who were the most compatible with minority managers.  Then, I ran the 

same panel regression using only minority and propensity score-matched White managers.  I was 

able to identify 345 White managers with 222 minority managers for my AME confirmed 

dataset.  The panel regression results are listed in Tables 1.9 through 1.11.  
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Table 1.9  

Manager Race and Fund Flow, Monthly Return, and Alphas using Propensity Score Matched 

Samples 

Variables Fund Flow Monthly Return 1-factor alpha 4-factor alpha 
Minority 0.0099** 0.0016 0.0006 0.0016* 

 (2.22) (0.98) (1.02) (1.90) 
L_size -0.0108*** -0.0045*** -0.0001 0 

 (-6.71) (-5.89) (-0.27) (0.00) 
L_family_size 0.0025** 0.0004 0.0003 0.0001 

 (2.08) (0.69) (1.36) (0.19) 
Fund_age 0.0063** 0.0018*** -0.0001 -0.0004* 

 (2.46) (2.81) (-0.37) (-1.66) 
L(12)_turnover -0.0008*** 0.0001 0.0001 0.0001 

 (-3.18) (0.71) (1.51) (1.12) 
L(12)_12b 0.598 -0.0138 -0.165 -0.1814 

 (0.56) (-0.03) (-1.06) (-0.79) 
L(12)_exp -0.165 -0.0689 -0.0148 0.108 

 (-0.54) (-0.53) (-0.12) (0.88) 
Net_Flow 0.0586*** -0.0055*** 0.0005* 0.0004 

 (26.57) (-7.91) (1.84) (0.78) 
Net_return 0.054*** 0.0855*** 0.0697*** 0.0521*** 

 (10.12) (49.11) (39.07) (12.97) 
Fund_risk -0.043 0.1299*** 0.0784*** 0.0802* 

 (-0.75) (4.68) (4.11) (1.73) 
Gender_dummy 0.0002 0.0031*** 0.0009 0.0029*** 

 (0.08) (4.15) (1.46) (3.74) 
TopSchool -0.0032 -0.0013 -0.0003 -0.0013* 

 (-0.88) (-1.13) (-0.37) (-1.91) 
CFA_Dummy -0.0011 -0.0017* 0.0005 -0.0015** 

 (-0.39) (-1.73) (0.97) (-2.50) 
Masterdummy -0.007* -0.002 -0.0015** -0.0036*** 

 (-1.76) (-1.44) (-1.99) (-2.88) 
Doctoraldummy -0.0073 0.0012 0.0003 0.0009 

 (-1.82)* (0.69) (0.20) (0.41) 
Mgr_tenure 0.0008*** 0.0002** -0.0001* -0.0001 

 (2.80) (2.11) (-1.69) (-0.69) 
(continued) 
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(continued) 

 

Note. This table shows the estimate of panel regression of systematic risk and unsystematic risk on manager race. 
The main independent variables are either minority dummy (Minority, 1 for minority, 0 for white) or race dummies 
(A_dummy, B_dummy, and H_dummy, for Asian, Black, and Hispanic Managers). These results are for actively 
managed equity (AME) funds and managers whose races were identified manually only. Sample period is from 
1991–2019. L_size is the logarithm of lagged monthly total net assets. L(12)_turnover, L(12)_12b1, and 
L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at 
fund level). Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of 
the past 12 months. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_dummy is a dummy variable with a value of 1 for 
managers that hold a CFA designation. Masterdummy and Doctoraldummy are dummy variables with a value of 1 
for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is the how long since first 
entering the industry as a manager. Ownership_level is the monetary ownership a manager has in the fund managed. 
The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time 
(month) and fund level fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  

  

Variables Fund Flow Monthly Return 1-factor alpha 4-factor alpha 
Ownership_level -0.0006 -0.0003 -0.0002 -0.0004*** 

 (-0.80) (-1.05) (-1.33) (-3.43) 
Constant -0.05 -0.0094 -0.0079* -0.0014 

 (-1.29) (-0.95) (-1.97) (-0.33) 
     

Observations 33,734 33,734 33,734 33,734 
Adjusted R2 0.2955 0.6572 0.7885 0.471 
Fund FE YES YES YES YES 
Month FE YES YES YES YES 
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Table 1.10  

Manager Race and Expense Ratio and Turnover Using Propensity Score Matched Sample 

Variables Expense Ratio Turnover Ratio 
Minority 0 -0.1775* 

 (0.06) (-1.89) 
L_size -0.0006*** -0.0481* 

 (-5.24) (-1.71) 
L_family_size 0.0001 -0.0108 

 (0.86) (-0.16) 
Fund_age 0.0001 -0.032 

 (1.27) (-0.66) 
L(12)_turnover  0 

  (-1.33) 
L(12)_12b  22.1695 

  (0.23) 
L(12)_exp  -20.1904 

  (-0.79) 
Net_Flow 0 0.074 

 (-0.09) (1.58) 
Net_return -0.0008 -0.1139 

 (-1.61) (-1.07) 
Fund_risk 0.0027 -1.3309 

 (0.90) (-0.62) 
Gender_dummy -0.0005*** 0.0098 

 (-3.07) (0.18) 
TopSchool 0.0009*** 0.1058 

 (3.24) (1.04) 
CFA_Dummy -0.0001 0.1608*** 

 (-0.33) (2.61) 
Masterdummy 0.0002 0.0872 

 (0.42) (1.08) 
Doctoraldummy 0.0001 0.1589 

 (0.06) (0.79) 
Mgr_tenure 0.0001*** -0.0002 

 (3.21) (-0.02) 
(continued) 
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(continued) 

 

 

 

 

 

 

 

 

 

Note. This table shows the estimates of panel regression of expense ratio and turnover ratio on manager race. The 
main independent variable is the minority dummy (Minority, 1 for minority, 0 for white). These results are for 
actively managed equity funds and managers whose races were identified manually only. Sample period is from 
1991–2019. L_size is the logarithm of lagged monthly total net assets. L(12)_turnover, L(12)_12b1, and 
L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at 
fund level). Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of 
the past 12 months. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_dummy is a dummy variable with a value of 1 for 
managers that hold a CFA designation. Masterdummy and Doctoraldummy are dummy variables with a value of 1 
for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is the how long since first 
entering the industry as a manager. Ownership_level is the monetary ownership a manager has in the fund managed. 
The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time 
(month) and fund level fixed effects (FE). The standard errors are clustered at the fund family level.  

*p < 0.1, ***p < 0.01.  

  

Variables Expense Ratio Turnover Ratio 
Ownership_level 0.0001 0.0076 

 (1.21) (0.49) 
Constant 0.0131*** 1.6654 

 (13.84) (1.40) 
   

Observations 39,886 33,919 
Adjusted R2 0.7368 0.6214 
Fund FE YES YES 
Month FE YES YES 
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Table 1.11 Manager Race and Fund Risk using Propensity Score Matched Sample 

Variables 
1-factor  
IVOL 

1-factor 
Beta 

Minority 0.008*** -0.0212*** 
 (4.02) (-3.82) 

L_size -0.0003 0.0092*** 
 (-0.75) (6.51) 

Fund_age -0.0001*** 0.0016*** 
 (-2.69) (8.48) 

L(12)_turn 0.0002 0.0058*** 
 (0.50) (3.62) 

L(12)_12b -1.522*** 6.2739*** 
 (-4.19) (5.01) 

L(12)_exp 1.2489*** -1.3739** 
 (5.15) (-2.11) 

Net_flow 0.0024* -0.0318*** 
 (1.95) (-7.93) 

Gender_dummy 0.0046** -0.0469*** 
 (2.37) (-8.07) 

TopSchool -0.0026 0.0588*** 
 (-0.87) (11.65) 

CFA_Dummy -0.0051 0.0433*** 
 (-1.51) (8.68) 

Masterdummy -0.0059** 0.0717*** 
 (-1.99) (13.90) 

Doctoraldummy -0.0037** 0.0944*** 
 (-2.11) (10.16) 

Mgr_tenure 0.0003** -0.006*** 
 (1.98) (-14.06) 

(continued) 
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(continued) 

Variables 
1-factor  
IVOL 

1-factor 
Beta 

Ownership_level -0.0004* -0.0069*** 
 (-1.75) (-8.52) 

Constant 0.0126** 0.2744*** 
 (2.29) (14.89) 
   

Observations 31,568 33,739 
Adjusted R2 0.4819 0.5308 
Family FE YES YES 
Month FE YES YES 

Note. This table shows the estimates of panel regression of expense ratio and turnover ratio on manager race. The 
main independent variable is the minority dummy (Minority, 1 for minority, 0 for white). These results are for 
actively managed equity funds and managers whose races were identified manually only. Sample period is from 
1991–2019. L_size is the logarithm of lagged monthly total net assets. L(12)_turnover, L(12)_12b1, and 
L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at 
fund level). Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of 
the past 12 months. Gender_dummy is a dummy variable with 1 for male and 0 for female. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_dummy is a dummy variable with a value of 1 for 
managers that hold a CFA designation. Masterdummy and Doctoraldummy are dummy variables with a value of 1 
for managers who have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is the how long since first 
entering the industry as a manager. Ownership_level is the monetary ownership a manager has in the fund managed. 
The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time 
(month) and fund level fixed effects (FE). The standard errors are clustered at the fund family level.  

