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Abstract

Women continue to be underrepresented in corporate leadership positions. This
paper studies the role of social connections in women’s career advancement. We inves-
tigate whether access to a larger share of female peers in business school affects the
gender gap in senior managerial positions. Merging administrative data from a top-10
US business school with public LinkedIn profiles, we first document that female MBAs
are 24 percent less likely than male MBAs to enter senior management within 15 years
of graduation. Next, we use the exogenous assignment of students into sections to
show that a larger proportion of female MBA section peers increases the likelihood
of entering senior management for women but not for men. This effect is driven by
female-friendly firms, such as those with more generous maternity leave policies and
greater work schedule flexibility. A larger proportion of female MBA peers induces
women to transition to these firms where they attain senior management roles. We
find suggestive evidence that some of the mechanisms behind these results include job
referrals and gender-specific information transmission. These findings highlight the
role of social connections in reducing the gender gap in senior management positions.
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1 Introduction

The glass ceiling—the barrier that females and minorities face in obtaining upper-level po-

sitions—has been enduring. Despite decades of progress in labor force participation and

university enrollment, women remain underrepresented in top corporate leadership posi-

tions. For example, in the S&P 1500 companies, women make up 40% of the workforce but

hold only 6% of CEO positions (Hindlian et al., 2018). This gender gap widens at each

step of the corporate ladder (Lean In and McKinsey & Company, 2020). To the extent that

managerial talent is equally distributed across genders, the underrepresentation of women

in executive roles can be indicative of talent misallocation (Hsieh et al., 2016).1 Due to

the potential aggregate consequences of female underrepresentation in executive positions,

understanding the barriers to advancement along the corporate pipeline is critical.

This paper studies whether access to a larger share of female peers in business school

helps women reach leadership positions. Although a growing literature shows that social

connections formed during business schools have long-lasting impacts on future career out-

comes, little is known about how they affect the gender gap in leadership positions.2 A

priori, the effect of the gender composition of social connections is ambiguous. On one hand,

women may benefit from information and support from same-gender peers. For example,

female connections can provide women with private gender-specific information on which

firms are more supportive of women’s careers and how to take advantage of female-friendly

policies, such as maternity leaves and flexible work schedules. On the other hand, social

connections created with men may be more beneficial, given that men are more likely to

have larger networks and hold more powerful positions. As a result, the role of female peers

in closing the gender gap in management is largely an empirical question.

Identifying the causal impact of female peers on management outcomes is empirically

challenging. First, peers and networks are likely to be endogenous. Unobservable charac-

teristics, such as extroversion, likely determine both the size of an individual’s network and

1Since executives have significant influence on firm performance, the loss of female talent along the corpo-
rate pipeline may translate into lower firm productivity (Bertrand and Schoar, 2003; Bloom and Van Reenen,
2007; Bloom et al., 2012; Rasul and Rogger, 2018). Beyond influencing their own firm’s performance, female
managers may act as role models and implement policies to reduce barriers for other women in the corporate
sector (Beaman et al., 2009; Chattopadhyay and Duflo, 2004; Beaman et al., 2012; Bhalotra et al., 2017).
Thereby, female leaders can contribute to a more gender diverse and inclusive corporate culture.

2Examples of career outcomes affected by higher education peers are firm choice, likelihood of en-
trepreneurship, and executive decisions (Gorshkov et al., 2021; Yang et al., 2019; Lerner and Malmendier,
2013; Shue, 2013).
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their likelihood of attaining leadership positions. Second, answering this question requires

data on long-run career trajectories with detailed information on managerial positions.

To address the first challenge, we leverage a quasi-experimental setting provided by the

Master of Business Administration (MBA) program at a top U.S. business school. At the

beginning of the program, school administrators quasi-randomly assign students into sections

based on alphabetical order. Students in the same section take core classes together and

form strong social ties. We exploit the exogenous variation in the gender composition of

the sections to study the effect of female peers on the probability of achieving a senior

management position.3

We address the second issue by building a novel dataset with CV information from public

LinkedIn profiles. In addition to complete education and employment history, this dataset

contains two key pieces of information. First, it has job titles which allow us to identify an

individual’s progression along the managerial pipeline. Detailed information on hierarchical

positions within management is usually unavailable in commonly used employment panel

data in the literature. Second, it contains the names of employers which enables us to

merge in firm attributes that the literature has hypothesized to be important for women’s

career progression (Goldin and Katz, 2016; Hotz et al., 2018). Specifically, we use novel

metrics of female-friendly characteristics from InHerSight.com, an online platform where

female employees rate their companies. This data enables us to identify firms with work

cultures and policies that aim to help women balance their work-family responsibilities and

support their career advancement. Some examples of such policies include maternity leaves,

flexible working schedules, and female mentoring programs.

In the first part of our analysis, we document new descriptive facts on the gender gap

along the management pipeline. Although 96% of male and female MBA graduates enter

management roles within the first fifteen years post-MBA, women are 24% less likely to hold

senior management positions. This gender gap emerges as early as the first year after the

MBA and persists for at least fifteen years.

Then, in the main analysis, we use the exogenous assignment of students into sections to

document three key findings. First, we show that having a higher proportion of female section

peers during the MBA increases women’s advancement into senior leadership positions. A

4 percentage point, or 1 standard deviation (SD), increase in the share of female MBA

students leads to an 8.4% increase in the probability of holding a senior management position

3We define senior management positions as Vice President (VP), Director, Senior Vice President (SVP),
or C-level Executive.
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for women in the first fifteen years after MBA graduation.4 In contrast, there is no effect

on male students. This overall effect is economically significant and translates into a 26%

reduction in the management gender gap. We find suggestive evidence of nonlinear effects

of female peers, indicating that female share may have decreasing marginal returns and that

an increase in female students could be particularly beneficial for women in sections with the

lowest proportion of female students. We show that this increase does not come from women

switching industries. Interestingly, we find the largest effects in male-dominated industries,

where women are underrepresented. These results suggest that female MBA peer networks

are important in industries where women are more likely to face barriers in accessing informal

networks in the workplace.

Second, we investigate how firm characteristics play a role in explaining our main results.

We show that women are not more likely to move to smaller or lower-compensation firms,

where it may be easier to reach higher positions on the corporate ladder. Instead, our

results are driven by female-friendly firms, firms that are characterized by policies such

as maternity leave and flexible working schedules.5 We document descriptively that the

gender gap in senior management shrinks over time in female-friendly firms, but widens in

non female-friendly firms. In our causal estimates, we show that women with more female

peers are more likely to transition into these firms and are more likely to be promoted

into senior management at these firms. The effect on entries emerges six to ten years after

MBA graduation, when women are most likely to have young children in the household.6

The timing also coincides with when women stop advancing in non female-friendly firms as

documented by our descriptive analysis. These results suggest that female peers may provide

critical information about which firms support women at a point in the career path when

gender gaps in the labor market start widening (Bertrand et al., 2010; Kleven et al., 2019).

Lastly, we explore three potential explanations for how female peers may affect women’s

career advancement into leadership positions. First, we rule out an effect of female peers

on academic outcomes such as MBA academic performance (GPA) and number of finance

classes, which the literature highlighted as important predictors of future career outcomes

for MBA graduates (Bertrand et al., 2010). Second, we show that female peers do not

affect the first job placement in terms of firms and industries. Finally, we explore longer-

run mechanisms and provide evidence that job referrals and information obtained through

4A 4 percentage point increase along the female share distribution corresponds to 2.4 additional women
and is also equivalent to moving from the 25th (32%) to the 75th (36%) percentile.

5We identify female-friendly firms using InHerSight, a data source with firm ratings by female employees.
6See Bertrand et al. (2010).
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MBA peers can be important mediating factors. We document that women are more likely

to work at the same firm of a female classmate if they are from the same MBA section.

Instead, we do not find any effects for men. Importantly, we also show that women are

more likely to work at the same firm of a female section-mate if the firm is female-friendly.

Although the magnitude of these effects is small and cannot explain the overall increase in

female senior managers, these results support the hypothesis that female MBA networks

help women access female-friendly firms through referrals or information channels.

Our results show that having a larger network of female peers in graduate programs rep-

resents an important pathway to leadership positions for women. While identifying all under-

lying mechanisms is beyond the scope of this paper, we show that one potential way female

peers support women’s career advancement is through referrals and information transmis-

sion. These findings indicate that female-friendly workplaces can be important for women’s

career advancement, but search frictions and information barriers may limit women’s access

to these firms, especially in male-dominated industries. This indicates that complementari-

ties may exist between female peer networks and female-friendly firms.

A counterfactual exercise shows that, even holding the total number of female students

fixed, reallocating them such that they are in sections with at least 34% women would lead

to between 2 and 5 additional female senior managers per graduating class (corresponding

to a 2.4% to 8.4% increase).7 Together, our findings show that the gender composition of

MBA peers has important implications on the career outcomes of women.

Our study contributes to four strands of literature. First, our paper contributes to the

large literature on gender differences in the labor market and their determinants (Olivetti

and Petrongolo, 2016; Blau and Kahn, 2017). These studies have highlighted many poten-

tial explanations that, among many others, include differences in labor supply (Bertrand

et al., 2010), family responsibilities (Kleven et al., 2019), preferences for risk and compe-

tition (Buser et al., 2014; Mas and Pallais, 2017; Wiswall and Zafar, 2014; Niederle and

Vesterlund, 2007), and marriage market concerns (Bursztyn et al., 2017). Most closely re-

lated to our study is Bertrand et al. (2010) which also investigates the career outcomes of

MBA graduates. Bertrand et al. (2010) show that a large gender gap in earnings of 60 log

points emerges in the decade after graduation. We contribute to this literature by docu-

menting that female MBA graduates are also less likely to be promoted and are increasingly

underrepresented in management positions despite having similar educational backgrounds

as their male counterparts. This is possible due to our novel dataset that allows us to iden-

7Note that this exercise assumes non-linearities.
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tify individuals’ positions along the managerial pipeline and follow their career progression

over time. Moreover, we use the exogenous assignment of students to peer groups to show

that the gender composition of MBA peer networks can be an important determinant of the

gender gap in leadership positions.

Second, our paper also speaks to the large literature on the importance of networks

and referrals for career outcomes (Granovetter, 1973, 1995; Montgomery, 1991; Hwang and

Kim, 2009; Bayer et al., 2008; Schmutte, 2015; Beaman and Magruder, 2012; Burks et al.,

2015). A large branch of this literature studies how referrals and homophily can lead to

persistent inequality in the labor market (Calvo-Armengol and Jackson, 2004; Bolte et al.,

2021; Friebel et al., 2021). Prior studies suggest that because men are more likely to be

in positions of power, men are more likely to receive referrals that can help them advance

in their careers, compared to women (Beaman et al., 2018; Zeltzer, 2020; Mengel, 2020;

Lalanne and Seabright, 2016). However, this literature has abstracted from the role of firm

characteristics. For example, although women may benefit from more referrals, the type

of the firm to which they are referred may also matter. The results of this paper suggest

that women’s networks may transmit valuable private information about which firms may

be more supportive of women. In the MBA context, there are two related papers on the

role of female peers on career outcomes. Yang et al. (2019) shows that MBA students’ social

networks predict first post-MBA placement into leadership positions. In line with our results,

this paper suggests that female peers are especially important for women. They find that

female MBA graduates strongly benefit from inner circles of predominantly female contacts,

while this is not true for men. One mechanism Yang et al. (2019) highlighted is that women

require gender-specific information that they can obtain from strong female connections. In

another study, a concurrent working paper by Thomas (2021) uses a similar context and

identification strategy as our paper but finds that an increase in the share of male students

leads to an increase in the salaries of female students at graduation and a higher likelihood of

working in male-dominated industries. We contribute to this literature by considering how

the gender composition of MBA peers can affect women’s advancement into senior leadership

roles. We present new evidence on the persistent effect of MBA peers and the underlying

mechanisms including firm choice on women’s career progression for up to fifteen years post

graduation.

Third, this paper contributes to a growing literature on female-friendly policies such as

maternity leave, childcare, and flexible working schedules (Goldin and Katz, 2016; Mas and

Pallais, 2017; Hotz et al., 2018; Patricia and Jessica, 2019). This literature investigates
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the role that workplace attributes play in the career divergence of women and men, with

the onset of parenthood. We contribute to this literature by showing that one potential

mechanism for how female peer networks can help women advance into senior management

is by increasing the rate at which women enter these firms. Our results highlight that there

may exist complementarities between the availability of these firm-level policies and the

gender-specific information provided by female peers.

Finally, this paper relates to an extensive literature that studies peer effects in many

settings including education, managerial decision-making, and entrepreneurship.8 The most

related papers in this literature study the importance of female peers on the decision to

enter male-dominated fields for female students as well as their performance in these fields

(Bostwick and Weinberg, 2018; Brenoe and Zolitz, 2020; Calkins et al., 2020; Goulas et al.,

2018; Schneeweis and Zweimüller, 2009; Anelli and Peri, 2017). The results of these studies

have largely been mixed. In some cases, more female peers can help women persist and

excel in Ph.D. STEM programs (Bostwick and Weinberg, 2018), whereas in other settings,

more female peers lead female students to choose more female-dominated fields (Brenoe and

Zolitz, 2020). We provide new evidence that having access to a larger network of female peers

indeed helps women achieve leadership positions and do so in sectors that are traditionally

more male-dominated such as finance and tech. Our study also has several unique features

compared to this literature. First, in almost all cases, these gender peer effects papers focus

on contemporaneous or short-term impacts on academic outcomes. Our paper shows that

the networks formed during graduate school are not only sustained but also have important

and persistent impacts on the careers of women in the decades after graduation. Second,

unlike these studies that rely on cohort-variation in gender composition, our study identifies

peer effects using exogenous variation generated from the assignment of students to section

within the same cohort. This experimental setting allows us to more credibly identify the

causal impact of peers.

The paper is organized in the following way. Section 2 describes the setting. Section

3 presents the data used in the analysis. Section 4 illustrates new descriptive evidence on

the gender gap in managerial positions along the pipeline. In Section 5, we turn to the

role of female peers in the gender gap in management. Within this section, we present the

empirical strategy (Section 5.1) and the main results (Section 5.2). We then explore the

role of female-friendly firms (Section 6). In Section 7, we investigate potential underlying

8For example, Epple and Romano (1998); Lavy and Schlosser (2011); Sacerdote (2001); Zimmerman
(2003); Stinebrickner and Stinebrickner (2006); Lerner and Malmendier (2013); Hacamo and Kleiner (2017)

6



channels through which female peers help women advance into management positions. We

then discuss the implications of these results in terms of compensation in Section 8. Finally,

Section 9 concludes.