*p < 0.1, **p < 0.05,***p < 0.01.  
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Overall, the results suggest a similar pattern as the results from the previous section.  

Table 1.9 shows the minority fund flows are higher than funds managed by White managers, but 

the magnitude is larger (0.0099 vs. 0.0036 in Table 1.5).  There was no significant difference in 

monthly return and Jensen’s alpha, but minority managers' 4-factor alphas became positive at the 

10% level, compared with insignificant in Table 1.8.  In Table 1.10, there are consistent results; 

there was no difference in expense ratio, but minority managers have a lower turnover ratio, 

although the significance level dropped to 10%.  Compared to the propensity score matched 

White managers, Table 1.11 shows that minority managers still take on lower market risk (1-

factor beta) and higher unsystematic risk (idiosyncratic risk using the 1-factor model), which is 

consistent with results from previous section. 

Conclusion 

 This essay examines the current status of minority managers in the mutual fund industry.  

I explore various manager characteristics and report performance differences between minority 

and White managers.  I focus on funds managed by a single manager. 

My results showed that minorities are underrepresented in the fund management industry, 

particularly Black and Hispanic managers.  My data showed that 86.8% of single-manager funds 

are managed by White managers, while 8.3%, 2.7%, and 2.3% are Asian, Black, and Hispanic 

managers, respectively.  I found that minority managers are more likely to manage international 

equity funds, while White managers are more likely to manage growth-focused funds.  I present 

evidence that minority managers are younger and have obtained higher levels of education.  

Minority managers are also shown to have shorter tenure and a lower percentage hold a CFA 

designation.  I found that funds managed by White managers are larger in size, have a higher 
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turnover ratio, and have greater exposure to market risk.  Contrary to expectations, I found that 

minority managed funds have higher monthly fund flows and take on greater idiosyncratic risk.  I 

found no significant difference in fund returns or risk-adjusted abnormal returns (alpha) using 

different asset pricing models.  After robustness checks, I illustrate that my results are robust to 

various analytical methods, including Welch's t test, panel regression, and the propensity score 

matching approach.  The findings of this study can improve the understanding of mutual fund 

performance in general.  

In aggregate, my results showed that manager race does not impact fund performance.  

However, minority managers do attract higher levels of fund flows.  As the mutual fund industry 

continues to lose assets to more efficient, lower cost investment vehicles, such as ETFs, fund 

companies might consider attracting and hiring more minority managers in order to mitigate the 

capital flight and increase fund flows to the firm.  In any case, this study provides timely and 

imperative information intended to draw attention to the lack of diversity in the mutual fund 

industry.  In the future, research might consider the antecedents to these conditions and how 

minority managers’ career paths might vary from their White peers. 
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Chapter 2: Joint Effect of Manager Race and Gender on Fund Performance 

This chapter extends the work from Chapter 1 and examines the joint impact of race and 

gender on mutual fund performance.  This topic is particularly important and timely as women 

manage only 0.9% of total industry assets under management (AUM), and minorities manage 

0.3% of total industry AUM (Lerner, 2019), while women and minorities make up 58.2% and 

23.4% of the civilian labor force, respectively (Bureau, 2017).  While much academic work has 

been done on gender differences in risk taking (Bannier & Neubert, 2016; Charness & Gneezy, 

2012; Lemaster & Strough, 2014; Marinelli, Mazzoli, & Palmucci, 2017; Prince, 1993), gender 

differences in investment style (Atkinson, Baird, & Frye, 2003; Bajtelsmit & Bernasek, 1996; 

Brad M. Barber & Odean, 2001; Lewellen, Lease, & Schlarbaum, 1977; Lundeberg, Fox, & 

Punćcohaŕ, 1994), gender differences in analyst forecasting abilities (Kumar, 2010), the 

performance of female hedge fund managers (Aggarwal & Boyson, 2016), and the impact of 

gender and overconfidence on common stock selection (Brad M. Barber & Odean, 2001), only a 

few works have focused on the performance of female mutual fund managers (Atkinson et al., 

2003; Bliss & Potter, 2002; Niessen-Ruenzi & Ruenzi, 2019).  While most of the literature has 

suggested that females are more risk-averse than their male counterparts, Atkinson et al. (2003) 

and Bliss and Potter (2002) suggested that women take on just as much portfolio risk as their 

male counterparts, and in the case of Bliss and Potter (2002), they found that female managers 

take on even more risk than their male peers.  

As posited in Chapter 1, extant literature has suggested that various characteristics, such 

as age, education level, tenure, and gender, can contribute to fund performance (Chevalier & 

Ellison, 1999).  Brad M. Barber and Odean (2001) suggested that women tend to hold less risky 

portfolios.  As a function of overconfidence, men tend to trade more and thus reduce or even 
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destroy portfolio returns (Brad M. Barber & Odean, 2001).  These results suggest that minority 

female fund managers may take on lower levels of risk than their white male counterparts.  

Gender is an important and practical research topic as there has been a call for equity, diversity, 

and inclusion in the workplace.  

In this essay, I intend to answer the question, “What is the joint impact of gender and race 

on the performance of open-end equity mutual funds?”  This study utilizied secondary data from 

CRSP and Morningstar Direct to compare mutual fund risk metrics (standard deviation, beta, 

fund flows, turnover ratio, and Sharpe ratio) and fund performance (Jensen’s alpha, Carhart 4-

factor alpha, and Fama and French 5-factor alpha) to determine if there is any significant 

performance differential.  

As with race as discussed in Chapter 1, I found a similar level of underrepresentation of 

females in the mutual fund industry.  I found that 91.86% of actively managed funds are 

managed by male managers, while female managers manage 8.14% of actively managed funds.  

I found that females, especially minority female managers, are younger, have less tenure, have 

lower levels of education, are more likely to hold a CFA designation, and have attended top-tier 

schools.  Female managers are more likely to manage international equity funds, while male 

managers, especially White male managers, are more likely to manage growth funds.  I 

discovered that funds managed by males are larger, take on more fund risk, are older, exhibit 

higher turnover ratios, and have higher levels of fund risk.  There was no significant difference in 

fund returns or risk-adjusted abnormal returns (alpha).  When running a regression analysis, male 

managers were shown to generate higher 4-factor alphas than female managers.  There were few 

significantly different results pertaining to the interaction of race and gender.  The results suggest 
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that there is no difference in manager performance based on manager race and gender.  These 

findings call for futher research on why so few funds are managed by minorities and females. 

As society wants greater inclusion, investment management firms must review their 

hiring practices and consider women and minority manager candidates to broaden their talent 

base.  Furthermore, the examination of the impact of gender and minority status on performance 

is also important and timely because of the threat to the $18.7 trillion U.S. dollar mutual fund 

marketplace by the rapidly expanding exchange traded fund marketplace as investors leave 

actively managed funds for passive low-cost indexes (Institute, 2020).  The findings of this essay 

may serve to create a road map for mutual fund companies to promote and attract female and 

minority fund managers to improve the firm’s ability to attract and increase AUM.  