2 Background

Our study focuses on the career outcomes of full-time 2-year MBA graduates from a top

business school in the United States. This setting is particularly well-suited for studying

the relationship between peers and the gender gap in management positions for three rea-

sons. First, MBA graduates are well positioned to obtain managerial roles; a large part

of the MBA curriculum trains students for these roles. Bertrand and Schoar (2003) and

Bhagat et al. (2010) both find that around 40% of CEOs hold an MBA degree.9 Second,

there is evidence that social networks formed during MBA programs have important effects

on graduates’ career outcomes after the MBA, including firm choice (Hacamo and Kleiner,

2020), entrepreneurship (Lerner and Malmendier, 2013), executive decisions (Shue, 2013),

and compensation (Yang et al., 2019; Thomas, 2021). In fact, business schools often high-

light peer networking opportunities as an important benefit of the educational experience

(Zimmerman, 2019; Kalsi and Samuels, 2019). Finally, this setting allows us to exploit the

exogenous variation in female peers due to the quasi-random assignment of students to sec-

tions, overcoming one of the key empirical challenges in the estimation of peer and network

effects.

Each year, at the beginning of the program, incoming MBA students are quasi-randomly

assigned to one of eight sections based on alphabetical order.10 Each section has around 6

students. We define as peers the students that belong to the same section. Students that

belong to the same section are required to take core classes together. Core classes represent

around 20% of the MBA curriculum and are taken during the first year. In the second year,

students can choose elective courses and thus may not necessarily be in the same classes as

their section peers. Students are typically not allowed to change sections and faculty are not

matched to sections based on section characteristics. The explicit aim of sections is to foster

9The samples in Bertrand and Schoar (2003) and Bhagat et al. (2010) slightly differ. Bertrand and
Schoar (2003) uses data from Forbes 800 files, from 1969 to 1999, and Execucomp data, from 1992 to 1999.
Bhagat et al. (2010) uses the Execucomp database from 1992 to 2007.

10Specifically, the first student in alphabetical order is assigned to section 1, the second to section 2, and
so on, until the eighth student is assigned to section 8. After that, the ninth student is assigned to section
1, the tenth to section 2, and so on.
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close ties and networking among peers. Prior studies and anecdotal evidence suggest that

students form and maintain close bonds with peers in their section (Lerner and Malmendier,

2013; Hacamo and Kleiner, 2016, 2017). For this reason, it seems plausible that peers may

affect managerial career outcomes.

The school aims to achieve balance over three characteristics: gender, undergraduate

institution, and ethnicity. Therefore, the assignment is implemented by following the three

steps: 1) students are assigned to eight sections in alphabetical order; 2) the balance across

gender, ethnicity, and undergraduate institution is checked; 3) if some sections have a share

of male students, white students, or students from a given university above a set threshold,

students are randomly reassigned to hit the target. For this reason, the balance is not perfect

and there is meaningful variation in the proportion of female peers across sections within

the same graduating class as shown in Appendix Figure A1. We will exploit this variation

to study the effects of gender composition on managerial career outcomes of MBA students.

The average female share at the section level is 34% with standard deviation of 4 percentage

points.11 In Section 5.1, we show that the assignment of students to sections is as good as

random.

3 Data

We combine four novel sources of data: (i) school administrative data to construct the gender

composition of section-mates, (ii) LinkedIn data for CV information on the entire education

and employment history, (iii) data on employers’ characteristics from a variety of sources,

and (iv) alumni survey data for additional information such as timing of childbearing. In

this section we provide an overview of the data sources and how we merge them together.

We provide additional details in Appendix Section A. Detailed information on the matching

rate across all these datasets is in Appendix Section E.

11We computed these statistics residualizing the share of female students by the graduating class and
adding back the mean. In our setting one standard deviation approximately corresponds to moving from
the 25th (32%) to the 75th (36%) percentile. The proportion of female peers ranges from 19% at the 1st

percentile to 45% at the 99th percentile.
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3.1 Business School Administrative Data

Aggregate statistics on the number of students per MBA section by gender and race are

provided by the university administrators. This data allows us to construct our treatment

variable (i.e., share of female students per section) using the universe of MBA students from

cohorts graduating between 2000 and 2018.12

For MBA students graduating between 2011 and 2018, we also have individual school

administrative data with information on demographics, pre-MBA educational background

including GMAT scores, academic outcomes, and information on first job placement.

3.2 LinkedIn Profile Data

Data on employment and education background for 2-year full-time MBA graduates who

graduated between 2000 and 2018 are obtained from public LinkedIn profiles, a professional

networking social media platform. The profiles provide CV information on full education

and employment history. The data include names of employers, start and end dates of

employment, job titles, job location, schools attended, degrees received and graduation dates.

As is typical in resumes, individuals create new entries for each job position, even within

the same firm. As a result, we are able to track promotion patterns both within and across

firms. Using the start and end dates of each position, we parse the CV data to create a

yearly panel. We define nonemployment periods as time periods during which we do not

observe a job entry. In our analysis, we will focus on career outcomes from year 1 to 15 post

MBA graduation.

Across all class years, we successfully match 77% of the full-time MBAs to their public

LinkedIn profiles. Detailed information on the matching rate is in Appendix Section E.

Sample Restriction

In the final analysis sample, we further restrict to only MBA graduates who are currently

based in the United States using the locality information on the LinkedIn profiles. There are

two motivations for this restriction. First, we obtain the sample of LinkedIn profiles via web

searches on the U.S.-based LinkedIn webpage. Because LinkedIn may not be as widely used

in other countries as in the United States, individuals based outside of the U.S. with U.S.

LinkedIn profiles may be a selected sample. Second, we are interested in the role of MBA

12Note that data on section assignments come from the fall of the matriculation year. Students who
transferred from the 1-year to 2-year program are not included in these statistics as they were not assigned
a section when they matriculated.
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networks on long-term career outcomes. These peer ties are likely stronger in the United

States as a vast majority of graduates remain in the country. In addition, the role of networks

may differ substantially across different countries with different labor market structures and

cultural norms. Note that even though we focus on individuals based in the United States in

our main analysis, the proportion of female peers assigned to their respective section is calcu-

lated using all classmates, including those who eventually will not work in the United States.

Gender

Information on gender is available for the graduating classes of 2011-2018 in the admin-

istrative dataset. However, we do not have administrative records for earlier cohorts, and,

neither the alumni directory nor the LinkedIn data contains gender information. Therefore,

we utilize a series of customized name-matching algorithms to identify the gender of the

graduate by comparing the first name of the graduate to established names databases. 13

Extending this method to the most recent cohorts, 2011-2018, for which we have adminis-

trative records reveals that we are able to correctly identify the gender 96% of the time.

3.3 Firm Data

We collect firm-level information from a multitude of data sources. We linked this additional

information to our individual-level dataset using the names of the organizations listed for

each position on the LinkedIn CV data. First, we collected LinkedIn company profiles which

provide information on the number of employees and industries.

Second, we complement our dataset with compensation data provided by Glassdoor.com.

This dataset contains 10.5 million self-reported compensation records for 639,422 firms from

2006-2017 and has information on base annual compensation and additional compensation

in terms of cash or stock bonus, profits sharing, sales and commission, and tips. Notably,

we also have information on the gender and job position of the respondent, enabling us to

construct measures such as the gender gap in compensation at the firm level for all employees

and for managers specifically. We also utilize this dataset to estimate compensation for each

13These include the U.S. Social Security Administration baby name data, the U.S. Census data in the
Integrated Public Use Microdata Series, and census microdata from Canada, Great Britain, Denmark,
Iceland, Norway, and Sweden from 1801 to 1910 created by the North Atlantic Population Project. We
compare the first names of the alumni in our data to these databases using the R package, “Gender”
(https://cran.r-project.org/web/packages/gender/gender.pdf). We consider a graduate to be fe-
male if at least two of these sources identify the name to be female. We verify the gender of unmatched
alumni through web searches on various online sources such as news and social media platforms.
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individual by assigning each person to the average compensation level of the firm, gender,

and job level (non-manager, first-level manager, or senior-level manager).14

Third, we collect information on female-friendly firms from three sources. Our primary

dataset on female-friendly workplaces comes from the online platform, InHerSight.com. This

platform contains crowdsourced data on firm policies that may be important for the careers

of women. We obtain employee ratings on metrics that include work flexibility, parental leave

policies, mentorship, and female representation in management. InHerSight also provides an

overall star rating for female-friendliness for each firm. This star rating is constructed using

all the metrics collected on the firm. We provide the full list of metrics and description of

the indices in Appendix Section A.5.1. We define a firm to be female-friendly if it has an

above median rating on InHerSight.15 In addition to data from InHerSight, we also collect

data on overall firm ratings and number of weeks of paid parental leave from another, but

smaller, crowdsourced platform, FairyGodBoss.com.16 Lastly, we also acquire data on female

board members for the public companies listed on the Russell 3000 Index from 50/50 Women

On Boards. We provide additional details on these measures of firm female-friendliness in

Appendix Section A.5. In Appendix Section A.5.4, we explore the correlation among these

multiple metrics to validate our primary measure of female-friendliness.

3.4 Survey Data

We also conducted a survey of a 10% random sample of male and female graduates from

classes 2000 to 2015, excluding 2009. We collect information in four areas that the literature

has highlighted as potential important factors in MBA graduates’ careers (Bertrand et al.,

2010; Goldin and Katz, 2016; Yang et al., 2019; Hacamo and Kleiner, 2020). These areas

include (i) family background such as children and spousal income, (ii) job flexibility, (iii)

networking and role of peers, and (iv) ambitions and self-confidence. Additionally, we obtain

data on compensation across the entire career trajectory to gain information on the wage

gender gap and measure the impact of female peers on this gap. The response rate is 30% for

a total number of responses was 328.17 Appendix Section A.6 provides additional information

14Note that we do not disaggregate by year of the salary because the cell sizes over which the average
compensation would be calculated become too small.

15We use the number of ratings to weight statistics related to InHerSight.
16Because InHerSight data is available for 1,416 firms in our sample compared to 439 firms in FairyGod-

Boss, our primary measure of female-friendliness is the InHerSight rating.
17This is similar to response rate in the literature for similar populations. For example, Bertrand et al.

(2010) had a response rate of 31% for University of Chicago MBA graduates.
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on the survey sample.

3.5 Definition of Managers

Our main outcome of interest is attainment of senior management roles. A unique feature of

our CV dataset is the availability of exact job titles, which permits us to identify managerial

positions based on keywords.18 This type of information is typically not available in large-

scale surveys or datasets such as the Census or administrative tax data, where all managerial

positions are often reported under a single code. Following the guidelines offered by Lean

In and McKinsey & Company (2020), we use common keywords in the job titles to identify

managers (“manager”, “supervisor”), Directors (“director”), Vice Presidents (“VP”), Senior

Vice Presidents (“SVP”), and C-level executives (“Chief X Officer”). These positions form

the corporate management ladder, allowing us to trace the gender gap and the effect of female

peers across the pipeline. Appendix Section C provides more details on how we constructed

these managerial positions. In the rest of the paper, we will refer to: 1) managers as first-level

managers; 2) any positions from director to C-level executives as senior-level managers.19

In Appendix Table A3, to provide evidence supporting our managers classification, we

present summary statistics by each of these job titles using our survey data. As expected,

firm hierarchy as measured on a 1-5 scale increases along the management pipeline. On av-

erage, first-level managers oversee 14 employees -including both indirect and direct reports-

compared to over 500 employees for C-level executives. Weekly hours worked and compen-

sation also increase with each level of management. In particular, first-level managers earn

$185,314 in annual compensation compared to over $300,000 for VPs, SVPs and C-level

executives.

18We also use the job titles to classify job functions as job descriptions are often missing from profiles. In
our analysis, we identify 17 broad function categories: Accounting, Administrative, Consulting, Customer
Service, Finance, General Management, Human Resources, IT, Legal, Marketing, Operations/Logistics,
PR/Communications, Product Management, Research, Sales, Strategic Planning, and Other. See Appendix
Section B for details on how we define and identify job functions.

19In addition to managerial positions, we also identify founders and entrepreneurs using the keywords
“Founder”, “Owner” and “Self-employed.” Note that in our analysis, we exclude founders from the man-
agement outcomes and instead analyze founders separately.
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3.6 Summary Statistics

Appendix Table A1 presents the summary statistics for demographics (Panel A) and pre-

MBA background characteristics (Panel B) for the full sample and by gender. All statistics

in this table are measured at the person-level.20 In our full sample, 36% of students are

female. 39% of MBA students have held a management position prior to the MBA. A

smaller percentage of students (13%) have held a senior management position. Interestingly,

there is no gender difference in management experience prior to the MBA, but there is a 21%

gender difference in total compensation. Moreover 64% of male students compared with 61%

of female students have worked in a male-dominated industry (finance, tech or consulting).

Appendix Table A2 presents the descriptive statistics for the set of academic outcomes

measured at the person level (Panel A) and career outcomes at the person-year level (Panel

B). During the MBA, male students have a higher overall GPA by 0.06 points and take 29%

more finance classes as a proportion of all classes taken during the MBA.21 75% of graduates

are in a management role while 43% are in a senior management role. Although women are

equally likely to be in a management position, they are 14 percentage points, or 29.8% less

likely to hold a senior management position. Additional summary statistics are provided in

Appendix Section C.1.

4 Gender Gap in Corporate Leadership Po-

sitions

In this section, we document three new descriptive patterns for the gender gap in senior

management positions among MBA graduates. We show that (i) female graduate are 24%

less likely to hold senior management positions; (ii) this gender gap emerges immediately

after the MBA and persists for at least fifteen years; (iii) women are 26% less likely to be

promoted into senior management positions from first-level management.

First, we show that despite no gender differences in the entry rate into the management

20Measures in Panel B come from the main LinkedIn dataset for our sample of full-time MBAs who
graduated between 2000 and 2018, excluding class of 2009. Except for pre-MBA years of experience, the
statistics are measured two to five years prior to MBA graduation, i.e. the three years prior to entry into
the MBA program. For pre-MBA experience, we use the total number of years with work experience listed
on the online profile for the ten years prior to the MBA.

21Previous work has found that the gender difference in finance courses can help explain the gender wage
gap for MBA graduates (Bertrand et al., 2010).
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pipeline, a gender gap emerges at the senior management position level. In Figure 1, we

show the likelihood of ever holding a management position at each of the seniority levels

in the 15 years after MBA graduation for male and female graduates. Nearly all graduates

(96%) of both genders have held a management position in the first fifteen years of their

postgraduate career. However, a gender difference emerges when we consider each position

of the senior management pipeline separately. Men are significantly more likely to attain

one of the three senior leadership positions, VP or Director, SVP, and C-level executives.

In Appendix Section F.2, we show that there is a substantial gender gap of 24% in senior

management when we control for class fixed effects, year fixed effects and class interacted

with year fixed effects. Controlling for gender differences in pre-MBA characteristics, firm

characteristics, industry choice, and gaps in the employment history reduces this gender

gap, but a 17.6% difference in likelihood of holding senior management positions remains

unexplained. Given that there are no gender differences in overall management positions,

these patterns suggest that, although female MBA graduates enter first-level management

positions, many of them do not advance into senior management.

Second, the gender gap in senior leadership positions emerges immediately post MBA

and persists over time. Figure 2 plots the dynamics in the likelihood of holding any senior-

level management position over the years since MBA graduation.22 The figure points to a

persistent gender gap in senior leadership positions that emerges at the outset of the post-

MBA career and widens slightly over time. This suggests that women begin their careers in

management positions at lower levels or in nonmanagement roles, and they do not catch up

in the years post MBA. While 74% of men are holding a senior management position in year

15, only 59% of women are. In Appendix Figure A4, we shows that the gender gap in senior

management is present in all industries with the largest gender gap in consulting, and the

smallest in healthcare.

Third, we show that women are less likely to transition into senior-level management po-

sitions from first-level management positions. In Figure 3, we plot the 5-year transition prob-

abilities for first-level managers into either a senior management position, non-management

position, nonemployment, or remaining in the same position.23 We show that 57% of men in

first-level management roles transition into a senior management role in the next five years

compared to 43% of women. This difference is significant at the 5% level and suggests that

women are not being promoted at the same rate as men. Women are also more likely to

22Note that these results are unconditional on employment.
23Nonemployment is identified based on gaps in the reported work history.

14



move to non-management positions or nonemployment, suggesting lower persistence in man-

agerial positions. However, the gender gap in persistence is unlikely to explain the gender

differences in representation in senior management positions given the smaller magnitudes

of the transitions into lower positions.

Together, these descriptive results show female MBAs are significantly less likely to hold

senior leadership positions even though they are just as likely as male MBAs to enter manage-

ment. They begin their careers in lower levels compared to men and once in the management

pipeline, they are less likely to move into higher positions. As a result, a gender gap in senior

management appears at the outset of the post-MBA career persists and does not close over

the next fifteen years.

5 The Role of Female Peers in the Gender

Gap in Management

We now investigate a potential determinant of the gender gap in senior management: the

gender composition of MBA peers. We begin by describing the empirical strategy for iden-

tifying the causal impact of female peers on management. Using the exogenous assignment

of students into sections, we show that a 4 percentage point increase in the share of female

peers increases women’s likelihood of attaining a senior management position by 8.4%. We

show that this effect is concentrated in male-dominated industries and we provide suggestive

evidence of non-linearities.

5.1 Empirical Strategy

Empirical Challenges

The literature has highlighted three main empirical challenges in the identification of peer

effects.24 Our setting is particularly well-suited to deal with these challenges. First, our esti-

mates are unlikely to suffer from selection bias because of the exogenous assignment of MBA

students to sections. Second, we are able to isolate peer effects from the potential confound-

ing effect of common shocks because our treatment variable is based on a pre-determined

characteristic, gender. In fact, the exogenous assignment makes it unlikely that common

24See, for example, Manski (1993); Sacerdote (2011, 2001); Brock and Durlauf (2001); Moffitt (2001);
Lerner and Malmendier (2013); de Paula (2017); Charles et al. (2018); Caeyers and Fafchamps (2021).
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shocks are correlated with this pre-determined characteristic. Finally, our estimates do not

suffer from reflection bias because we model the outcome only as a function of an individual’s

background characteristics and peers’ average background characteristics. Appendix Section

G provides a more detailed discussion on the empirical challenges in the identification of peer

effects and their implications in our context.

Empirical Specification

We estimate peer effects using a linear-in-means model in which holding a senior man-

agement position depends on own gender and the proportion of female students among MBA

section peers. Following Bertrand et al. (2010), we use a pooled sample in which we include

all observations of an individual such that each observation refers to an MBA graduate in a

given post-MBA year. Specifically, we use the specification:

yikct =α1FemaleShare−i,kc ×Malei + α2FemaleShare−i,kc × Femalei+

+ α3Femalei +
∑
j=0,1

(δc + φt + ωct) × I(Femalei = j) +Xikctγ
′ + εikct (1)

where yikct is the outcome of interest for individual i in section k from graduating class

c in year since graduation t. FemaleShare−i,kc is the proportion of female peers of i in

section k and graduating class c. Femalei is a dummy that takes value 1 for female and

0 for male, while Malei is a dummy that takes value 1 for male and 0 for female. The

specification also includes a series of class fixed effects (δc), year fixed effects (φt), class-by-

year fixed effects (ωct), and their interactions with the gender dummy. This allows us to

isolate only within cohort variation in female share. Therefore, by exploiting within-gender-

within-class variation, our coefficients are not affected by changes in the gender composition

of the program over time.

The term Xikct represents a series of individual and section-level control variables. Be-

cause the section assignment algorithm aims to achieve balance on gender, undergraduate

institution, and ethnicity, we control for having attended a top 20 U.S. undergraduate uni-

versity based on U.S. News Ranking. Hereafter, we will refer to this as stratification variable.

Unfortunately, we are unable to control for ethnicity due to lack of data availability. We

also include pre-MBA characteristics that are predictive of becoming a senior manager: any

senior management experience dummy, and having worked in finance for precision.25 All

25To identify the predictors, we regress a dummy for holding a senior management position on a fe-
male dummy, class fixed effects, year fixed effects, class interacted with year fixed effects, and pre-MBA
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individual level-characteristics are interacted with the gender dummy. Lastly, we include

a series of section-level controls that account for differences across sections to bolster the

interpretation of these results. As observed in Table A1, gender differences exist across

many pre-MBA characteristics. As a result, a larger share of female peers may capture

alternative channels such as having a larger share of peers from more female-dominated in-

dustries. Following the methodology employed by Lerner and Malmendier (2013), we control

for section-level characteristics that are significantly correlated with share of women in the

section: share of section with management experience, senior-level management experience,

worked in finance, worked in consulting, worked in other industries, worked in a P&L role,

US locality, white, and foreign.26,27,28 We cluster standard errors at the section level for all

of our specifications.29

The exogenous variation in female peers allows us to interpret our two coefficients of

interest, α1 and α2, as causal. α1 and α2 represent the total effect of having more section

female peers on the outcome variable for men and women, respectively. α3 captures the

gender gap in outcomes conditional on controls.

Identification Assumption and Randomization Test

In order to identify the causal effect of peers, our empirical strategy relies on the idea

that the distribution of female share across sections is as good as random. In our setting,

because the assignment was done by the university, we implement randomization tests to

show that the assignment of students is as good as random. A natural first attempt is to

characteristics using the pooled sample. The results of this regression are presented in Appendix Table A4.
26In Appendix Table A7, we present section-level summary statistics for different pre-MBA characteristics.

This table reports the coefficients from bivariate regressions of female share on each of the specified section
characteristics controlling for class fixed effects. Nine characteristics are significant at the 5% level. These
include share of section with management experience, senior-level management experience, worked in finance,
worked in consulting, worked in other industries, worked in a P&L role, US locality, white, and foreign. Note
that Lerner and Malmendier (2013) use a forward stepwise selection process to choose their final section-level
controls, but because we have much fewer characteristics than in their case (16 vs. 68), we utilize linear
regressions for this purpose.

27Share of white and foreign are computed using statistics aggregated at the section level from adminis-
trative data between 2000 and 2018. However, since we have individual administrative data only for years
2011 to 2018, in computing these shares we can not leave out the individual as we do for all other shares.

28In Section L.1, we show that our estimates are robust to alternative sets of controls.
29We cluster at the section level because there may be common shocks that affect the entire section

leading to correlation in the outcome variable within the section. However, as we discuss in the identification
section, due to exogenous assignment and the focus on a predetermined characteristic, the common shocks
would not bias our estimates. We show in Section L.1 that our results are robust to clustering at the class
level.
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test whether the gender of the student is correlated with the female share of the section.

However, as first highlighted by Guryan et al. (2009) and recently expanded upon by Caeyers

and Fafchamps (2021), there is a systematic negative correlation between the characteristic

of the individual and her peers due to the fact that an individual cannot be her own peer

when assignment is done without replacement.30 Caeyers and Fafchamps (2021) refers to

this bias as the “exclusion bias.” As a result, we implement two alternative randomization

tests proposed by Guryan et al. (2009) and Caeyers and Fafchamps (2021), respectively, that

take this bias into account.31

The first randomization test is proposed by Guryan et al. (2009) and has been widely

implemented in the peer effects literature (Carrell et al., 2009; Sojourner, 2013).32 The

rationale behind this test is that, after controlling for the leave-out mean of female share in

the class, the section-level leave-out mean should be precisely estimated and not significantly

different from zero. Table 1 shows that the section-level leave-out mean is not significant

either when using the full sample of cohorts between 2000 and 2018 (Columns 1-2) or when we

restrict to the sub-sample of cohorts between 2011 to 2018, for which we have administrative

data (Columns 3-4). It also does not depend on the inclusion of covariates.

The second randomization test, proposed by Caeyers and Fafchamps (2021), is an alter-

native to the test proposed by Guryan et al. (2009). Caeyers and Fafchamps (2021) provide

an exact formula to quantify the magnitude of the exclusion bias in our setting with unequal

section and class size, assuming homoskedastic errors. Instead of adding a bias correction

term in the estimating equation as in Guryan et al. (2009), Caeyers and Fafchamps (2021)

show that the randomization test can be implemented by netting out the asymptotic ex-

clusion bias first.33 We present the results of the randomization test in Table 2 for the full

sample (Columns 1-2) and for the cohorts between 2011 and 2018 (Columns 3-4).34 The

coefficient for female share is insignificant across all specifications with or without the main

30When class fixed effects are included, the exclusion of an individual from the pool of potential peers
creates a systematic negative correlation between the individual’s characteristics and that of her peers.

31Caeyers and Fafchamps (2021) is a generalization of the methodology proposed by Jochmans (2020).
For this reason, we decided to report the results from using the approach in Caeyers and Fafchamps (2021).
Results from Jochmans (2020) are available upon request.

32See Appendix Section H for details on this randomization test.
33See Appendix Section I for details on this randomization test.
34Following Caeyers and Fafchamps (2021), the estimation is done clustering at the class level. In Section

L.1, we show that our results are robust to clustering at the class level.
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set of controls used in our baseline specification.35 36 The results of this test and the pre-

vious one suggest that the distribution of female share is in fact as good as random in both

samples and they provide strong support for the validity of our empirical strategy.37

5.2 Main Results

In this section, we first present the main results on the effect of female peers on MBA grad-

uates’ likelihood of holding senior managerial positions. We then provide an interpretation

of the effect size, provide suggestive evidence of nonlinear effects of female peers, and show

that this effect is concentrated in male-dominated industries. We conclude showing a series

of robustness checks and empirical tests to support our resultss.

Main Regression Results

Figure 4 shows the binned scatterplot of the relationship between female peers and the

probability of becoming a senior manager. Both the outcome and female share have been

residualized by the full list of controls in our main specification (1). Importantly, this

figure shows the within-gender and within-class variation. Each dot represents the average

likelihood of holding a senior management position within 10-percentile bins of female share.

We find a strong positive causal relationship between the exposure to female peers and the

likelihood of attaining a senior managerial position for female graduates and no effect for

male graduates.

Table 3 Column (1) reports the corresponding estimates. We find that a 4 percentage

point (1 SD) increase in the share of female MBA students leads to a 8.4% (=0.822*0.04/0.391)

35Note that when implementing this test with covariates, we first partial out additional regressors using
the methodology described by Caeyers and Fafchamps (2021).

36As additional evidence, in Appendix Table A5 we conduct the same randomization test when the
dependent variable is being a female student from a top 20 undergraduate institution in Column (1), being a
female student with senior managerial experience in Column (2), being a female student with experience in
finance in Column (3). Consistently to the previous results, we do not find any significant effect. Similarly,
in Appendix Table A6, we present the coefficients from regressing female share on the female dummy and the
three variables that predict the probability of becoming senior manager (coming from a top 20 undergraduate
institution, having experience as senior manager, having worked in finance). We can not reject the null of
the joint significance of these coefficients.

37In Appendix Section J, we provide an additional test to show that the within-class peer-gender vari-
ation is as good as random. Specifically, following the methodology in Bietenbeck (2020), we compare the
actual distribution to a simulated within-class distribution of female share. Appendix Figure A5 shows no
statistically significant difference between the actual and the simulated distribution, providing supporting
evidence of as-good-as-random assignment of the share of female peers.
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increase in the probability of holding a senior management position on average across the

fifteen years after MBA graduation.38 In contrast, there is no effect on male students. This

is perhaps surprising given that an increase in female share would imply a decrease in male

share. On one hand, to the extent that a larger network of male peers matters for male

students’ career outcomes, we would expect a negative impact for males. On the other hand,

female peers may provide useful information across genders and be beneficial for male grad-

uates as well. The null result suggests that access to a larger network of same-sex MBA

peers is much more beneficial for women than for men. This is consistent with the “old

boys’ club” hypothesis in that male MBA graduates may have easier access to networking

opportunities at their firms and may not need to rely on their MBA networks as much for

their career advancement (Cullen and Perez-Truglia, 2019).39

Interpretation of the Effect Sizes

In this section, we interpret the economic magnitude of our main results and its im-

plications in terms of gender gap in leadership positions. In Table A47, we showed that

female MBA graduates are 12.8 percentage points (24%) less likely to reach senior leader-

ship positions compared to 54% of men. Our results in Table 3 suggest that a 4 percentage

point (1SD) increase in the share of female MBA students leads to a 3.3 percentage point

increase (8.4%) increase in the probability of holding a senior management position. This

is equivalent to a 26% (=3.3/12.8) reduction in the gender gap on average across the fif-

teen years after MBA graduation. These effects are economically large and consistent with

the hypothesis that same-gender peers play a key role in the career advancement of women.40

Dynamic Effects of Female Peers

In our baseline estimation, we estimated equation (1) pooling all the years since gradua-

tion. In order to understand the dynamics of when female peers help female MBAs transition

into senior management positions, we estimate equation (1) separately for each post-MBA

year. Figure 5 plots the coefficients α1 and α2’s from equation (1) which represent the total

38A 4 percentage point increase along the female share distribution corresponds to 2.4 additional women
and is also equivalent to moving from the 25th (32%) to the 75th (36%) percentile.

39In Appendix Section K.3 we explore the effect of female peers on additional outcomes.
40There is limited evidence of the effect of gender representation on women’s advancement into leadership

positions. One paper that studies a similar outcome to ours is Dalvit et al. (2021). This paper investigates
the effect of board quotas on female senior managers in the context of a 2011 French reform. We find that
the magnitude of our results corresponds to an increase in female board members from 10 percent to 24
percent.
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effect of female share on men and women, respectively.41 The dynamic patterns show an

increase in the probability of holding a senior management position over time since gradu-

ation.42 We find that a 4 percentage point (1SD) increase in female share leads to a 7.7%

(=0.046/0.593) increase in the likelihood of holding a senior-level management position for

women fifteen years after graduation.