Literature Review 

Lewellen et al. (1977) examined investment styles and demographics of individual 

investors and their impact on investment style; they found that age, income level, gender, 

occupation, marital status, family size, and educational background (with age, income level, and 

gender being the most dominant) determine what actions an investor will take.  Furthermore, 

they demonstrated that the same dominant independent variables show up repeatedly and the 

direction of their influence is reliable and consistent (Lewellan et al., 1977).  While much of 

previous work has focused on the individual investor, professional mutual fund managers share 

these same demographic characteristics.  Therefore, it is expected that these characteristics will 

impact professional mutual fund managers as well, even if at different levels.  

Many other works have addressed the presence of greater confidence, independent action, 

and risk-taking by males (Brad M. Barber & Odean, 2001; Prince, 1993).  This overconfidence 

leads to a propensity for men to trade more than women (Brad M. Barber & Odean, 2001).  It has 
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been shown that for individual investors, as well as mutual funds managers, turnover has a 

negative impact on portfolio returns (Carhart, 1997).  Even though mutual fund managers are 

aware of this negative association, they continue to exhibit higher levels of turnover due to their 

belief that their own ability is an exception (Brad M. Barber & Odean, 2001).  In fact, Brad M. 

Barber and Odean (2001) found that individuals turn over their common stock investments (70% 

annually) at a similar rate to mutual fund portfolios.  Brad M. Barber and Odean (2001) were the 

first to document that women tend to hold less risky portfolios than men.  Other works have 

focused on differences in investment styles attributable to information processing differences 

between men and women.  Evidence has suggested that women are more comprehensive 

information processors and that this may be another contributing factor in explaining why 

females traded less than their male counterparts (Smith, 1999).  This has led others to suggest 

that an increased participation of women in investing would have a moderating effect on stock 

market volatility (Graham, Stendardi Jr, Myers, & Graham, 2002).  These studies suggest that 

the financial market would benefit from female managers because funds managed by females 

tend to be longer-term in focus and be less volatile in nature.  

It is important to note that not all works have agreed with the notion of gender-specific 

risk propensity.  Schubert, Brown, Gysler, and Wolfgang Brachinger (1999) suggested that it is 

not necessarily a function of stereotypical gender attitudes but instead the decision-making frame 

that impacts the level of risk-aversion in males and females.  Atkinson et al. (2003) found that, 

when studying the impact of manager gender on fixed income mutual fund performance, females 

may take on additional risk compared to their male counterparts.  However, they noted that 

gender did affect performance as female managers tend to attract fewer mutual fund inflows 

(Atkinson et al., 2003).  However, Bliss and Potter (2002), antithetical to their predictions, found 
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no difference in level of risk and portfolio turnover, which contradicted previous work.  With 

these opposing positions in mind, I set out to examine the impact of mutual fund manager race 

and gender on the risk-adjusted performance. 

There has been scant work devoted to examining the performance of minority mutual 

fund managers.  There are two veins in the extant literature.  One has focused on asset ownership 

and the other on risk aversion at the household level.  Most works have found that Black and 

Latino households hold fewer risk-assets than their White counterparts (Badu et al., 1999; 

Choudhury, 2001; DeVaney et al., 2007; Gutter & Fontes, 2006; Hanna et al., 2010; Hira et al., 

2013).  Gutter and Fontes (2006) and Choudhury (2001) alluded to a lack of exposure to 

investment fundamentals in minority households that may have created a cultural bias against 

investing in certain risk assets.  Hanna et al. (2010) explained that the difference in asset 

ownership could be explained by differences in demographic and economic status.  Hira et al. 

(2013) concluded that age, minority racial status, family size, employment status, and household 

income impact household net worth.  

 Gutter et al. (1999) examined the racial differences in investor behavior and confirmed 

the gap in risk asset ownership.  They found that only 23% of Black households hold risky assets 

versus 46% of White households and that Black households report a greater level of risk-

aversion and have a shorter average investment time horizon than White households.  However, 

they did find that a similar percentage of Black and White households are willing to take on 

“substantial financial risk” (Gutter et al., 1999, p. 156).  This work was later extended by Yao et 

al. (2005), who examined Hispanic, Black, and White households and confirmed that White 

households have a propensity to take on higher risk levels than Black and Hispanic households.  

The authors attributed this disparity to the fact that Hispanic individuals are more likely to have 
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immigrated to the United States and therefore have increased barriers to entry to financial 

markets Yao et al., 2005).  They pointed to the language barrier and a lack of financial education 

as the main contributors (Yao et al., 2005).  

 In contrast to Yao et al. (2005), Coleman (2003) found that this risk aversion disparity is 

mitigated when household net worth is considered.  After adjusting for net worth, the author 

showed that Hispanic individuals have a significantly lower propensity to assume high levels of 

risk in their financial portfolios (Coleman, 2003).  Similarly, Gutter et al. (1999) reported that at 

higher levels of risk, the disparity in risk aversion is mitigated.     

Data and Methodology 

Following the methodology laid out in Chapter 1, I utilized high-quality return data from 

the CRSP Survivor-Bias-Free Mutual Fund Database and manager biographical data, including 

manager name, gender, career start date, education level, ownership levels, degree obtained, and 

CFA designation provided by Morningstar.  Previous literature has shown that CRSP provides 

high-quality performance data while Morningstar is more proficient in terms of manager 

biographical data (including gender; (Massa et al., 2010).  

Identification of Manager Gender and Race 

I compared the gender data provided by Morningstar with data generated by NamSor.  

NamSor is a commercial application programming interface that recognizes the linguistic or 

cultural origin of names and probabilistically infers gender or ethnicity (Nager et al., 2016; 

Santamaría & Mihaljević, 2018).  

 Of the 21,569 unique names, there were 295 disagreements in gender identification 

between Morningstar and NamSor (1.89%).  In these cases, I verified the gender utilizing the 
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U.S. Securities and Exchange Commission filings on EDGAR, fund fact sheets, and/or the 

manager’s LinkedIn profile where available.  Of the 295, Morningstar correctly listed 221 

(74.92%) while NamSor correctly listed 67 (22.71%).  The remaining 7 instances (2.37%) could 

not be verified as no evidence exists to verify the manager’s gender.   

Race was derived through a multi-step process as described in Chapter 1.  I built a 

manager–fund matched panel to track fund managers’ performance over their careers, and I 

present the results in the following sections (see Chapter 1 methodology section for details).  I 

measured fund charateristics, including performance metrics, and manager charateristics in the 

same ways as in Chapter 1.    
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Table 2.1  

Total Number of Managers Over Period of 1991–2019 

 Fund Minority Female White Female Minority Male  White Male  Total 

All Funds 
440 1,888 2,023 17,218 21,569 

2.04% 8.75% 9.38% 79.83% 100.00% 
      

AME Funds 
280 890 1,283 9,535 11,988 

2.34% 7.42% 10.70% 79.54% 100.00% 
Note. This table reports the total number of managers who have managed a mutual fund as the sole manager during 
period of 1991 – 2019 in each race and gender sub-category. All funds mean all single-manager funds, while AME 
funds mean actively managed single-manager equity funds.  
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Table 2.1 reports the number of unique fund managers of each race and gender over the 

sample period using various sampling methods.  As shown in Table 2.1, the total number of 

single managers in all funds for 1991 to 2019 was 21,569, including all managers whose gender 

was listed in Morningstar or identified by a web search.  Out of the 21,569 managers, 440 were 

minority female (2.04%), 1,888 were White female (8.75%), 2,023 were minority male (9.38%), 

and 17,218 were White male (79.83%).  As expected, the number of single managers in actively 

managed equity (AME) funds drops.  For this category I found 280 managers were minority 

female (2.34%), 890 were White female (7.42%), 1,283 were minority male (10.70%), and 9,535 

were White male (79.54%).  The percentage of each gender remained relatively constant.  I used 

active equity managers for my analysis.  

Manager Risk Measures and Fund Returns  

My analysis of 11,988 unique open-end fund managers encompassed data from January 

1, 1991 to December 31, 2019 in an examination that extends to the inception of Morningstar’s 

data.  I followed the procedures adopted in Chapter 1 to derive the fund standard deviation, beta, 

fund flows, turnover ratios, and Sharpe ratios as measures of risk.  Likewise, I measured Jensen’s 

alpha, Carhart 4-factor, and Fama and French 5-factor models.  