Effects Along Management Pipeline

We next decompose the effects on senior managerial positions into individual positions

along the management pipeline: Directors and Vice Presidents (VP), Senior Vice Presidents

(SVP), and C-level executives. We find that our main results on senior managers are driven

by entries of women into VP and director positions. Appendix Table A10 presents the overall

effect on each management position using the pooled sample.43 We find that a 4 percentage

point (1SD) increase in female share leads to a 9.6% (=0.029/0.304) increase in the likelihood

of holding a director or VP position for women during the first fifteen years from graduation

(Column 1). On the contrary, we find no effect for SVPs and C-level executives in Columns

(2) and (3), respectively. The null effect on SVPs and especially C-level positions should be

interpreted cautiously given that the vast majority of our sample has not reached the level

of seniority to hold these positions yet.

Nonlinear Effects of Female Peers

Are there nonlinearities in the effects of female peers on women’s likelihood of becoming

a senior manager? Increasing female share may have a larger impact in sections with a lower

share of female students. In order to test this hypothesis, we use a one-knot spline regres-

sion, which allows us to identify significant changes in our coefficients of interest along the

distribution of female share. Specifically, we modify equation (1) by interacting the main

coefficients of interest with an indicator variable for being in a section with above-median

share of female peers (34%) across all classes.44 Table 4 reports the total effect of female

peers for sections with female share below and above the median. While the estimated effect

is larger for women in sections below the median, we can not reject equality between the

41Regression estimates are presented in Appendix Table A8.
42The estimates are more imprecise towards the end of the sample period as the number of observations

fall as more recent cohorts drop out of the sample.
43The effects over time for probability of holding each management position are plotted in Appendix

Figures A8, A9, and A10 for Director and VP, SVP, and C-level executives, respectively.
44We provide additional details on the estimation in Appendix Section L.
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two coefficients. This null result is potentially due to a lack of statistical power. These

findings, nonetheless, provide suggestive evidence that female peers are particularly benefi-

cial for women in sections with a lower female share, pointing to the presence of decreasing

marginal returns of additional female students. The presence of decreasing marginal returns

would also help explain the lack of effect for men.

Attachment to the Corporate Pipeline

We showed that female peers have a positive effect on the probability of becoming a

senior manager. We now explore whether our results on senior management are driven by

an increase in the attachment to the corporate pipeline as measured by employment and

career breaks, entry rate into the managerial pipeline, and likelihood of self-employment.

Appendix Table A25 shows that there are no effects on employment or career breaks, sug-

gesting that this channel cannot play a key role in explaining our results.45 Then, we test

the hypothesis that female peers encourage women to enter management positions (including

first-level positions), which in turn would lead to a subsequent increase in senior manage-

ment. Appendix Table A26, however, shows no effect on holding any managerial position.

Finally, we ask whether female peers may increase promotion rates into senior managerial

positions by reducing the likelihood of self-employment.46 There is suggestive evidence that

women may use self-employment as a way to work part-time or lower hours and have a

better work-life balance (Bertrand et al., 2010). If female peers help women, who otherwise

would have moved into self-employment, remain attached to their firm, this may explain the

increase in female senior management. In Appendix Table A27, we find no significant effect

on self-employment. Appendix Section M.1 provides more details on these results.47

Senior Managers, Firm Size, and Firm-Level Compensation

We then investigate whether female peers have an effect on the type of firms where female

senior managers work in terms of size and firm average compensation. In Appendix Tables

A11 and A12, we show that women are not more likely to become senior managers in firms

of a different size or with a different level of average compensation. Moreover, we find that

45Note that, while we do not have childbirth information, we are able to infer employment and career
breaks based on the dates listed on CV. We define a career break as a gap between the end and start dates
of two consecutive positions of at least a 3-month.

46Our definition of senior manager does not include entrepreneurs.
47Also notice that, since we do not find an effect on being an entrepreneur, our results do not depend on

whether we include entrepreneurs in our definition of senior managers.
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female peers do not induce women to move to smaller firms or low-paying firms, where it

may be easier to reach higher positions along the corporate ladder (Appendix Tables A13

and A14).48,49 Consistent with these findings, in Appendix Table A17, we show that our

main results on senior management are robust when we estimate equation (1) controlling for

firm size and firm average compensation.

Male-Dominated Industries

Interestingly, in this section we show that the increase in senior managers is driven by

higher rates of promotion for women in male-dominated industries with no corresponding

shifts in employment towards these industries.50 Specifically, Appendix Table A16 reports

the estimates for holding a senior management position in a male-dominated industry (Col-

umn 1) and in a female-dominated industry (Column 2). We show that a 4 percentage point

(1SD) increase in female share leads to a 12% (=0.024/0.201) increase in the probability

of becoming a senior manager in a male-dominated industry. On the contrary, we find no

effect on the probability of becoming a senior manager in a female-dominated industry. The

difference between the two coefficients of interest is significantly different at the 3% level.51

However, Column (3) of Appendix Table A16 shows that there is no significant effect on

entries into male-dominated industries.52 53 These results provide suggestive evidence that

the increase of senior managers in male-dominated industries is driven by higher promotion

48More details on this analysis are provided in in Appendix Section K.1.
49In Appendix Section K.1, we also show that the increase in female senior managers is not associated

with lower Profit and Loss (P&L) responsibilities. Having Profit and Loss (P&L) responsibility involves
monitoring the net income after expenses for a department or an entire organization, with direct influence
on how company resources are allocated. These roles have been shown to be essential for promotions into
top executive positions.

50As shown in Appendix Figure A3, there exists substantial gender variation in industry choice. Male-
dominated industries are consulting, tech, and finance. Female-dominated industries are consumer goods
and healthcare.

51See Appendix Table A28 for the p-values from the tests of pairwise differences across the two specifica-
tions.

52Given that the coefficient is imprecisely estimated, we provide two additional pieces of evidence against
an effect on industry choice. First, in Appendix Table A29, we present the analogous results for each industry
separately. We find no overall effect of female peers on industry choice. Second, Appendix Figure A14 shows
the dynamic effects for entries in male-dominated industries. Consistent with our pooled results, we do not
find a significant effect in any of the post MBA years included in our analysis.

53Notably, this result stands in contrast to prior gender peer effects papers that find a significant rela-
tionship between female peers and the choice of female students to enter in male-dominated fields of study
such as STEM (Brenoe and Zolitz, 2020). The difference in this setting may result from the fact that MBA
graduates enter the program with five years of work experience on average and, as a result, are less influenced
by their peers in the choice of industry.
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rates of women in these industries. 54

5.3 Robustness Checks

We present a series of robustness checks to provide supporting evidence that our results

credibly identify the causal effect of female peers on senior positions for women.55

Missing Data and Alternative Samples

First, we provide evidence that our results are not driven by unmatched observations or

the restrictions to our sample. In Appendix Table A19, we investigate whether unmatched

observations from each of the datasets are systematically correlated with female peers. We

report the regression results from estimating equation (1) where the dependent variable in

each column is a dummy if the individual is matched to the specified dataset.56,57 We do not

find a correlation between female share and being in the sample in any case. This provides

strong evidence that selection into the sample cannot explain our results.

We also conduct a series of robustness checks using alternative definitions and samples

and re-estimating equation (1) for senior management. Results are summarized in Appendix

Figure A12 and in Appendix Table A22. Specifically, we show that the main result is robust

when: (i) we use an alternative nonemployment measure where we assume that all the time

periods up to 2019 are nonemployment spells (Column (2)); (ii) we restrict the sample to

people we can follow throughout the fifteen years post-graduation (Column (3)); (iii) we

drop from the sample outliers sections (i.e., sections with a proportion of female students in

the first and last percentile of the female share distribution) (Column (4)); (iv) we include

entrepreneurs in the definition of senior managers (Column (5)); (v) we restrict the analysis

to the observations for which we have information on industry and level of female-friendliness

of the firm, as defined in Section 3.3 (Columns (6) and (7)).

54More details and additional results are provided in Appendix Section .
55Additional details are provided in Appendix Section L.1.
56Note that we do not include controls beyond gender, class and year fixed effects, because additional

information is not available for unmatched individuals.
57Because this analysis requires microdata and we do not have individual data for the full census of MBA

graduates prior to 2011, we use the alumni directory records as a proxy for the sample universe in Columns
(1) and (2). That is, missing dummy equals 1 if in the alumni directory records and 0 otherwise. In Columns
(3) and (4), we use the matched LinkedIn and administrative data to conduct the analysis for the 2011-2018
cohorts.
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Placebo Tests

Second, we run two placebo tests. First, following the methodology described in Athey

and Imbens (2017), we conduct a randomization test in which we randomly re-assign students

to sections within the same class.58 In Appendix Figure A11, we plot the distributions of

the placebo treatment effects for men and women, respectively. The vertical lines indicate

the actual coefficients we estimated using the true section assignment. The true effect for

men falls within the distribution of placebo effects, consistent with the null effect on men

that we find in our main results (Section 5.2). On the contrary, the estimated true effect for

women is much larger than any of the placebo effects, providing supporting evidence that

the estimated impact of female peers on women’s probability to become senior managers is

unlikely to have occurred by chance.

Second, if female share in each section is exogenous, it should have no effect on our

outcome variable in the years prior to the MBA, when peer groups have not been formed

yet. Appendix Table A20 shows the coefficients from regression (1) estimated separately

for up to three years before the start of the MBA program. We find no consistent evidence

of an effect of female share on female future graduates, supporting our identification strategy.

Alternative Empirical Strategies

Finally, we show that our results are robust to a series of alternative empirical strategies.

First, in Table A21, we show that our estimates are robust to alternative sets of controls.

Column (1) reports the estimates from the baseline specification. In Column (2), we only

control for class fixed effects, year fixed effects class-by-year fixed effects, as well as their

interactions with a female dummy. Then, in Column (3), we also include stratification vari-

ables as controls. Lastly, in Column (4), we add individual level-characteristics as described

in Section 5.1.59 Across all specifications, we show that female peers have a significant and

positive effect on career advancement of women with no corresponding effects on men.

Second, we show that our estimates are robust to clustering at the class level.60 Appendix

Table A23 shows the coefficient of interest from estimating equation (1) when clustering at

58The re-assignment is performed without replacement and using uniform probability. We conduct this
re-assignment 1,000 times and, in each iteration, we estimate our coefficient of interest from equation (1) for
our main outcome variable, probability of holding a senior management position, for both men and women.

59Note that for all of the controls we include, we also include missing indicators and all of their interactions
with a female dummy.

60The reason for this check is that, although in our main empirical strategy we cluster at the section level
as in Guryan et al. (2009), when we implement our second randomization tests (Section 5.1) we cluster at
the class level to follow the approach in Caeyers and Fafchamps (2021).
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the section level (Column(1)) and when clustering at the class level (Column(2)). The two

clustering levels lead to almost identical results.

Finally, we show that our results are robust when we use a conditional logit model instead

of OLS. Appendix Table A24 reports the coefficients from our main specification in Column

(1) and from the logistic specification in Column (2). We find that with this alternative

model the effect of female peers is positive and significant at the 3.4% level. The marginal

effect is 0.477 which translates into a 4.9% increase in the probability to be a senior manager

for a 4 percentage point (1SD) increase in the female share distribution.

6 Female Peers and Female-Friendly Firms

Our results in the previous section show that female peers help women advance into senior

corporate leadership positions. The increase in female senior managers is not driven by an

increase in the attachment to the corporate pipeline. Also, our results are concentrated in

male-dominated industries, where women may face additional barriers in accessing informal

networks and therefore may rely more on their MBA female peers. In this section we ex-

plore the role of firm characteristics and show that our results are driven by female-friendly

firms. This finding is consistent with the hypothesis that female peers may provide gender-

specific information on which firms are more supportive of women’s careers and how to take

advantage of female-friendly policies, such as maternity leaves and flexible work schedules.61

In Section 5.2, we showed that the increase in female senior managers cannot be explained

by changes in firm size or firm-level compensation. However, firms may differ along other

dimensions that can be beneficial for women’s career advancement. In particular, a growing

literature has documented the importance of female-friendly workplaces for the labor market

outcomes of women (Claudia, 2014; Goldin and Katz, 2016; Hotz et al., 2018). To identify

female-friendly firms, we leverage novel crowdsourced employee ratings data from InHer-

Sight.com.62 We classify a firm as female-friendly if it has an above-median rating. The

ratings from InHerSight capture female employees’ perception on metrics such as generosity

of the maternity leave policies, flexible work schedules, and professional support. Note that

female-friendly firms are present in both male- and female-dominated industries.63

61Female-friendly firms are firms that provide policies to help women balance their work-family responsi-
bilities and support their career advancement.

62Additional details provided in Appendix Section A.5.1.
63Interestingly, Appendix Figure A18 shows that the proportion of female-friendly firms is higher in the

three male-dominated industries (tech, finance, and consulting). We find the lowest share of female-friendly

26



We first present descriptive results on the role of female-friendly firms in explaining the

gender gap in senior management. We show that the gender gap in management narrows

over time in female-friendly firms but widens in non female-friendly firms. We then investi-

gate whether female MBA peers have a stronger effect in female-friendly firms. We find that

the increase in senior management for female MBAs is concentrated in female-friendly firms.

This increase is driven in large part by more women joining these firms later in their career.

This suggests that female MBA peers may provide women with key information and referrals

at a critical moment of their careers, when they are more likely to have young children.

Descriptive Dynamics of the Gender Gap in Senior Management in Female-

Friendly Firms

In Figure 7, we plot the probability of holding a senior management position over the

years since graduation by gender and female-friendliness of the firm. The figure shows that

regardless of the type of firm, women are less likely to be senior managers than their male

counterparts. We also find limited evidence that the career paths for men differ across

these types of firms. However, even though female MBAs are equally as likely to hold senior

management positions in both female-friendly and non female-friendly firms at the beginning

of the post-MBA career, a divergence occurs beginning eight years after graduation. Female

MBAs are increasingly more likely to hold senior management positions in female-friendly

firms, shrinking the gender gap. In contrast, in non female-friendly firms, women are much

less likely to progress compared to both men and women in female-friendly firms. The timing

of this divergence between the two types of firms coincides with the moment in the life-cycle

when female MBAs are likely to have young children in the household.

This descriptive pattern is consistent with the hypothesis that female-friendly firms help

women balance their work-family responsibilities (Hotz et al., 2018). Availability of female

mentoring and sponsorship programs may also provide women with the necessary support

to advance in their careers (Blau et al., 2010).64 Furthermore, in addition to female-friendly

policies, these types of firms may also have a work culture that is more supportive of women

and helps them transition into management positions. This result provides suggestive evi-

firms in consumer goods, which is the industry with the highest female representation in terms of employees.
64We note that female-friendly firms may differ along other dimensions that would explain this pattern.

However, we show in Table A31 that there is no significant difference in firm size or firm average compen-
sation between female-friendly and non-female friendly firms. Instead, as expected, female-friendly firms
are characterized by a larger proportion of female board members and more weeks of paid maternity leave
(although the difference is not significant for the latter).
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dence that female-friendly workplaces may play an important role in helping women advance

in their careers.