Interaction of Gender and Racial Impact on Mutual Fund Performance 

After computing all fund performance metrics, I analyzed the interaction of gender and 

race on fund performances using the following main regression model: 

Performance metric (Risk (or Return))=αit + β1 Female + β2 Minority + β3 Gender*Minority + ∑ 

βi Fund Characteristicsi +∑ βj Manager Characteristicsj + e                       (8) 
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where Performance metric is the dependent variable (such as fund risk and returns), Female is a 

dummy variable set to 1 if the manager is a female and 0 if the manager is a male, and Minority 

is a dummy variable with 0 for White managers and 1 for other races.  Contrary to Chapter 1, I 

did not include sub-categories of race since some of the combinations of gender and race had no 

or very few observations in certain years.  This was particularly evident with females.  For 

example, over the sample period, there were only eight unique Black female managers and eight 

unique female Hispanic managers.  In the panel regression, I controlled for both fund-level6 and 

manager-level characteristics.7  All analyses were with fixed effects at fund and year level.  The 

standard errors were clustered at the fund family level.  

With over 90% of all managers being male, the manager gender data was highly 

unbalanced.  To produce more meaningful comparisons, I utilized the propensity score matching 

method to find the matching male manager(s) for every female manager to address this issue.  I 

used a logit model to calculate the probability of a manager being female based on manager-level 

characteristics, such as age, tenure, gender, education, and ownership level.  After that, I used 

nearest neighbor matching to find male managers for each female manager.  I then conducted the 

same panel regression using the female managers and the matching male managers to check if 

my results were driven by other characteristics that my primary model may have missed.   

 
6 Fund Characteristics include lagged (one month) fund size, lagged (one month) fund family size, fund age, lagged 
(12 months) turnover ratio, lagged (12 month) 12b1 fee, lagged (12 months) expense ratio, net fund flow (the total 
net flow of a fund over past 12 months), net fund return (the accumulated return over past 12 months), and total fund 
risk. Fund size is the logarithm of total net assets plus 1.  
7 Manager level characteristics include gender_dummy (1 for male, 0 for female), top school dummy (1 for top 
universities, 0 otherwise), CFA dummy, master’s degree dummy, doctoral degree dummy, manager tenure, and 
ownership level. 
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Results 

Table 2.2 reports the percentage of each race and gender in each market segment.  The 

aggregate relative frequencies of each race and gender are also included for comparison.  The 

results suggest that White female managers are more likely to manage fixed income funds when 

all funds are observed; minority female managers are more likely to manage international equity, 

balanced, and mixed funds; minority male managers are more likely to manage international 

equity funds, mixed, and equity sector funds; and White male managers are more likely to 

manage fixed income, balanced, growth funds.  In panel B, when only considering AME funds, I 

observed similar patterns as in all funds.  
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Table 2.2 Gender Distribution among Various Market Segments 

Panel A. All Funds 
 Variable Minority Female  White Female  Minority Male  White Male  
% of total Mgr 2.04% 8.75% 9.38% 79.83% 
Equity Domestic 1.44% 8.79% 10.86% 78.90% 
Equity International 3.80% 8.32% 18.77% 69.11% 
Fixed Income 1.25% 9.28% 6.16% 83.31% 
Balanced 3.34% 5.28% 8.34% 83.04% 
Growth 0.99% 4.95% 8.09% 85.97% 
Mixed 3.82% 6.00% 11.68% 78.50% 
Other 0.83% 9.13% 9.22% 80.83% 
Equity Sector 2.29% 4.56% 15.40% 77.74% 

     

     

     

     
Panel B. AME Funds 

  Minority Female  White Female  Minority Male  White Male  
% of total Mgr 2.34% 7.42% 10.70% 79.54% 
Equity Domestic 0.81% 9.29% 8.44% 81.46% 
Equity International 4.11% 5.96% 19.19% 70.74% 
Growth and Income 3.23% 5.70% 8.03% 83.04% 
Growth 0.86% 5.00% 7.93% 86.21% 
Equity Sector 2.38% 4.74% 15.66% 77.22% 

Note. This table reports the percentage of the number of managers of each race and gender in various market segments. % of total Mgr means the percentage of 
managers of each gender compared to the total number of all managers. Equity Domestic means domestic equity funds; Equity International means international 
equity funds. Fixed Income refers to fixed income funds. Balanced means funds balance growth and value. Growth means growth funds. Mixed is the fund mixed 
with equity and fixed income funds. Other means funds invested in real estate and currency, etc. Equity Sector refers funds sector funds.    
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Table 2.3  

Manager Level Characteristics Comparison among Different Genders 

Note. This table presents the mean values of various manager-level characteristics among different genders. The Welch’s t test of differences between male 
managers and female managers are in last column. The means are at manager-month level. Age is defined as calendar date minus birth year of the managers. 
Tenure is the calendar year minus the first starting date of the manager. Master is the percentage of managers with a master’s degree. PhD is the percentage of 
managers with a doctoral degree. TopSchool is the percentage of managers with a degree from a top tier university (defined as one of top 10 colleges, top 10 of 
universities, or top 10 MBA program from U.S. News Best Schools ranking, or one of the Ivy league universities). CFA is the percentage of managers who hold 
a Chartered Financial Analyst (CFA) designation.    

*p < 0.1, **p < 0.05,***p < 0.01.  

 

 Male Female White Male Minority Male  White Female  Minority Female  Male vs. Female 

Age 47.716 44.383 47.894 46.085 44.901 42.144 3.333*** 
Tenure 6.325 4.618 6.364 6.038 4.874 3.946 1.707*** 
Master (%) 62.76% 55.56% 62.24% 59.32% 60.32% 50.06% 7.201%*** 
PhD (%) 5.92% 5.47% 5.30% 10.70% 1.71% 18.46% 0.45% 
CFA (%) 47.95% 51.28% 47.92% 42.68% 56.92% 49.63% -3.334%** 
TopSchool 19.60% 22.08% 21.35% 27.66% 28.03% 13.65% -2.609%*** 
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In Table 2.3, I report actively managed fund manager characteristics, including manager 

age, tenure, educational background, and professional designation for each race and gender.  

Table 2.3 also reports the Welch’s t statistics between male and female managers.  The results 

showed that White males are, on average, the oldest, have the longest average tenure, and have 

the highest percentage of master’s degrees.  Male minorities hold the lowest rate of CFA 

designations.  White females have the lowest percentage of PhD degrees, hold the highest 

percentage of CFA designations, and are most likely to have attended a top-tier school.  Minority 

female managers are the youngest, have the shortest tenure, the lowest percentage of master’s 

degrees, the highest percentage of PhD attainment, and the lowest percentage of top-tier school 

attendance. 

When grouped by gender alone, female managers have significantly less tenure than male 

managers, and a significantly lower percentage of female managers hold a master’s degree.  

Conversely, I found that a significantly higher percentage of female managers hold a CFA 

designation and have attended a top-tier educational institution than their male counterparts.   

Next, I analyzed differences in fund characteristics, fund performance, and fund risks 

between the gender groups in actively managed funds.  Table 2.4 reports the results.  Due to the 

large difference in sample sizes, I compared the difference between female and male managers 

utilizing Welch's t test and propensity score-matched sample.  The results suggest that, when 

grouped by gender alone, the funds managed by female managers are significantly smaller and 

have a lower fund age than those managed by a male manager.  Interestingly, funds managed by 

female managers have a significantly lower turnover ratio than those managed by males.  Female 

managed funds seem to charge higher expense ratios and 12b1 fees. 
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Table 2.4   

Fund Level Characteristics Comparison among Different Genders 

Note. This table shows the comparison of fund-level characteristics among different genders. The Welch’s t test of differences between female and male managers are reported in the second to last 
column and propensity score (PS) matching comparisons are reported in the last column. Fund flows is calculated as the change of total net assets from month t - 1 to month t minus the return of month 
t. Fund flows are winsorized at bottom and top 1%. Fund size is total net assets under management (AUM) at month t. Fund age is the calendar date minus the first offer date of the fund. Expense ratio, 
12b-1 fee, and turnover ratio are at annual base. Fund return is CRSP reported monthly return (after fees). Jensen’s, 3-factor, 4-factor, and 5-factor alphas are the alphas using Jensen’s 1-factor and 
Fama–French 3-factor, 4-factor, and 5-factor models in a 12-month rolling window regression. Fund risk is the standard deviation of the past 12 monthly returns. Systematic risk is the beta of Jensen’s 
1-factor model in a 12-month rolling regression. Unsystematic risk is the standard deviation of the residuals using Jensen’s 1-factor model. Sharpe ratio is the fund excess return over fund risk.  