Senior Managers in Female-Friendly Firms

The descriptive results suggest that female MBA graduates are more likely to progress

in female-friendly firms. We next explore whether female peers help women gain senior

leadership positions in these firms. Table 5, Column (1), shows that female peers significantly

increase women’s likelihood of becoming a senior manager in a female-friendly firm, while

they do not affect the probability of becoming a senior manager in a non-female-friendly

firm (Column (2)).65 The difference between the two coefficients is significant with a p-value

of 0.014.66 In Appendix Section M.3, we validate these results using alternative measures of

female-friendliness from other data sources and find consistent results.

In Section 5.2, we showed that our results are concentrated in male-dominated industries

and provided suggested evidence that this increase comes from an increase in promotions

within these industries and not a shift across industries. A natural follow-up question is

whether within male-dominated industries the increase in senior managers can be explained

by female MBA graduates shifting into more female-friendly firms. In appendix Section ,

we show that when we restrict to male-dominated industries, the effect is driven by female-

friendly firms, suggesting that the increase in female senior managers is driven by women

moving to female-friendly firms within male-dominated industries.

What features of female-friendly firms are driving our results? Recall that the female-

friendly measure comprises 18 metrics. We create six standardized indices by grouping these

18 underlying metrics following six broad topics: 1) gender equal opportunities; 2) work

schedule flexibility; 3) professional enrichment; 4) fair compensation; 5) family friendliness;

6) workplace culture. In Appendix Figure A15 and Appendix Table A32, we report the

analogous results for firms that are above or below the median in each of the component

indices.67 The results suggest that women are most likely to be senior managers in firms

with higher work schedule flexibility and family-friendliness, such as those providing more

generous maternity leave policies. We also find positive effects for firms with greater pro-

fessional enrichment, better workplace culture, and gender-equal opportunities. In contrast,

we do not find a differential effect for the index capturing whether a firm is perceived to

65In Appendix Figure A16, we show the dynamic effects of these results.
66See Appendix Table A28.
67We describe how we aggregate the components of the female-friendly firm metrics into six broad cate-

gories in Appendix Section A.5.1.
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have fair compensation. This aligns with earlier results that find no impacts on firm-level

compensation.

Entries vs. Promotion

What explains the increase in senior managers in female-friendly firms? This effect may

be driven by a combination of new entries in female-friendly firms and higher promotion

rates in these firms. We present evidence that entries play a nontrivial role in these results.

In Table 5, Column (3), we show that there is no effect on likelihood of working at a

female-friendly firm, although the estimate is very imprecise.68 However, this null result

masks considerable heterogeneity along the career path. In Appendix Figure A17, we plot

the likelihood of working in a female-friendly firm over time since graduation. There is an

increasing effect on women joining female-friendly firms beginning six to seven years after

MBA graduation. This period coincides both with an increase in female senior managers in

female-friendly firms as shown by our descriptive analysis in Figure 7, and with the years

when women are more likely to have childcare responsibilities. Specifically, in our survey

data, we find that 50% of graduates have children three to seven years after graduation.69

By having access to a larger network of female peers, mothers may gain referrals and advice

on which firms that can support them in their careers.

Moreover, while we have documented an increase in entries into these firms, these results

do not rule out the possibility that female peers may also increase the rate of promotions of

women at these firms. This can occur through two potential channels. First, female peers

may provide more effective advice in a female-friendly environment. For example, female

peers may have private information that helps women strategize and take better advantage

of the female-friendly policies relating to work flexibility or parental support. Second, fe-

male peers can also affect the type of women joining female-friendly firms, for example, by

helping women find better firm matches. This can occur through a treatment effect on the

preferences of women for certain female-friendly firm attributes or raising awareness of the

importance of some of these firm amenities.70 It is beyond the scope of this paper to quantify

68We also do not find much evidence along the specific dimensions of female-friendly firms in Appendix
Table A33.

69This pattern of childbirth is also similar to the results found by Bertrand et al. (2010) in their study of
University of Chicago MBA graduates.

70Note that we cannot rule out that these results may also capture the impact of female managers on
these female-friendly firm policies. The InHerSight data is collected in 2021, which in some cases is many
years after the women in our sample have been promoted to senior management. Potentially female peers
increase women’s likelihood of becoming senior managers and in turn, these female managers implement
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the relative magnitudes of the selection and promotion channels for senior management, but

we believe it would be an interesting avenue for future research.

7 How Do Female Peers Lead to an Increase

in Female Senior Managers?

Our results show that access to a larger proportion of female peers help women advance into

senior management positions. In Section 6, we show that female peers encourage women to

join female-friendly firms where they are more likely to be promoted.

This brings up an important question: what are the key underlying channels through

which female peers help women advance into management positions? In this section, we will

focus on exploring three explanations for the increase in senior managers: (i) MBA academic

achievement, and (ii) first placement, and (iii) referrals and gender-specific information trans-

mission. As we will show below, (i) and (ii) are unlikely to explain the effects we observe. We

will provide suggestive evidence for referrals and information transmission. We will conclude

discussing other potential channels such as changes in ambitions and self-confidence.

7.1 MBA Academic Achievement

First, one hypothesis is that female peers may help women succeed academically during the

MBA, raising their human capital, and propelling them to success later in their careers.71

In particular, Bertrand et al. (2010) have shown that higher GPA and coursework in finance

during the MBA are key predictors for postgraduate earnings and this may reflect higher

job seniority and greater management responsibilities. To test this hypothesis, in Appendix

Table A39, we use the school administrative dataset for the classes of 2011 to 2018 to study

policies that make the firm more female-friendly today. However, as we show in Appendix Table A34, the
results are very similar when we restrict to only large firms with over 5000 employees, where any single
manager may be less influential. This suggests that this explanation is unlikely to explain these results.

71While the evidence for the MBA context is more sparse, a large literature in education has documented
the importance of peer effects for educational achievement and skills development (Duflo et al., 2011; Brenoe
and Zolitz, 2020; Sacerdote, 2001). Given that female students represent roughly 30% of each graduating
class, more female peers may lead to greater participation and engagement in the classroom, leading to
higher academic achievement that can translate into higher job performance or better credentials for MBA
recruiting.
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whether a higher proportion of peers that are female leads to a change in the GPA or

the share of finance classes during the MBA.72 We do not find any evidence that female

peers affected the academic performance of female students or their course load in finance.

Therefore, it seems unlikely that the increase in senior managers is driven by changes in

academic preparation as a result of more female peers.

7.2 Initial Placement

Second, female peers may affect the first post-MBA placement which, in turn, can have

persistent career effects. Previous studies have shown that initial job placement have im-

portant and long-run effects on career trajectories (Rothstein, 2021; Thomas, 2021; Altonji

et al., 2016; Kahn, 2010). However, Appendix Table A41 shows that there is no effect of

female peers on probability of being a senior manager in the first year post-MBA (Column

(1)). Moreover, we find no impact on the type of firms and industries graduates join as first

post-MBA placement. Specifically, Appendix Table A41 shows no effect on the probability

of working in male-dominated industries (Column (2)) or in female-friendly firms (Column

(3)). Finally, female peers do not affect the firm size and firm average compensation of the

first post-MBA job (Columns (4) and (5)).

7.3 Referrals and Gender-Specific Information

Finally, we explore longer-run mechanisms and we investigate the role of job referrals and

information transmission. A longstanding literature in labor economics has demonstrated

the importance of job referral networks for career outcomes.73 Due to gender homophily

in networks, women may receive more referrals as a result of having more connections with

other women (Zeltzer, 2020). In addition to referrals, female peers may represent an im-

portant source of private career information that may be more relevant for women than for

men (Yang et al., 2019). For example, in male-dominated settings, women may provide

more credible and gender-specific information about topics such as navigating job cultures,

managing relationships, and balancing work-family responsibilities (Sandberg and Scovell,

2013; Saloner, 1985). This is particularly true regarding firm-level information such as firm

culture, hiring and promotion strategies, and family-friendly policies. Although, we cannot

72Appendix Table A40 present the results for GPA by field.
73Montgomery (1991); Hwang and Kim (2009); Bayer et al. (2008); Beaman and Magruder (2012);

Schmutte (2015).
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observe referrals or information transmission directly in the data, we are able to provide

supporting evidence for this channel.

We infer job referral and information networks using the dyadic analysis employed by

Schmutte (2015) and Bayer et al. (2008). Specifically, we test empirically whether MBA

graduates are more likely to work in the same firm of a classmate if they are from the

same section and have the same gender. The idea is that if female peers are important for

referrals, then female students should be relatively more likely to work in the same firm of

a female peer than that of a male peer. First, we form a new dyadic dataset in which all

MBA graduates are matched to all possible classmates of the same graduating year. We

then estimate the following:

yi,j = α1SameSectioni,j ×BothMalesi,j + α2SameSectioni,j ×BothFemalesi,j

+ α3SameSectioni,j + α4BothMalesi,j + α5BothFemalesi,j + δc + φf + ui,j (2)

where yi,j is a dummy that takes value 1 if the MBA graduate i and his or her classmate

j work in the same firm. SameSection is a dummy that takes value 1 if i and j were in

the same section. BothMales is a dummy that takes value 1 if i and j are both men and,

analogously, BothFemales is a dummy that takes value 1 if i and j are both women. We

also include class fixed effects, δc, and firm fixed effects, φf . Because sections are exogenously

assigned, α3 measures the causal effect of having a connection from the same section on the

likelihood of joining the same firm. The parameters of interest are α1 and α2 which provides

the differential effect of coming from the same section and being both men or both women,

respectively. We use two-way clustering and cluster at both the individual and firm level.

Table 6 shows the results from estimating equation (2). We find that same-gender job

networks formed through sections are significantly more important for women. Specifically,

female MBA graduates are 0.1 percentage points more likely to be working in the same firm

of a female section peer. This effect represents a 19% increase compared to the baseline.

The coefficients for being from the same section and both males or mixed-gender peers are

small and insignificant, suggesting that being from the same section boosts probability of

entering the same firm only for women. This indicates that female graduates may benefit

more from same gender peers than male graduates.

In Section 6, we found evidence that female peers encourage women to enter female-

friendly firms. If job referrals and gender-specific information are mediators of the effect of

female peers, we should find stronger effects in female-friendly firms. In Appendix Table
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A38, we present the results of an analogous analysis in which we interact the coefficients

in equation (2) with an indicator of whether a firm is female-friendly. We find that the

effect of same-gender female section peers is driven by female-friendly firms, supporting our

hypothesis that female peers introduce women to this type of firms.

These results provide suggestive evidence that an important channel for women’s ad-

vancement into senior management is access to job referrals and gender-specific information

through MBA female peer networks. This interpretation is consistent with our results. For

example, in our earlier findings, we show that women are more likely to transition into female-

friendly firms later in their career, around the time of childbirth and raising young children.

Potentially, female peers offer women with information on the best firms for women, where

they can better balance their work-family responsibilities.

7.4 Other Potential Explanations

It should be noted that there may be many concurrent alternative channels that would be

consistent with our results. For example, the literature has identified self-confidence and

ambitions as possible drivers of the gender gap in male-dominated fields and managerial

positions (Carlana, 2019; Rosenthal et al., 1996; Rosenthal, 1995; Kirkpatick and Locke,

1991). Female peers may raise women’s ambitions and self-confidence by providing a larger

support system. Perhaps, higher ambitions may lead women to seek out female-friendly

firms where they are more likely to advance in their career. Similarly, female MBA peers

may help women acquire professional skills, such as negotiation skills that can translate

into better performance on the job and increasing likelihood of promotion. Unfortunately,

these hypotheses can not be tested with our current professional platform data directly. We

believe that understanding the relative importance of these channels would be an interesting

avenue of research to pursue. For this reason, we have been collecting survey data on these

outcomes to address these questions in future work.74

74Specifically, following previous reports on the gender gap in the managerial pipeline (Lean In and
McKinsey & Company, 2015, 2019), we ask MBA alumni whether they would like to become top executives
and in which position (such as non-managerial, low-level manager, director, VP, SVP, c-suite, not working)
they expect to be in five and ten years. Finally, to measure their self-confidence, we ask whether they feel
comfortable tackling any work-related challenge that comes their way. To measure professional skills we
ask MBA alumni whether they negotiated any component of the compensation, whether they asked and/or
obtained a raise and/or a promotion.
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8 Discussion: Implications for the Gender Gap

in Compensation

The effect of female peers on women’s advancement into senior management positions may

have implications in terms of compensation. In this section we show that female peers af-

fect non-base compensation (i.e., cash or stock bonus, profits sharing, sales and commission,

and tips). Although we cannot directly observe compensation in the data, we are able to in-

fer expected compensation based on firm, job title, and gender using our Glassdoor dataset75.

Descriptive Dynamics

We begin this analysis by documenting the evolution of the gender gap in imputed com-

pensation. Figure A22 shows the descriptive dynamics of base and total annual imputed

compensation in the five years before and fifteen years after the MBA by gender. We also

plot the ratio of total to base compensation. We show that a gender gap in compensation is

present among MBA graduates prior to the MBA and increases over time, as was also doc-

umented by Bertrand et al. (2010).76 We find that non-base compensation can explain the

vast majority of the total gender gap in compensation. In fact, in year 15, while the gender

gap in base compensation is around 18%, the total compensation gender gap reaches 35%.77

Moreover, 15 years after MBA graduation, bonuses represent 20% of women’s compensation

compared to almost 30% of the total compensation for men.78

Female Peers and Compensation

We now provide evidence on the effect of female peers on the gender gap in imputed compen-

sation. In Appendix Table A42 Column (1), we find a positive effect, although not significant,

on total annual compensation.79 In Columns (2) and (3) we decompose total compensation

into its base and non-base components. We find that the positive effect on compensation is

75See Section 3.6
76Note that the imputed compensation likely underestimates the true compensation as discussed in Section

3.6 and shown in Appendix Figure A2.
77In year 15, average base compensation is $154,702.4 for men and $127,003.5 for women. Average total

compensation is $282,375.3 for men and $184,372.9 for women.
78This result is consistent with the findings in Hirsch and Lentge (2021) that shows a large part of the

gender wage gap among managers in Germany can be explained by bonus compensation. In Appendix
Section N, we provide evidence of what explains the gender gap in imputed compensation.

79Values are reported in thousands of dollars.

34



driven by the non-base component which displays a positive and significant increase. The

coefficients slightly decrease, but remain significant once we control for the manager cat-

egory (non-manger, first-level manager, senior manager) fixed effect.80 This suggests that

female peers contribute to the reduction of the gender gap in non-base compensation by

helping women both achieve higher managerial positions and obtain higher wages once they

achieve senior positions. One potential explanation is that female peers may provide useful

negotiation skills, especially related to the bonus components which, as we show in Figure

A22, explains most of the gender gap in compensation. Although investigating the mecha-

nisms behind these results is beyond the scope of this paper, this section provides suggestive

evidence that female MBA peers may play a role in women’s compensation.

9 Conclusion

Despite decades of progress, women continue to be underrepresented in top corporate lead-

ership positions, a phenomenon widely referred to as the glass ceiling. This paper provides

new causal evidence on whether access to a larger network of female peers during the MBA

provides a pathway to senior leadership positions for talented women. We combine school

administrative records of MBA graduates from a top U.S. business school with novel CV data

from a large professional social media platform. Importantly, these data contain detailed job

positions allowing us to track individuals’ progression along the management pipeline.

Descriptive results show that female MBA graduates are 24% less likely to hold a senior

management position (VP, Director, SVP, or C-level) even though they are equally as likely

as male MBAs to enter the management pipeline. They begin their careers in lower levels

compared to men and they are 26% less likely to be promoted into higher positions from

first-level management.

Using the exogenous assignment of MBA students to sections, we show that increasing

the proportion of female section peers raises the probability of holding a senior management

position for female MBA graduates. However, there is no effect for male MBA graduates. A 4

percentage point (1SD) increase in female share reduces the gender gap in senior management

by 26%. These results are not driven by an increase in the attachment to the corporate

pipeline and they are concentrated in industries where women are underrepresented (i.e.,

male-dominated industries) and where women may rely more on their female MBA peers.

80See Appendix Table A43.
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Moreover, we show descriptively that over time women are more likely to advance into

senior management positions in female-friendly firms, narrowing the gender gap. In contrast,

we observe a widening gender gap in non female-friendly firms. We find that a larger share

of female peers increases the rate at which women become senior managers specifically in

female-friendly firms. This effect is largely explained by a higher entry rate in the later

part of women’s careers, when they are likely to have children. Lastly, we show that these

effects on female-friendly firms can explain the increase in senior managers in male-dominated

industries. In these industries, women are more likely to move to female-friendly firms, where

they attain senior management positions. Together, these findings are consistent with the

hypothesis that female peers provide gender-specific information on which firms are more

supportive of women’s careers and how to take advantage of female-friendly policies, such as

maternity leaves and flexible work schedules.

In the final part of the paper, we conduct a dyadic analysis to provide additional evidence

on the role of job referrals and information. We show that female graduates are more likely to

work in the same firm of a female classmate if they are section-mates. Instead, we do not find

an analogous effect for men, suggesting that same-gender MBA peers are more important

for female graduates than their male counterparts. Importantly, we also find that women are

more likely to work at the same firm of a female section-mate if the firm is female-friendly.

This highlights one potential reason for why female peers play such an important role in the

career trajectories of women.

Our findings suggest that access to a larger network of female peers can raise women’s

likelihood of attaining senior leadership positions. In particular, female-friendly workplaces

appear to play an important role in women’s career advancement. However, search frictions

and information barriers may limit women’s access to firms or policies that can support their

careers, especially in male-dominated industries. Our results provide suggestive evidence that

complementarities may exist between female peer networks and female-friendly policies. For

example, female peers can provide women with job referrals to female-friendly firms and

information about how to take advantage of policies like maternity leaves and flexible work

schedules. These results open interesting avenues for future research. The first follow-up

question is what kind of support is provided by female peers and how they interact with

female-friendly policies. The second is which features of these firms are the most effective in

supporting women’s career progression.

The results of this study have important implications for policies that aim to address

the underrepresentation of women and minority groups in corporate leadership. Although
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the formalization of a policy recommendation is beyond the scope of this paper, we provide

a back-of-the-envelope calculation to illustrate that the gender compositions of MBA peers

can play a key role in the reduction of the gender gap in leadership positions. Specifically,

extrapolating our results on non-linearities from Section 5.2 and assuming no change in the

total number of female students admitted in our MBA program between 2000 and 2018,

we show that reallocating female students to reach a 34% female share across all sections,

would lead to 2 to 5 additional female senior managers per graduating class (corresponding

to a 2.4% to 8.4% increase), depending on the assumptions made.81 While we recognize the

limitations of this calculation, it illustrates that the gender composition of MBA peers can

have important impacts on the gender composition of top executive positions.

81Given 60 students per section, 34% female students per sections, and a total of 144 unique section-by-
class peer groups between 2000 and 2018, the total number of female students between 2000 and 2018 is
given by 144 ∗ 60 ∗ 0.34 ≈ 2938. From our summary statistics, we know that 39% of female graduates are
senior managers, for a total of 1146 (=2938*0.39) female senior managers. We compare the real distribution
of female share across sections in our data with a counterfactual where all sections are assumed to have 34%
of female students. We then compute the differential effect of female peers between the baseline allocation
and the new allocation. To do that, we use the coefficients from the one-knot spline in Table 4. In this table,
we find that female peers have a positive but non-significant effect in sections with a share of female students
above the median (34%). To compute our lower bound we interpret this coefficient as zero marginal effect.
This leads to 42 additional female senior managers or an average of 2 additional female senior managers per
graduating class. Instead, for our upper bound, we assume that the effect of female peers above the 34%
cutoff is equal to the value of the coefficient. This leads to 96 additional female senior managers or an average
of 5 additional female senior managers per graduating class. Note that, for classes with an overall female
share below 34%, we assume that female students are allocated such that a section reaches 34% female share
before starting filling out the following section, until all female students in the class are allocated.
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Figures and Tables

Figures

Figure 1: Representation in the Corporate Pipeline Among MBA Graduates in the First 15
Years Post-Graduation by Gender

Notes: We plot the percentage of male and female graduates who ever held any managerial positions, a VP or Director position,

SVP positions, and C-level Executive position within fifteen years since graduation. We display the 95% confidence intervals

from the t-test of gender equality. Sample includes students of the graduating classes 2000-2018, excluding 2009.
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Figure 2: Probability of Holding a Senior-Level Management Position by Gender

Notes: We plot the percentage of male and female graduates who are holding a senior managerial position over time since

graduation. Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted to the

first fifteen years since graduation.
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Figure 3: Five-Year Transition Probabilities for First-Level Managers by Gender

Notes: We plot the five-year transition probabilities from first-level managerial positions to non-employment, non-managerial

positions, first-level managerial positions, and senior-level managerial positions by gender. Sample includes first-level managers

from graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure 4: Probability of Senior-Level Manager

Notes: We plot the binned scatterplot of the relationship between female peers and the probability of becoming a senior manager.

Both the outcome and female share have been residualized by the full list of controls in our main specification (1). Each dot

represents the average likelihood of holding a senior management position within 10-percentile bins of female share. Estimates

are separately run for men and women and include class fixed effects, year fixed effects, class-by-year fixed effects, an indicator

for having attended a top 20 U.S. undergraduate university based on U.S. News Ranking, indicators for having any senior

management experience, and having worked in finance, as well as their interactions with a female dummy. Finally, it includes a

series of section-level characteristics: share of section with management experience, senior-level management experience, worked

in finance, worked in consulting, worked in other industries, worked in a P&L role, white, and foreign.Sample includes students

of graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure 5: Effect of Female Peers on Senior-Level Management Positions

Figure 6: Effect of Female Peers on Holding Senior-Level Management Positions

Notes: We plot the coefficients for men and women and their 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Estimates include class fixed effect, an indicator for having attended a top 20 U.S. undergraduate

university based on U.S. News Ranking, having any senior management experience, and having worked in finance, as well as their

interactions with female dummy. Finally, it includes a series of section-level characteristics: share of section with management

experience, senior-level management experience, worked in finance, worked in consulting, worked in other industries, worked in

a P&L role, white, and foreign. Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations

are restricted to the first fifteen years since graduation. Standard errors clustered at the section level.
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Figure 7: Probability of Holding a Senior-Level Management Position by Gender and Female-
Friendly Firms

Notes: We plot the percentage of male and female graduates who are holding a senior managerial position over time since

graduation. We compare this percentage in female-friendly versus non-female-friendly firms. Sample includes students of the

graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Tables

Table 1: Randomization Test (Guryan et al., 2009)

2000-2018 2011-2018

(1) (2) (3) (4)

No Controls With Controls No Controls With Controls

Section Female Share 0.00172 0.00158 0.0336 0.0339

(0.0155) (0.0155) (0.0289) (0.0290)

Class Female Share -278.0*** -278.0*** -258.5*** -258.5***

(2.750) (2.752) (3.301) (3.303)

R2 .9868657 .986868 .9892842 .9892892

N 5087 5087 2090 2090

Class FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (A1) pooling together all years

since graduation (Guryan et al., 2009). Estimations in columns (2) and (4) also include indicators for having

attended a top 20 U.S. undergraduate university based on U.S. News Ranking, having any senior management

experience, and having worked in finance. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2: Randomization Test (Caeyers and Fafchamps, 2021)

2000-2018 2011-2018

(1) (2) (3) (4)

No Controls With Controls No Controls With Controls

Female share -0.866 -0.931 -0.574 -0.587

(0.635) (0.655) (0.917) (0.875)

R2 0.0188 0.00756 0.0145 0.00359

N 5087 4367 2090 1989

Class FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (A2) pooling together all years since

graduation (Caeyers and Fafchamps, 2021). Estimations in columns (2) and (4) also include indicators for

having attended a top 20 U.S. undergraduate university based on U.S. News Ranking, having any senior

management experience, and having worked in finance. Sample includes students of the graduating classes

2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, ***

p < 0.01.
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Table 3: Effect of Female Peers on Senior
Management: Pooled Sample

(1)
Senior-Level

Manager

Female share × Male 0.0315

(0.115)

Female share × Female 0.822***

(0.204)

p-value Male vs. Female 0.000

Female Mean 0.391

Male Mean 0.534

R2 0.173

N 51440

Class x Year x Female FE Yes

Stratification Controls Yes

Pre-MBA Characteristics Controls Yes

Section-level Controls Yes

Notes: We present the coefficients for men and women from estimating equation (1) pooling together all years since graduation.

Estimates include class fixed effects, year fixed effects class-by-year fixed effects, an indicator for having attended a top 20 U.S.

undergraduate university based on U.S. News Ranking, indicators for having any senior management experience, and having

worked in finance, as well as their interactions with a female dummy. Finally, it includes a series of section-level characteristics:

share of section with management experience, senior-level management experience, worked in finance, worked in consulting,

worked in other industries, worked in a P&L role, white, and foreign. Sample includes students of the graduating classes

2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors clustered at

the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 4: Non-Linear Effect of Female Peers on Se-
nior Management: Pooled Sample

(1)
Senior-Level

Manager

Female Share Below Median 0.939***

(0.284)

Female Share Above Median 0.603

(0.375)

p-value Below Median vs. Above Median 0.514

Female Mean 0.391

Male Mean 0.534

N 51440

Class x Year x Female FE Yes

Notes: We present the coefficients for sections with female share below and above the median (across all classes) from estimating

equation (A3) pooling together all years since graduation. Estimates include class fixed effects, year fixed effects class-by-year

fixed effects, indicators for having attended a top 20 U.S. undergraduate university based on U.S. News Ranking, having any

senior management experience, and having worked in finance, as well as their interactions with a female dummy. We also

control for the following section-level characteristics: share of section with management experience, senior-level management

experience, worked in finance, worked in consulting, worked in other industries, worked in a P&L role, white, and foreign.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen

years since graduation. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 5: Effect of Female Peers on Probability of Senior Management in
Female-Friendly Firms

Senior Manager

(1) (2) (3)
Female-Friendly

Firms
Non Female-Friendly

Firms
Female-Friendly

Firms

Female share × Female 1.243*** -0.468 0.857

(0.394) (0.402) (0.915)

Female Mean 0.161 0.118 0.532

Male Mean 0.238 0.186 0.542

R2 0.167 0.242 0.123

N 28505 28505 28505

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Estimates

include class fixed effects, year fixed effects class-by-year fixed effects, indicators for having attended a top 20 U.S. undergraduate

university based on U.S. News Ranking, having any senior management experience, and having worked in finance, as well

as their interactions with a female dummy. We also control for the following section-level characteristics: share of section

with management experience, senior-level management experience, worked in finance, worked in consulting, worked in other

industries, worked in a P&L role, white, and foreign. Sample includes students of the graduating classes 2000-2018, excluding

2009. Observations are restricted to the first fifteen years since graduation. Standard errors clustered at the section level. *

p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 6: Referral Effect: Probability of En-
tering the Same Firm

(1)

Same Section 0.000071

(0.000264)

Same Section × Both Males -0.000092

(0.000333)

Same Section × Both Females 0.001260**

(0.000640)

p-value Both Male vs. Both Female .034460

Female Mean .006549

Male Mean .006420

R2 .040879

N 11,991,054

Class x Year FE Yes

Firm FE Yes

Notes: We present the coefficients for men and women from estimating equation (2) pooling together all years since graduation.

Estimates include class fixed effects, year fixed effects, class-by-year fixed effects, and firm fixed effects. Dataset created by

matching each MBA graduate (from graduating classes 2000-2018, excluding 2009) with all possible classmates of the same

graduating year. Observations are restricted to the first fifteen years since graduation. Standard errors clustered at the section

level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Appendix

A Data Appendix

A.1 Description of Business School Administrative Data

The administrative data set is comprised of six sources of individual-level information be-

tween 2011 and 2018; (1) demographics which include gender, ethnicity, citizenship, and

age; (2) pre-MBA educational background, which includes, all prior degrees, GMAT scores,

and previous GPA; (3) employment information which includes pre- and post-career out-

comes and associated industry, base salary and bonus compensation; (4) coursework taken

and grades; and (5) section assignment. This dataset was created via merging of several

administrative datasets from different departments such as the registrar and career services.

A.2 Description of LinkedIn Data

LinkedIn is a social media platform used primarily for professional networking. It allows job

seekers to post their CVs and employers to post jobs. The platform is widely used with over

740 million members worldwide in 2021. In the United States, there are over 170 million

users (Osman, 2021). It is popular among professionals with 50% of the users holding a

college degree (Osman, 2021).

Users create online public profiles that contain CV information. This contains informa-

tion on all previous work experience, including job title, employer, location, job descriptions,

start and end dates. Individuals can also post education and training, skills, and a personal

photo. In addition, individuals can connect with other users on the platform in an online

social network. In our analysis, we use the work and education background information.

Moreover, the platform also has public company pages. These pages contain information

on the company website, industry, company size, headquarters location, type (public, private,

nonprofit, government), founding year, and specialties. On individual profiles, the employer

is often linked to one of these company pages. We use these pages to construct a unique

employer identifier as different firm aliases will often be linked to the same company profile.

We collected this data in May and June of 2019. As a result, the CV information is

current up to 2019. In our main analysis, we restrict to individuals whose locality is the
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United States. The data is cleaned by parsing the information on the CV and reshaping the

data such that a quarterly panel is created based on the start and end dates of employment.

We expand the data to include observations for when someone is in nonemployment, i.e.

periods where there is a gap on the CV between the start and end dates of two consecutive

positions. We then collapse the dataset to the yearly level. For each year, individuals are

assigned to the position in which they have spent the most time during that year. If there

are ties, the position with the longer tenure takes precedence.

A.3 Description of Alumni Directory Data

The alumni directory provides alumni with the opportunity to contact and network with

fellow alums. It contains full name, current location, all degrees conferred at the univer-

sity, MBA section, undergraduate institution, student activities such as club affiliations, and

current employer information, including employer name, industry, job title and start dates.