*p < 0.1, **p < 0.05,***p < 0.01.  

 Variable Male Female White Male  Minority Male  White Female  Minority Female  Male vs Female 
Male vs 
Female 

(PS Matched)  
Fund Flows 0.011 0.01 0.011 0.01 0.009 0.013 0.001 .006***  

Fund Size 968.99 541.73 983.97 858.10 604.07 376.75 427.26*** 564.16***  

Fund Risk 0.047 0.046 0.046 0.051 0.047 0.043 .001*** -0.001*  

Fund Age 2.244 2.213 2.237 2.296 2.211 2.218 0.031*** 0.067***  

Expense Ratio 0.012 0.013 0.012 0.012 0.013 0.012 -0.001*** -0.002***  

12b1-fee 0.002 0.003 0.002 0.002 0.003 0.003 -0.001*** -0.001***  

Turnover Ratio 0.859 0.782 0.871 0.771 0.829 0.658 0.077*** 0.126***  

Fund Return 0.82% 0.74% 0.81% 0.86% 0.74% 0.74% 0.080%* 0.00%  

Jensen's alpha 0.04% -0.03% 0.03% 0.10% -0.02% -0.07% 0.069%*** 0.003%***  

3-factor alpha -0.05% -0.15% -0.05% -0.03% -0.13% -0.19% 0.098%*** 0.003%***  

4-factor alpha -0.04% -0.14% -0.04% -0.04% -0.14% -0.16% 0.103%*** 0.003%***  

5-factor alpha -0.05% -0.15% -0.05% -0.02% -0.12% -0.24% 0.105%*** 0.003%***  

Systematic Risk 0.957 0.976 0.962 0.919 1.02 0.872 -0.019*** -0.048***  

Unsystematic Risk 0.023 0.021 0.022 0.028 0.02 0.023 0.002*** 0  

Sharpe Ratio 0.186 0.184 0.187 0.176 0.165 0.235 0.002 0.011  
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When looking at the interaction groups, I found that White males have the largest fund 

sizes, highest turnover ratios, and highest 4-factor alphas.  Male minorities take on the most fund 

risk, have the oldest fund age, highest fund return, highest Jensen’s and Carhart 3-, 4-, and 5-

factor alphas, and take on the highest levels of idiosyncratic risk.  White females have the lowest 

fund flows, youngest fund age, highest expense ratios, take on the highest levels of market risk 

and the lowest levels of idiosyncratic risk, and generate the lowest Sharpe ratios.  Female 

minorities attract the highest fund flows, have the smallest fund sizes, take on the lowest levels 

of fund risk, have the lowest turnover ratios, the lowest Jensen’s and Carhart 3-, 4-, and 5-factor 

alphas, take on the lowest levels of market risk, and generate the highest Sharpe ratios.  

When measuring performance by gender alone, I found that female managers generate 

lower risk adjusted returns measured by Jensen's alpha and Fama–French 3-, 4-, and 5-factor 

alphas.  Female managers take on higher levels of systematic risk but lower levels of 

unsystematic risk compared to male managers.  I found no significant differences in Sharpe 

ratios between genders.  

The comparisons between genders based on propensity matching is reported in the last 

column of Table 2.4.  Compared to Welch's t test, I found that the differences in turnover ratio 

and systematic risk-taking increase while the performance differential greatly decreases across 

all measures, including Jensen’s alpha and Fama–French 3-, 4- and 5- factor alphas.  All of the 

results remained significant.     
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Regression Analysis 

Manager Race and Fund Flow 

I started by analyzing the differences in fund flows between male and female managers, 

as well as the interaction of manager race and gender.  Table 2.5 presents the panel regression 

results.  Column 1 shows the results utilizing the full sample set, while Column 2 lists results 

using only actively managed funds.  The table illustrates that gender and the interaction of race 

and gender have no significant impact on fund flows after controlling for fund characteristics and 

manager-level characteristics.   
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Table 2.5  

Manager Race and Gender and Fund Flows in Actively Managed Equity Funds 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(continued) 

(continued) 

 
Full Sample AME Sample 

 
(1) (2) 

Variables Fund Flows  Fund Flows  

female_dummy 0.0004 0.0008  
(0.40) (0.65) 

minority -0.0008 0.002  
(-0.32) (0.56) 

interact 0.003 0.0006  
(1.05) (0.16) 

lag_size -0.0128*** -0.012***  
(-7.81) (-7.42) 

lag_family_size 0.0024*** 0.0022***  
(3.35) (2.76) 

port_age 0.0003 0.0004  
(0.47) (0.93) 

lag_turn 0 0  
(-0.87) (-1.22) 

lag_12b 0.0753 -0.2242  
(0.25) (-0.52) 

lag_exp -0.5352*** -0.4127**  
(-3.17) (-2.44) 

flow_net 0.0611*** 0.0606***  
(53.30) (60.72) 

return_net 0.0364*** 0.0438***  
(11.36) (10.64) 

fund_risk 0.0237 -0.005  
(1.61) (-0.19) 

TopSchool 0.0003 0.0004  
(0.35) (0.36) 

CFA_Dummy -0.0003 -0.0012  
(-0.55) (-1.37) 

masterdummy -0.0017** -0.0012  
(-2.55) (-1.14) 

doctordummy 0 -0.0012  
(-0.03) (-0.64) 

mgr_tenure 0.0006*** 0.0006***  
(5.95) (4.67) 

ownerlevel 0.0006*** 0.0002  
(2.62) (0.74) 

Constant 0.0465*** 0.0427***  
(4.74) (5.27)    

Observations 252,190 126,156 
Adjusted R2 0.2722 0.29 
Fund FE YES YES 
Month FE YES YES 
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Note. This table shows the winsorized fund flows regressed on either female_dummy (1 for female, 0 for male) or minority (1 for 
minority, 0 for white) and the interaction thereof, with manager-level and fund-level control variables. The results shown are for 
the full sample (Column 1) as well as actively managed equity (AME) funds (Column 2). The sample period is from 1991–2019. 
L_size is the logarithm of lagged monthly total net assets. L_family_size is the lagged monthly sum of all funds’ total net assets 
within the same fund family. Fund age is the age of the fund since its first offered date. L(12)_turnover, L(12)_12b1, and 
L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at fund level). 
Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of the past 12 months. 
Fund_risk is the standard deviation of the fund past 12 months monthly returns. TopSchool is the dummy variable if a manager 
has a degree from a top university. Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who 
have master’s and doctoral degrees and 0 otherwise. Mgr_tenure is how long since first entering the industry as a manager. 
Ownership_level is the monetary ownership of a manager has in the fund managed. The level of ownership is from 1 to 7, with 1 
being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level fixed effects (FE). The standard errors 
are clustered at the fund family level 

**p < 0.05,***p < 0.01.  
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The lagged fund size and lagged expense ratio have a significantly negative impact on 

fund flows.  Conversely, lagged fund family size, fund net flows, and fund net returns have a 

significantly positive impact.  At the manager level, I found that manager tenure is positively 

correlated with fund flows.  When utilizing the full sample, I found that ownership level has a 

significantly positive impact on fund flows.  However, when examining only the actively 

managed funds, that significance disappears.  

Manager Race and Gender and Fund Return 

I used a similar model to investigate the differences in fund returns between genders and 

the interaction of race and gender.  In Table 2.6, I report the return metrics: monthly return, 

Jensen’s alpha, and Carhart 4-factor alpha with controls for fund-level and manager-level 

characteristics.  These results show that minority females (interaction term) who manage actively 

managed funds generate significantly higher Jensen’s alpha results than other groups.  There was 

no significant differential when measured by monthly fund returns or the Fama–French 4-factor 

alpha.  Female managers exhibit significantly higher Fama–French 4-factor alphas compared to 

male managers of actively managed funds.  
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Table 2.6 Manager Gender and Fund Returns 

Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 
funds (Columns 2 & 4). The sample period is from 1991–2019. L_size is the logarithm of lagged monthly total net assets. L_family_size is the 
lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date. 
L(12)_turnover, L(12)_12b1, and L(12)_expense are 12 monthly lagged (i.e., last annual turnover ratio, 12b-1 fee, and expense ratio aggregated at 
fund level). Net_flow is the accumulated fund flows in the past 12 months. Net_return is the accumulated return of the past 12 months. Fund risk 
is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy variable if a manager has a degree 

(Continued) 

 

 
(1) (2) (3) (4)  

Monthly Return Monthly Return 1-factor Alpha 1-factor Alpha 

Variables Full AME Full AME 

female_dummy -0.0002 0.0006 0 -0.0002 

 (-0.49) (1.01) (0.10) (-0.31) 
minority -0.0025* -0.0036* -0.0024** -0.0037*** 

 (-1.89) (-1.91) (-2.00) (-2.85) 
interact 0.0024 0.0042** 0.0027** 0.0043*** 

 (1.57) (2.03) (2.31) (3.26) 
lag_size -0.0036*** -0.0039*** 0.0008*** 0.0004 

 (-16.54) (-12.68) (3.13) (1.09) 
lag_family_size -0.0002 -0.0006 -0.0004* -0.0006** 

 (-0.80) (-1.51) (-1.68) (-2.00) 
port_age 0.0005*** 0.0003 0 0 

 (2.79) (1.63) (0.10) (-0.09) 
lag_12b -0.1384 0.0038 -0.233** -0.3126** 

 (-0.97) (0.02) (-2.45) (-2.57) 
lag_exp 0.0957 0.0475 0.063 0.0613 

 (0.90) (0.32) (0.81) (0.60) 
flow_net 0.0017*** 0.0017** 0.0045*** 0.006*** 

 (2.61) (2.37) (6.83) (7.75) 
fund_risk -0.0116 0.0061 -0.0101 0.0287 

 (-0.59) (0.16) (-0.44) (0.72) 
TopSchool 0.0001 0 -0.0002 -0.0008 

 (0.11) (-0.06) (-0.71) (-1.56) 
CFA_Dummy 0.0004 0.0004 0.0002 0.0007 

 (0.64) (0.52) (0.77) (1.64) 
masterdummy 0.0001 -0.0007 -0.0006** -0.0006 

 (0.20) (-1.43) (-2.31) (-1.56) 
doctordummy -0.0012* -0.001 0 -0.0009 

 (-1.65) (-0.76) (0.02) (-0.62) 
mgr_tenure 0.0002*** 0.0002*** 0 0 

 (3.88) (5.09) (0.12) (0.41) 
ownerlevel 0.0001 0.0003*** 0.0001 0.0001 

 (1.63) (2.82) (1.02) (0.78) 
Constant 0.0165*** 0.0214*** -0.0018 -0.0008 

 (5.41) (4.93) (-0.95) (-0.24) 
     

Observations 254,666 127,253 254,666 127,253 
Adjusted R2 0.4255 0.6309 0.2743 0.2894 
Fund FE YES YES YES YES 
Month FE YES YES YES YES 
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 (Continued) 

from a top university. Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral 
degrees and 0 otherwise. Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a 
manager has in the fund managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have 
time (month) and fund level fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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Table 2.6 Continued 

  (1) (2)  
4-factor Alpha 4-factor Alpha 

Variables Full AME 

Female_dummy 0.001** 0.002***  
(2.36) (3.12) 

Minority -0.0016* -0.0015  
(-1.66) (-1.22) 

Interact 0.0012 0.0009  
(1.25) (0.75) 

lag_size 0.0006*** 0.0002  
(3.56) (0.68) 

lag_family_size -0.0003 -0.0004*  
(-1.37) (-1.71) 

port_age 0 0  
(0.37) (0.17) 

lag_12b -0.2168** -0.3529***  
(-2.24) (-3.17) 

lag_exp 0.0682 0.0794  
(1.15) (1.09) 

flow_net 0.0034*** 0.0045***  
(5.62) (6.94) 

fund_risk -0.0313 0.0047  
(-1.53) (0.14) 

TopSchool 0.0002 0.0001  
(0.76) (0.29) 

CFA_Dummy 0.0001 0  
(0.19) (0.07) 

masterdummy -0.0006** -0.001*  
(-2.43) (-1.83) 

doctordummy 0 -0.0009  
(0.00) (-0.75) 

mgr_tenure 0 0  
(-1.32) (-1.32) 

ownerlevel 0 0.0001  
(0.59) (0.70) 

Constant -0.0022 -0.0019  
(-1.30) (-0.59) 

   
Observations 254,666 127,253 

Adjusted R2 0.2103 0.2089 

Fund FE YES YES 

Month FE YES YES 
Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 
funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is the logarithm of lagged monthly total net assets. Lag_family_size is 

(Continued) 
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(Continued) 

 the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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Manager Race and Gender and Expense Ratio and Turnover 

The funds managed by females, as well as those managed by female minorities 

(interaction term) specifically, did not show any difference from those managed by males in 

terms of expense ratio or turnover ratio as illustrated in Table 2.7 in the full sample set.  Minority 

female managers had a lower turnover ratio in the actively managed only set.  However, this was 

only significant at the 10% level.   
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Table 2.7 Manager Gender and Expense Ratio and Turnover Ratio 

 

Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 
funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is thelogarithm of lagged monthly total net assets. Lag_family_size is 
the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  

  (1) (2) (3) (4) 
 Expense Ratio Expense Ratio Turnover Turnover 

Variables Full AME Full AME 

female_dummy -0.0002** -0.0001 0.0348 -0.0205 

 (-2.21) (-0.53) (0.67) (-0.34) 
minority -0.0002 0 0.0838 0.0658 

 (-0.76) (-0.03) (0.91) (0.56) 
interact 0.0001 0.0001 -0.1206 -0.2067* 

 (0.37) (0.18) (-1.20) (-1.75) 
lag_size -0.0003*** -0.0004*** -0.0884*** -0.0792*** 

 (-4.69) (-7.98) (-3.55) (-4.15) 
lag_family_size -0.0001 0 0.0695** 0.0096 

 (-1.53) (-0.73) (2.00) (0.34) 
port_age 0** 0 -0.002 -0.0236 

 (2.10) (1.43) (-0.15) (-0.91) 
lag_turn   0.0616*** 0.0516*** 

 
  (2.60) (3.74) 

lag_exp 0.4902*** 0.4676*** 17.9965 2.5441 
 (19.12) (13.39) (0.76) (0.12) 

flow_net -0.0001** -0.0001 0.105 0.0948 
 (-2.18) (-1.06) (1.15) (1.04) 

fund_risk -0.0001 0.0008 -0.5839 0.146 
 (-0.17) (1.26) (-1.02) (0.19) 

return_net -0.0007*** -0.0011*** -0.1762 -0.3196 
 (-4.95) (-4.11) (-1.02) (-1.14) 

TopSchool 0.0001 0 0.0406 0.0165 
 (1.14) (-0.10) (0.96) (0.40) 

CFA_Dummy -0.0001 -0.0002* -0.0764 -0.0488 
 (-1.48) (-1.68) (-1.48) (-0.97) 

masterdummy 0.0001 0.0002* -0.0451 -0.0206 
 (0.83) (1.66) (-1.32) (-0.46) 

doctordummy 0.0001 0.0001 -0.0739 0.0272 
 (0.79) (0.28) (-1.14) (0.35) 

mgr_tenure 0** 0*** -0.0063 -0.0031 
 (2.03) (2.63) (-1.17) (-0.62) 

ownerlevel 0 0 -0.0007 0.0014 
 (-0.13) (1.11) (-0.07) (0.13) 
     

Constant 0.0065*** 0.0081*** 1.0167*** 1.603*** 
 (15.47) (16.42) (3.98) (3.98) 

Observations 297,962 150,743 252,190 126,156 

Adjusted R2 0.9476 0.9266 0.7994 0.8214 
Fund FE YES YES YES YES 
Month FE YES YES YES YES 
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Manager Race and Fund Risk 