In some cases, alumni also include links to their social media platforms such as personal

websites, LinkedIn or WeChat ID. The directory also facilitates networking by providing a

way for alumni to email each other through the platform. Information related to university

degrees and sections is pre-filled by the school. Alumni can update their location and em-

ployment information at any time. This data was accessed and collected in May and June

of 2019 for our analysis.

A.4 Description of Glassdoor Data

Glassdoor is an online platform where employees can anonymously submit salaries and rate

their companies. We obtained 10.5 self-reported compensation records for 630,422 firms

from 2006 to 2017. Each observation is a salary report with information on the employer,

employment status (e.g., regular, part-time, contract), job title, gender of the reviewer,

compensation and its components. For compensation, there is the base pay amount and

whether the base pay period is denoted annually or monthly. Non-base compensation is

also available for cash bonus, stock bonus, profit sharing, sales and commission, and tips.

In our analysis, we use only data from regular employees who reported their annual base

pay. Using the same procedure described in Section 3.5, we assign management level using

the job titles available in this dataset. We classify all positions into non-management, first-

level management, and senior-level management. We then aggregated this data to the firm,
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gender, and management level by taking the mean base and total (i.e., sum of base plus non-

base components) compensation of that corresponding cell. Note that we do not have gender

information for 36% of the sample. Once aggregated, we construct the following measures:

share of reviews by women (which proxies for female share of employees), share of reviews

by senior managers that are women, average (base/total) compensation at the firm level by

gender, and average (base/total) compensation for senior managers by gender. Using these

measures, we also construct additional outcomes such as the gender gap in compensation.

We then match these firm-level statistics to the firms in LinkedIn using the firm name.

We also use this dataset to impute compensation for individuals in the LinkedIn dataset.

To do so, we match individuals to the average compensation of their firm based on their

gender and management level.

A.5 Description of Female-Friendly Firm Data

A.5.1 InHerSight

InHerSight is an online platform that allows women to rate their companies anonymously

on a scale of 1 to 5 on 18 metrics in six categories that are designed to capture how well

companies support women. These include:

1. Gender Equal Opportunities

• Equal Opportunities for Women and Men (Promotions, leadership roles, salary

increases, incentive programs)

• Management Opportunities (Your chances of becoming a manager of teams and

talent)

• Women in Leadership (Women on the executive team, in senior leadership)

2. Work Schedule Flexibility

• Paid Time Off (Sick days, vacation days, and personal days)

• Flexible Work Hours (Ability to set your schedule as long as you get your work

done)

• Ability to Telecommute (Flexibility to work remotely)

3. Professional Enrichment
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• Wellness Initiatives (On-site gym, gym discounts, walking desks, healthy food

options)

• Learning Opportunities (On and off-site skills training, speaker series, confer-

ences)

• Sponsorship or Mentorship Program (Official mentorship program, women-focused

initiatives or affiliate groups)

• Do you feel your growth and success are (or were) priorities for your manager(s)

at this company?

• Do you feel you receive (or received) the necessary feedback to succeed at your

job and achieve your goals at this organization?

4. Fair Compensation

• Salary Satisfaction (Salary, merit increases, cost of living adjustments, overall

comp)

• When reflecting on your salary or pay when you were first hired at this company,

do you feel you were paid fairly?

5. Family Friendliness

• Maternity and Adoptive Leave (Paid parental leave policies, job security, support

for returning moms)

• Family Growth Support (Access to dedicated lactation rooms, child care, expense

reimbursement)

• Does this company support employees caring for other members of their family

or extended family other than children?

6. Workplace Culture

• The People You Work With (Respectful, professional, unbiased, all those good

things)

• Social Activities and Environment (Happy hours, game room, company outings,

and other perks)

• Support for Diversity (People and programs that prioritize diversity, inclusion,

equity and belonging)
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• Sense of Belonging (Comfortable bringing your whole self to work, you feel in-

cluded and welcome)

• Employer Responsiveness (Effective channels for elevating issues and concerns)

In addition to the measures listed, InHerSight also creates an overall firm five-star rating

based on these metrics. The website also provides the number of reviews for each firm. In

our analysis, we will use the star rating and the individual components. We also create stan-

dardized indices for each of the six categories by first standardizing each of the components

and taking the average. We accessed the data on the website in May 2021 for all available

companies. We then matched the companies based on the name to the firms in LinkedIn.

We utilize firm location to identify companies with multiple matches.

A.5.2 FairyGodBoss

FairyGodBoss is an online crowdsourcing platform that aggregates online reviews and com-

pany data for women. The website collects information on the number of paid or unpaid

weeks of maternity and paternity leave. It also collects employee reviews. For each firm,

there is an overall company rating out of five stars. We collected the available data on

parental leave from the web and then manually searched for the LinkedIn companies on this

website to collect the company ratings.

A.5.3 50/50 Women on Boards

50/50 Women on Boards is a nonprofit, advocacy group that is committed to advancing

women to corporate boards. The group has maintained a web directory “50/50 Women on

Boards Gender Diversity Directory and Index” that tracks the number of women among

the corporate board members on the Russell 3000 Index. We downloaded and accessed this

directory in May 2021.

A.5.4 Validation of the Female-Friendly Measure

To validate our primary measure of female-friendliness, we explore the correlation among

these multiple metrics. Appendix Figure A19 shows the correlation between the InHerSight

overall star rating, the InHerSight six standardized indices, the FairyGodBoss overall rating,

the FairyGodBoss number of weeks of paid maternity leave, and the percentage of female
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board members from 50/50 Women On Boards. As expected, the InHerSight measures are

highly correlated to each other. Interestingly, the FairyGodBoss overall rating has the high-

est correlation with the InHerSight overall rating. Similarly, the FairyGodBoss number of

weeks of paid maternity leave has the highest correlation with the InHerSight index related

to family-friendliness, which includes rating on maternity and paternity leave. Finally, the

percentage of female board members from 50/50 Women On Boards has the highest correla-

tion with the InHerSight index related to gender equal opportunities, which includes metrics

such as female representation in leadership and management opportunities.

A.6 Description of Survey Data

The survey was distributed online by the university alumni relations office via email in

February and March 2021 to a 10% sample of MBA graduates residing in the United States

at the time of the survey. The sample includes two-year full-time MBAs, part-time MBAs,

and executive MBAs. The response rate is 30%.82 Total number of responses was 328. Of

which, 49% are two-year full-time MBA graduates.

B Classification of Job Functions

We utilize the job titles available on the LinkedIn profiles to classify job positions into func-

tions. To do so, we match job titles to the open-source dataset, Thesaurus of Job Titles

(Carty, 2017). This dataset links job titles and their synonyms to standardized SOC codes

as well as detailed function categories. Using this dataset, we classify 93% (17,651 out of

18,982 job titles) of the job positions in our dataset into broad function categories. These are

Accounting, Administrative, Consulting, Customer Service, Finance, General Management,

Human Resources, IT, Legal, Marketing, Operations/Logistics, PR/Communications, Prod-

uct Management, Research, Sales, Strategic Planning, and Other. Recent studies suggested

that one barrier to female advancement into executive positions is the lack of profit and loss

(P&L) responsibilities, or having full control over the profitability for a department or an

entire organization (Lean In and McKinsey & Company, 2015). We identify P&L positions

based on whether the job function is in General Management, Operations/Logistics, Product

Management, Sales or Strategic Planning.

82This is similar to response rate in the literature for similar populations. For example, Bertrand et al.
(2010) had a response rate of 31% for University of Chicago MBA graduates.
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C Definition of Managers

Our dataset allows us to identify management positions based on keywords in job titles listed

on the MBA graduates’ online profiles. We run a textual analysis on job titles to categorized

managers in the following positions following the definitions suggested in the LeanIn.org and

McKinsey & Company (2020) report:

• C-Level Executives: Executives such as CEO, CFO, COO, responsible for company

operations and profitability. Keywords: “Chief X Officer”, “President.”

• Senior Vice Presidents: Senior leaders with significant business unit or functional

oversight. Keywords: “SVP”,“General Manager”,“Managing Director.”

• Vice President and Director: Leaders responsible for activities/initiatives within a

sub-business unit, or who report directly to SVP. Keywords: “VP”,“Director”,“Regional

Managers.”

• Managers: Leaders responsible for teams and discrete functions or operating units.

Keywords:“Manager”, “Senior Product Manager.”

C.1 Summary Statistics

In this section, we provide summary statistics for our sample. Appendix Table A1 presents

the means and standard deviations for demographics and pre-MBA background information

for the full sample and by gender.83 In Panel A, we report the demographics information.84

In our full sample, 36% of students are female. For the classes of 2011-2018, the average age

of students in the year of graduation is 30. Male students are on average 0.85 years older

and are 8 percentage points less likely to be U.S. citizens compared to female students. 65%

of students are white. Female students are more likely to be of a minority race; they are 3

percentage points more likely to be black or Hispanic. Compared to female students, males

have slightly higher GMAT total score, consistent with previous findings in the literature

(Bertrand et al., 2010).

83All statistics in this table are measured at the person-level. We also report in the last column the gender
difference in means and the p-values from the two-sample t-test.

84Except for the statistics on percentage of female students, all other demographics data are available
only in the administrative data for the cohorts graduating between 2011 and 2018.
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In Panel B, we report the descriptive statistics for pre-MBA background characteristics.85

MBA students have around 5 years of work experience and 39% have held a management

position prior to the MBA. A smaller percentage of students (13%) have held a senior

management position. There is no gender difference in management experience prior to the

MBA, but there is a gender difference in compensation. Average imputed total compensation

in the three years prior to graduate school is $123,350. There is a gender gap of $25,890, or

21%. 64% of male students compared with 61% of female students have worked in a male-

dominated industry (finance, tech or consulting). Finally, we find that women are more

likely to have graduated from a top 20 undergraduate program.86

Appendix Table A2 presents the descriptive statistics for the set of academic and career

outcome variables in our analysis. Panel A shows outcomes that are available in the admin-

istrative data, measured at the person level. During the MBA, male students have a higher

overall GPA by 0.06 points and take 29% more finance classes as a proportion of all classes

taken during the MBA. Previous work has found that the gender difference in finance courses

can help explain the gender wage gap for MBA graduates (Bertrand et al., 2010).

In Panel B, we present the statistics for career outcomes measured at the person-year

level. 75% of graduates are in a management role while 43% are in a senior management role.

Although women are equally likely to be in a management position, they are 14 percentage

points, or 29.8% less likely to hold a senior management position. Men are 1 percentage

point more likely to be employed than women and women have a higher number of cumula-

tive months of nonemployment. The imputed base annual compensation averages $133,000,

while total compensation is $223,310. This is a 45% increase compared to $123,350 in total

compensation prior to the MBA. Gender difference in compensation also increases substan-

tially. While women earn on average 17% less than men in terms of base compensation, this

gap increases to 33% for total compensation. This suggests that a substantial portion of the

gender difference in compensation comes from the gender difference in non-base compensa-

85These measures come from the main LinkedIn dataset for our sample of full-time MBAs who graduated
between 2000 and 2018, excluding class of 2009. Except for pre-MBA years of experience, the statistics
are measured two to five years prior to MBA graduation, i.e. the three years prior to entry into the MBA
program. For pre-MBA experience, we use the total number of years with work experience listed on the
online profile for the ten years prior to the MBA.

86Top 20 undergraduate programs are defined by the top 20 universities ranked by U.S. News in 2020.
These universities are the Ivy League universities as well as MIT, Stanford, University of Chicago, Caltech,
Johns Hopkin, Northwestern, Duke, Vanderbilt, Rice, Washington University in St. Louis, University of
Notre Dame, and UCLA.
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tion.87,88 In terms of industry choice, 59% of students work in a male-dominated industry.

This includes finance, technology, and consulting. We define male-dominated industries

as those where women are relatively more underrepresented. In Appendix Figure A3, we

present the female share of MBA graduates working in each of the six industry categories in

our data. While women make up on average 36% of the MBA graduates, they are dispropor-

tionately represented in the female-dominated industries (consumer goods and healthcare)

and underrepresented in the three male-dominated industries (consulting, tech, and finance).

Consistent with this pattern, we observe in Appendix Table A2 that women are 15 percent-

age points less likely to enter male-dominated industries. Finally, we find that women are

more likely to work in larger firms. There is no gender difference in the female-friendliness

of the firm. Similar to what we documented for pre-MBA background characteristics, there

are no gender differences in having Profit and Loss (P&L) responsibilities.89

D Summary Statistics: Compensation

In this section, we compare the average values of the imputed total compensation with self-

reported values from the survey sample and the mean values for the sample of University

of Chicago Booth MBAs who graduated between 1990 and 2006 in Bertrand et al. (2010).

Figure A2 suggests that the imputed compensation is likely an underestimate of the true

compensation especially in the later years of the career trajectory. However, the gender gap

in compensation in percentage terms is similar in magnitude across the different sources. In

Bertrand et al. (2010), there is a gender difference of 34% and in the survey results, there is

a gender difference of 25%.90 This compares well with the 31% gender gap we document.

87Non-base compensation includes cash or stock bonus, profits sharing, sales and commission, and tips.
88Note that the compensation reported is an imputation and does not reflect the actual compensation

received by the MBA graduates. In Appendix Section D we compare the average values of the imputed
total compensation with self-reported values from the survey sample and the mean values for the sample of
University of Chicago Booth MBAs who graduated between 1990 and 2006 in Bertrand et al. (2010).

89Profit and Loss (P&L) responsibility consists in monitoring the net income after expenses for a depart-
ment or an entire organization, with direct influence on how company resources are allocated. These roles
have been shown to be essential for promotions into top executive positions.

90Online Appendix Table A3 of Bertrand et al. (2010) reports an average post-MBA compensation of
$228,236 for all students, $249,938 for male students and $164,417 for female students. The average post-
MBA compensation in the survey is $282,897 for all students, $306,739 for male students and $ 231,392 for
female students.

10



E Match Statistics

In Appendix Table A18, we summarize the match rate across the different datasets in our

sample. Panel A describes the main analysis sample of individuals who graduated between

2000 and 2018, excluding 2009. Of the universe of two-year full-time MBAs, we matched

77% to their LinkedIn profiles.91 We conduct the matching via two methods. First, the

administrative records of the business school were matched to public LinkedIn profiles for

graduates from 2011 to 2018. This is done securely by university personnel. Second, because

administrative records are not available for earlier cohorts, we use alumni directory records

to identify MBA graduates of 2000 to 2010. The matching is done manually using web

searches based on information available in the alumni directory: first name, last name, and

year of graduation.92 In Appendix Section F, we provide additional details on the alumni

directory sample and how the match procedure was conducted. We exclude the class of

2009 from our analysis because a large majority of this class has private or missing alumni

profiles.93 Importantly, the directory also lists the MBA section of the graduate. We use

this information to assign to each graduate the proportion of female students in their section

(the key treatment variable for our analysis), calculated using administrative data. We

have in total 6,556 matched profiles and 71,546 observations for the first fifteen years post

graduation. Restricting our sample to individuals that are based in the United States further

reduces the number of individuals to 5,097 and 56,073 total observations. This restriction

represents 60% of all graduates and 78% of the full Linkedin dataset.