I then examined if female fund managers display any risk differential compared to male 

managers, also examining the interaction of race and gender.  I report the results in Table 2.8.  I 

found no significant difference in risk taking between female and male managers when measured 

by Jensen’s beta or systematic risk measures after controlling for other factors.  Likewise, there 

was no significant differential when examining the interaction of race and gender.  This was 

consistent in both the full and actively managed sample sets.  
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 Table 2.8  Manager Gender and Race and Fund Risk 

 
 

Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME)  

(Continued) 

  (1) (2) (3) (4) (5)  
Jensen's Beta Jensen's Beta Jensen's Beta IVOL IVOL 

Variables Full Full AME Full AME 

female_dummy 0.0116 0.0116 0.0117 0.0116 0.0117 

 (0.74) (0.74) (0.53) (0.74) (0.53) 
minority -0.0374 -0.0374 -0.0685 -0.0374 -0.0685 

 (-1.10) (-1.10) (-1.50) (-1.10) (-1.50) 
interact 0.0241 0.0241 0.0509 0.0241 0.0509 

 (0.62) (0.62) (0.97) (0.62) (0.97) 

lag_size 0.0309*** 0.0309*** 0.046*** 0.0309*** 0.046*** 

 (5.42) (5.42) (5.71) (5.42) (5.71) 

lag_turn 0.0002 0.0002 0.0004*** 0.0002 0.0004*** 

 (0.86) (0.86) (2.97) (0.86) (2.97) 

lag_12b 2.9393 2.9393 -1.1161 2.9393 -1.1161 

 (1.07) (1.07) (-0.23) (1.07) (-0.23) 

lag_exp -3.698 -3.698 -0.8137 -3.698 -0.8137 

 (-1.43) (-1.43) (-0.28) (-1.43) (-0.28) 

return_net -0.196*** -0.196*** -0.2837*** -0.196*** -0.2837*** 

 (-3.71) (-3.71) (-3.64) (-3.71) (-3.64) 
TopSchool -0.0036 -0.0036 -0.0051 -0.0036 -0.0051 

 (-0.38) (-0.38) (-0.25) (-0.38) (-0.25) 

CFA_Dummy 0.0046 0.0046 0.0245 0.0046 0.0245 

 (0.47) (0.47) (1.13) (0.47) (1.13) 
masterdummy 0.0173 0.0173 0.0348** 0.0173 0.0348** 

 (1.59) (1.59) (2.22) (1.59) (2.22) 
doctordummy -0.0205 -0.0205 0.0198 -0.0205 0.0198 

 (-0.68) (-0.68) (0.47) (-0.68) (0.47) 

mgr_tenure -0.0006 -0.0006 -0.0036* -0.0006 -0.0036* 

 (-0.38) (-0.38) (-1.71) (-0.38) (-1.71) 
ownerlevel 0.002 0.002 -0.0083** 0.002 -0.0083** 

 (0.70) (0.70) (-2.40) (0.70) (-2.40) 
Constant 0.4758*** 0.4758*** 0.7798*** 0.4758*** 0.7798*** 

 (12.57) (12.57) (13.78) (12.57) (13.78) 
      

Observations 252,206 252,206 126,159 252,206 126,159 
Adjusted R-squared 0.8105 0.8105 0.5212 0.8105 0.5212 
Fund FE YES YES YES YES YES 

Month FE YES YES YES YES YES 
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(Continued) 

funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is thelogarithm of lagged monthly total net assets. Lag_family_size is 
the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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Propensity Matching Regression 

My previous analysis indicated a large variation among managers' characteristics outside 

of gender, such as age, tenure, educational background, and so forth.  This presents obstacles to 

isolate the impact of gender and the interaction of race and gender from other manager-level 

characteristics.  Furthermore, the highly unbalanced genders and races in the mutual fund 

industry made the examination even more difficult.  Although the panel regression can reduce 

the analytical imperfection, the disproportionately large number of male and White managers 

may generate errors that cannot be eliminated by the list of control variables and fixed effects.  

Ideally, my analysis would focus on a group of male and White managers with similar manager-

level characteristics compared to the female and minority groups.  Here, I utilized a propensity 

matching method to limit male and White managers to those who were the most compatible with 

the female and minority managers in the sample set.  Next, I ran the same panel regression using 

only female and minority and propensity score-matched male and White managers with fixed 

effects in both fund- and year-level.  The panel regression results are listed in Tables 2.9 to 2.11.  
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Table 2. 9  

Manager Gender and Race and Fund Flow, Monthly Return, and Alphas using Propensity Score 

Matched Samples 

Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 

(Continued) 

 (1) (2) (3) (4) 
Variables Fund Flow Monthly Return 1-factor Alpha 4-factor Alpha 
female_dummy 0.0008 0.0003 -0.0006 0.0014*** 
 (0.52) (0.56) (-1.19) (2.76) 
Minority 0.0044 -0.0012 -0.0013 -0.0019 
 (1.05) (-0.98) (-1.32) (-0.96) 
Interact -0.0016 0.0018 0.0020** 0.0014 
 (-0.41) (1.38) (2.08) (0.78) 
lag_size -0.0121*** -0.0045*** -0.0000 -0.0001 
 (-7.27) (-8.86) (-0.21) (-0.77) 
lag_family_size 0.0022*** 0.0003 0.0001 0.0001 
 (2.78) (0.78) (0.68) (0.48) 
port_age 0.0004 0.0003** -0.0001 -0.0001 
 (0.75) (2.49) (-1.07) (-0.64) 
lag_turn -0.0000 0.000002** -0.0000008*** -0.0000007*** 
 (-1.23) (2.37) (-3.57) (-6.12) 
lag_12b -0.2604 0.3061 -0.0767 -0.1618 
 (-0.58) (1.38) (-1.08) (-1.54) 
lag_exp -0.3950** -0.0783 -0.0402 0.0028 
 (-2.31) (-0.80) (-0.79) (0.06) 
flow_net 0.0605*** -0.0045*** 0.0013*** 0.0011*** 
 (58.72) (-4.65) (5.13) (4.04) 
return_net 0.0429*** 0.0833*** 0.0661*** 0.0463*** 
 (10.29) (67.76) (38.52) (23.23) 
fund_risk -0.0058 0.1181*** 0.1156*** 0.0664*** 
 (-0.21) (6.74) (5.01) (2.69) 
TopSchool 0.0008 0.0005 -0.0005** 0.0002 
 (0.81) (1.31) (-2.09) (0.72) 
CFA_Dummy -0.0014 -0.0004 -0.0001 -0.0004 
 (-1.52) (-0.76) (-0.48) (-0.73) 
masterdummy -0.0016 -0.0007* -0.0003 -0.0008* 
 (-1.42) (-1.94) (-1.45) (-1.77) 
doctordummy -0.0011 -0.0000 0.0003 -0.0001 
 (-0.58) (-0.03) (0.56) (-0.15) 
mgr_tenure 0.0006*** 0.0002*** -0.0000 -0.0001** 
 (4.56) (4.29) (-0.91) (-2.16) 
ownerlevel 0.0001 0.0002** -0.0000 -0.0000 
 (0.31) (2.09) (-0.17) (-0.13) 
Constant 0.0434*** 0.0120*** -0.0078*** -0.0058*** 
 (4.58) (4.46) (-4.35) (-2.64) 
     
Observations 121,493 121,493 121,493 121,493 
Adjusted R2 0.2889 0.6613 0.7599 0.4258 
Family FE YES YES YES YES 
Month FE YES YES YES YES 
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 (Continued) 

funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is thelogarithm of lagged monthly total net assets. Lag_family_size is 
the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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Table 2.10  

Manager Gender and Race and Expense Ratio and Turnover Using Propensity Score Matched 

Sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(continued) 

 

 (1) (2) 
Variables Expense Ratio Turnover 
female_dummy -0.0001 -0.0176 
 (-0.21) (-0.25) 
minority 0.0001 0.0289 
 (0.17) (0.23) 
interact -0.0001 -0.1851 
 (-0.11) (-1.41) 
lag_size -0.0004*** -0.0791*** 
 (-7.89) (-4.02) 
lag_family_size -0.0000 0.0111 
 (-0.84) (0.39) 
port_age 0.0000 -0.0327 
 (1.43) (-1.02) 
lag_turn  0.0515*** 
  (3.75) 
lag_12b  -3.5962 
  (-0.16) 
flow_net -0.0001 0.0996 
 (-0.96) (1.06) 
return_net -0.0011*** -0.3169 
 (-4.00) (-1.10) 
fund_risk 0.0008 -0.0239 
 (1.15) (-0.03) 
TopSchool -0.0000 0.0038 
 (-0.29) (0.09) 
CFA_Dummy -0.0002 -0.0519 
 (-1.50) (-1.01) 
masterdummy 0.0002 -0.0124 
 (1.62) (-0.30) 
doctordummy -0.0000 0.0062 
 (-0.05) (0.08) 
mgr_tenure 0.0000017*** -0.0036 
 (2.64) (-0.71) 
ownerlevel 0.0000 0.0053 
 (1.24) (0.45) 
lag_exp 0.4632***  
 (12.77)  
Constant 0.0081*** 1.7513*** 
 (14.08) (3.50) 
   
Observations 145,282 121,493 
Adjusted R2 0.9254 0.8222 
Family FE YES YES 
Month FE YES YES 
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(Continued) 

 
Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 
funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is thelogarithm of lagged monthly total net assets. Lag_family_size is 
the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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 Table 2. 11 Manager Gender and Race and Fund Risk using Propensity Score Matched Sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(continued) 

 

 

 

 

 (1) (2) 
Variables Jensen's Beta IVOL 
gender_dummy 0.0196 0.0033*** 
 (0.75) (3.31) 
minority -0.1404** 0.0014 
 (-2.05) (0.71) 
interact 0.1092 -0.0005 
 (1.42) (-0.21) 
lag_size 0.0454*** 0.0003 
 (5.87) (1.32) 
port_age 0.0019 -0.0001 
 (1.08) (-1.11) 
lag_turn 0.0003*** 0.0006*** 
 (4.05) (2.98) 
lag_12b -2.2472 0.5393** 
 (-0.46) (2.16) 
lag_exp -1.0942 -0.1727* 
 (-0.35) (-1.96) 
flow_net -0.0153 0.0013** 
 (-1.36) (2.31) 
TopSchool -0.0040 0.0002 
 (-0.19) (0.39) 
CFA_Dummy 0.0266 0.0001 
 (1.27) (0.24) 
masterdummy 0.0426*** -0.0007 
 (2.59) (-1.34) 
doctordummy 0.0125 0.0010 
 (0.27) (0.73) 
mgr_tenure -0.0041* -0.0000 
 (-1.93) (-0.81) 
ownerlevel -0.0094*** 0.0001 
 (-2.66) (0.87) 
Constant 0.7364*** 0.0195*** 
 (11.86) (7.80) 
   
Observations 121,493 113,078 
Adjusted R2 0.5164 0.7375 
Fund FE YES YES 
Month FE YES YES 
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(continued) 

Note. This table shows the estimates of regression results of fund monthly return, alpha from the 1-factor model, and alpha from the 4-factor 
model on either the female dummy (1 for female, 0 for male) or minority (1 for minority, 0 for white) and the interaction thereof, with manager-
level and fund-level control variables. The results shown are for the full sample (Columns 1 & 3) as well as actively managed equity (AME) 
funds (Columns 2 & 4). The sample period is from 1991–2019. Lag_size is thelogarithm of lagged monthly total net assets. Lag_family_size is 
the lagged monthly sum of all funds’ total net assets within the same fund family. Fund age is the age of the fund since its first offered date.  
Lag_12b, and Lag_exp are 12 monthly lagged (i.e., 12b-1 fee, and expense ratio aggregated at fund level). Flow_net is the accumulated fund 
flows in the past 12 months. Fund_risk is the standard deviation of the funds’ past 12 months of monthly returns. TopSchool is the dummy 
variable if a manager has a degree from a top university. CFA_Dummy is a dummy variable set to 1 if the manager has a CFA designation. 
Masterdummy and Doctoraldummy are dummy variables with value of 1 for managers who have master’s and doctoral degrees and 0 otherwise. 
Mgr_tenure is how long since first entering the industry as a manager. Ownership_level is the monetary ownership of a manager has in the fund 
managed. The level of ownership is from 1 to 7, with 1 being $0 and 7 being $1,000,000 and above. All models have time (month) and fund level 
fixed effects (FE). The standard errors are clustered at the fund family level. 

*p < 0.1, **p < 0.05,***p < 0.01.  
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The results showed that there is no significant difference in fund flows, monthly return, 

Jensen’s alpha, expense ratios, turnover ratios, and Jensen’s beta when comparing based on 

gender or the joined effect of race and gender.  However, I found that female managers generate 

significantly higher Fama–French 4-factor alphas and take on significantly higher levels of 

idiosyncratic risk than their male counterparts.  The higher levels of risk run counter to the 

analysis in the previous section, which suggests that the difference in risk-taking is insignificant.  

The significantly higher Fama–French 4-factor alphas confirmed what I found in the previous 

section.  

Conclusion 

 This chapter expands the topic presented in Chapter 1 and examines the joined effects of 

race and gender in the mutual fund industry.  I present the performance differential between 

female and male fund managers and the interaction of gender and race.  When I compared 

performance differentials, I concentrated on actively managed funds that are managed by a single 

manager.  

I found that minority female managers are more likely to manage international equity 

funds and balanced and mixed.  They are the youngest, have the shortest tenure, the lowest 

percentage of master’s degrees, the highest percentage of PhD attainment, and the lowest 

percentage of top-tier school attendance.  Minority female managers have the smallest fund 

sizes, take on the lowest levels of fund risk, have the lowest turnover ratios, the lowest Jensen’s 

and Carhart 3-, 4-, and 5-factor alphas, take on the lowest levels of market risk, and generate the 

highest Sharpe ratios. 

I found that White female managers are more likely to manage fixed income funds, have 

the lowest percentage of PhD degrees, hold the highest percentage of CFA designations, are most 
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likely to have attended a top-tier school, have the lowest fund flows, youngest fund age, highest 

expense ratios, take on the highest levels of market risk and the lowest levels of idiosyncratic 

risk, and generate the lowest Sharpe ratios.  

Similar to minority female managers, minority male managers are more likely to manage 

international equity funds in either sample set.  They take on the most fund risk, have the oldest 

fund age, highest fund return, highest Jensen’s and Carhart 3-, 4-, and 5-factor alphas, and take 

on the highest levels of idiosyncratic risk.  In contrast, White managers are more likely to 

manage growth funds, are on average the oldest, have the longest average tenure, hold the 

highest percentage of master’s degrees, have the largest fund sizes, highest turnover ratios, and 

have the highest 4-factor alphas. 

As it was with minority managers in Chapter 1, my results illustrate that female managers 

are underrepresented in the fund management industry.  My data shows that 90.63% of all funds 

and 91.86% of actively managed funds are managed by male managers, while 9.37% of all funds 

and 8.14% of actively managed funds are managed by female managers.  The data show that 

females are more likely to manage international equity funds while male managers are more 

likely to manage growth-focused funds.  I exhibit evidence that female managers are younger, 

have less tenure, and have lower levels of education.  However, a greater percentage of female 

managers hold a CFA designation and have attended top-tier schools.  I discovered that funds 

managed by males are larger, take on more fund risk, are older, exhibit higher turnover ratios, 

and have higher levels of fund risk.  I found no significant difference in fund returns or risk-

adjusted abnormal returns (alpha) utilizing Jensen’s alpha.  I did find that male managers 

generate higher 4-factor alphas in both the full and actively managed only data sets.  There were 

few significant results pertaining to the interaction of race and gender.  The data show that White 



 

88 

female managers generate significantly higher Jensen’s alphas, however, this result drops to 5% 

significance when utilizing propensity score matching procedures.  I present the results of 

various robustness checks, which demonstrate that my results are robust to various analytical 

methods, including Welch's t test, panel regression, and propensity score matching approaches.   

Taken as a whole, my results show that manager gender and the joined effects of 

race and gender do not impact fund performance.  It begs the question, if there is no 

significant performance advantage, then why are there so few female and minority 

managers in the mutual fund industry?  As society as a whole is calling for greater equity 

and inclusion across all institutions, it appears that the mutual fund industry has a long 

way to go.  Hopefully, this work serves to shine a light on the disparity.  Future research 

may consider why these conditions exist and how more female and minority managers 

can be attracted and retained in the mutual fund industry. 
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