In Panel B, we present the match rate across the different firm datasets for our sample.

There are 6,688 unique firms in the final US-based LinkedIn sample for the first fifteen

years post MBA graduation. 67% of these firms have a LinkedIn company profile, which

has information on industry and firm size. 44% of the firms are successfully matched to

the Glassdoor compensation data. Information on female-friendly firms are available for a

smaller number of firms with 21% are matched to InHerSight, 7% to FairyGodBoss and

9% to 50/50 Women on Boards. It is important to note that larger firms are more likely

91In Appendix Table A44, we report the matching rate by class and gender. The match rate differs across
classes, ranging from 65% to 90%. The match rate across genders also differs; 80% of males and 72% of
females are matched.

92We used undergraduate institution and current employer to confirm any potential matches.
93In 2009, only 94 out of 526 graduates had available directory records. Note that 2009 was the year

where the employment rate fell for many business school programs. At the top ten business schools, MBA
employment rates at graduation dropped an average of 21% from 2007 (Byrne, 2020).
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to have information across all of these datasets. As a result, the match rate for unit-year

observations is much higher. For example, even though only 21% of firms are matched to

InHerSight, this information is available for 52% of the sample.

In Panel C, we report the number of observations for the administrative data and the

number of matched observations to the LinkedIn data. 81% of the students represented in

the administrative records have been matched to the LinkedIn dataset, and 61% are based

in the U.S.94 Finally, in Panel D, we report the number of observations in the survey data.

F Matching between Alumni Directory and

LinkedIn Profile

Starting from our alumni directory for classes 2000 to 2010, we collected publicly available

LinkedIn data for this sample. We exclude the class of 2009 because a large majority of

this class had private or missing alumni profiles. We matched alumni to their online profiles

based on the following variables:

• Full name

• Business school name listed on the social media profile

• Year of graduation

• Recent employment

• Undergraduate institution

We require names, business school and class year to match perfectly to be considered a match.

For women, we require only the first names to match and we conduct an online verification

for those that may have changed their last names due to marriage (e.g., a wedding registry

webpage). We utilize the name of recent employer and undergraduate institution when

available to verify matches.

One potential concern of using the alumni directory records to define the sample universe

for the older cohorts is the possible selection of graduates who choose to make their profiles

94Note that the matching rate is not 100% because the school administration is currently still in the
process of matching the LinkedIn profiles.
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public. For example, individuals who are more successful or have stronger connections to

their MBA network may be more likely to have public directory records. However, Appendix

Table A45 shows that, compared to the total number of graduates from official administra-

tive statistics, nearly all graduates, 96%, are represented in the alumni directory.95 The high

coverage rate of the alumni directory suggests that selection is likely limited in this setting.

Moreover, because the alumni directory provides the section number of each graduate, indi-

viduals are assigned to the true proportion of female peers in their section despite not having

a complete census of graduates in the alumni directory records.

F.1 Gender Differences Among Senior Managers

In addition to substantial gender differences in the career progression of MBA graduates,

we also document gender differences among those who are promoted into senior-level man-

agement. These differences provide insights into how female peers may help women advance

into senior management.

Appendix Table A51 reports the summary statistics by gender for the sample of senior

managers. We show that female managers are slightly more likely to work in female-friendly

firms, 73% compared to 70% of male managers. This may be reflective of the emphasis in

female-friendly firms in creating a supportive environment for nurturing female talent by

providing parental support and leadership development.96 Women are also 10 percentage

points or 12% less likely to be a senior-level manager in a male-dominated industry. They

are more likely to be managers in slightly larger firms and firms with more female employees

and female management representation, as proxied by female share of Glassdoor employee

reviews. They are also employed in firms with a lower gender gap in total compensation

at the firm level and for senior managers. Similar to the results on female-friendly ratings,

this suggests that career advancement of women may depend on having access to firms with

more gender-equal opportunities or career support. Contrary to other studies of high-skilled

workers (Mishra, 2018), female graduates of this university are not less likely to be in an

P&L role, defined as job functions in General Management, Operations/Logistics, Product

Management, Sales or Strategic Planning. Having experience in one of these roles is an

important qualification for advancing into top executive management positions (Byham and

Fraser, 2021). However, because the job functions in our dataset are inferred using job titles

95Coverage rate by class year is provided in Appendix Table A46.
96See, for example, https://www.inhersight.com/about.

13

https://www.inhersight.com/about


rather than detailed descriptions of job responsibilities, general management may include

positions without P&L responsibilities. To complement these results, we turn to our survey

data which directly asks for P&L responsibilities, as well as reports and compensation.

In Appendix Table A52, we show, using the survey results, that conditional on being a

senior-level manager, women have fewer responsibilities than their male counterparts. On

average, male managers work 2.98 additional hours per week and oversee 164 employees,

including direct and indirect reports, while female managers oversee 36 employees. This

represents a difference of 129 employees. As in our previous results, we find that female

senior managers are more likely to work in larger firms. However, we find that male senior-

level managers are 25 percentage points significantly more likely to report having P&L

responsibilities in contrast to the results using the LinkedIn data. This difference in P&L

responsibilities across genders may be indicative of additional barriers facing women, such

as the lack of information and career advice. For example, recent reports and surveys have

increasingly shown that women are systematically less aware of the importance of P&L roles

(Byham and Fraser, 2021). In their study, Frankel et al. (2019) highlight that women are

69% less likely to receive detailed information about the career paths toward P&L roles.

We also document that female managers are less ambitious than male managers. They

are 34 percentage points less likely to report they would like to be a CEO in five years. Inter-

estingly, we find contrasting patterns in negotiation. Despite similar patterns in asking for

raises and promotions, male senior managers are significantly more likely to have successfully

negotiated for a raise. 100% of male senior managers receive a raise when they ask, compared

to 93% of women. On the other hand, we do observe that men are slightly less successful at

negotiating for a promotion, compared to 100% of the female senior managers. Because this

sample is restricted to senior managers only, the women we observe may be precisely those

that negotiated successfully. Together, these results highlight several potential avenues in

which a larger network of female peers can help women advance. For example, networks may

facilitate transmission of information about female-friendly firms and P&L roles. They may

also help raise women’s ambitions and provide advice on negotiation.

These results highlight several potential avenues a larger network of female peers can help

women advance. For example, networks may facilitate transmission of information about

female-friendly firms. They may also help raise women’s ambitions and provide advice on

negotiation.
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F.2 Explaining the Gender Differences in Senior Man-

agement

In this section we turn to understanding what explains the gender gap in senior manage-

ment positions. We show that education background, work experience, industry and firm

characteristics cannot fully explain this gender gap. In Table A47, we present coefficient

estimates from regressing a dummy for holding a senior management position on a female

dummy, class fixed effects, year fixed effects, class interacted with year fixed effects, and

additional controls using the pooled sample of all individual-year observations. The female

coefficient represents the gender gap in the likelihood of holding a senior management posi-

tion. Column (1) shows that without any additional controls, there is a substantial gender

gap of 24% (=0.128/0.543) in senior management despite similar educational backgrounds

and levels of human capital among MBA graduates. Adding pre-MBA characteristics that

include years of experience, top 20 undergraduate institution, management experience, P&L

experience explains only 0.2 percentage points of the gap in Column (2). Including the

pre-MBA industry explains 4.6% of the gender difference (Column (3)). In Column (4), we

include cumulative months of career break as a control. Career interruptions and breaks

associated with parenthood have been linked to the gender gap in compensation and career

outcomes of women (Bertrand et al., 2010; Kleven et al., 2019). While we do not have child-

birth information, we are able to infer career breaks based on the employment dates listed on

the online profiles.97 Including this control explains a small percentage of the gap. Then in

Columns (5) and (6), we include additional post-MBA controls such as experience, firm size,

P&L role, as well as industry fixed effects. The gender gap, however, remains significant and

sizeable at 17.7% (=0.0959/0.545), suggesting that the common determinants of the gender

wage gap, such as industry and work experience, that we can observe in the LinkedIn dataset

cannot explain most of the gap.

It should be noted that we do not observe all potential important predictors of the man-

agement gap in our LinkedIn dataset, such as academic ability, and some of the observables

may be measured with error when inferred from the CV data. For example, individuals may

not accurately report their start and end dates at each firm, which may lead to measurement

error in the career break variable. Women and men may not necessarily report maternity

or paternity leaves if these are employer-sponsored and there is no change in employer. For

97Specifically, we identify career breaks if there is at least a 3-month gap between the end and start dates
of two consecutive positions.
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these reasons, we now present results exploring the gender gap in management using ad-

ditional characteristics, including firm covariates from Glassdoor and InHerSight, academic

outcomes from the linked administrative dataset, and family background from the survey

data.

First, in Appendix Table A48, we include additional firm characteristics from Glassdoor

and InHerSight. Although the sample size is reduced, we find a consistent pattern with

respect to the previous results.

Second, to study how academic outcomes may explain the gender gap in senior manage-

ment, in Appendix Table A49, we replicate the previous analysis using the smaller sample of

graduates in the 2011-2018 cohorts whose academic records were matched to their LinkedIn

profiles. We show that in the more recent cohorts, a gender gap also exists in senior man-

agement. The table shows the gender gap closes after controlling for academic performance

(GPA), GMAT scores and share of finance classes taken. This provides suggestive, albeit

imprecise, evidence that academic performance can explain the gender gap in management,

consistently with prior results in the literature that show the importance of finance classes

and MBA academic achievement in explaining the gender wage gap (Bertrand et al., 2010).

However, the MBA graduates in this sample are much younger and as of 2019, when the

LinkedIn profile data were collected, have on average only 1 to 8 years of postgraduate work

experience. To the extent that the influence of academic outcomes may lessen over time, it

may not necessarily fully explain the gender gap we observe in the full sample. Moreover,

given that the sample sizes are much smaller, we can not exclude that these results are driven

by loss of power.

Third, to supplement this analysis, we also turn to our survey results which allow us

to control for a richer set of observable characteristics that are, arguably, better measured.

However, this is a much smaller sample and can reflect a selection of MBA graduates. In

Appendix Table A50, we show that in the survey sample, female MBAs are 11.4 percentage

points less likely to hold senior management positions. This difference cannot be explained

by differences in weekly hours worked. Adding in the number of children shrinks the gender

gap by 8.7%. Controlling for the pre-school child care responsibilities and employment

gap after childbirth explains the remaining gap. These results are in support of previous

work in the gender wage gap literature (Bertrand et al., 2010; Blau and Kahn, 2017). For

example, Bertrand et al. (2010) showed the compensation gap among MBA graduates can

be explained by career interruptions and reduced labor supply associated with motherhood.
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A similar pattern also emerges when we use compensation as our dependent variable.98,99

More detailed explorations of the determinants of the management gap is a subject for future

research.

G Empirical Challenges

The literature has highlighted three main issues in the identification of peer effects (e.g.,

Manski, 1993; Sacerdote, 2011, 2001; Brock and Durlauf, 2001; Moffitt, 2001; de Paula,

2017; Charles et al., 2018; Caeyers and Fafchamps, 2021). First, peers may be endogenous

due to self-selection into peer groups and networks (Kremer and Levy, 2008b; Duflo and

Saez, 2003). This is referred to as selection bias. In our context, unobserved characteristics,

such as extroversion, may positively affect both the size of the network and the likelihood

of attaining senior managerial positions. We address this issue by exploiting the exogenous

variation in exposure to female peers that comes from the random assignment of MBA

students to sections.100

Second, peer effect estimations may be affected by the presence of unobserved correlated

effects within the pool from which peers are selected. For example, there may be common

shocks, such as graduating during a recession year, that affect both peers and the individ-

ual (Sacerdote, 2001; Kremer and Levy, 2008a). We tackle this issue by including class

fixed effects in our estimation. Common shocks may also emerge at the peer group level

within classes (Lerner and Malmendier, 2013). By focusing on a pre-determined charac-

teristic, gender, we are able to isolate peer effects from the potential confounding effect of

common shocks.101 In fact, the random assignment makes it unlikely that common shocks

are correlated with this predetermined characteristic (Lerner and Malmendier, 2013).

Third, peer effects estimation can also suffer from the reflection bias. In the commonly-

estimated linear-in-means model, the outcome is modeled as a function of peers’ average

outcomes, individual’s background characteristics, and peers’ average background charac-

teristics (Sacerdote, 2011).102 Because individuals in the same peer group affect each other,

98See Appendix Table A58.
99As in the previous case, given the smaller sample sizes, we can not exclude that these results are driven

by loss of power.
100For more details on the random assignment of students into sections, see Section 2.
101For example, by having the same professors in the core classes, students in the same section may have

more similar labor market outcomes. However, the assignment of professors are not correlated with the share
of female students in the section due to random assignment.

102For example, Yi = α + β1Ȳ−i + γXi + γ2X̄−i + εi, where Ȳ−i is the peers’ average outcome, and X
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estimates of this model are biased due to a multiplier effect, highlighted by Manski (1993)

as the reflection problem. This introduces an endogeneity bias in these outcome-on-outcome

linear-in-means models. However, because we are interested in the effect of a predeter-

mined characteristic of the peers, we model the outcome only as a function of an individuals

background characteristics and peers average background characteristics. Therefore, our

estimates do not suffer from this problem.

H Randomization Test (Guryan et al., 2009)

The randomization test proposed by Guryan et al. (2009) is implemented by estimating the

equation:

xikc = π1 + π2x̄−i,k + π3x̄−i,c + δc +Xikcγ
′ + uikc (A1)

where xikc is the gender dummy for individual i in section k and class c. Xikc is the class

fixed effect. x̄−i,k is the leave-out mean of female share in the section. x̄−i,c is the leave-out

mean of female share in the class. This last term is the bias correction term that addresses

the exclusion bias. The rationale behind this test is that, after controlling for the class-

level leave-out mean, the section-level leave-out mean should be precisely estimated and not

significantly different from zero. That is, random peer assignment can be verified by testing

if π̂2 = 0.

I Randomization Test (Caeyers and Fafchamps,

2021)

The randomization test proposed by Caeyers and Fafchamps (2021) is implemented by esti-

mating the equation:

x̃ikc = φ1 + φ2x̄−ikc + δc + uikc (A2)

where i is the individual, k is the section, c is the class cohort. x̃ikl is defined as xikc−ρx̄−ikc

and ρ = plimN→∞[β̂1], which captures the asymptotic exclusion bias. As in Guryan et al.

denote background characteristics.
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(2009), we would reject the null of random assignment if φ̂2 is significantly different from

zero. In Proposition 2 of Caeyers and Fafchamps (2021), the authors show that for cases

with varying group (section) sizes and pool (class) sizes, ρ is given by

plimN→∞[β̂1] =
∑
k

Kk

M

s2
zk

s2
z

plimN→∞[β̂1k]

plimN→∞[β̂1k] = −1
(Lk − 1)(Kk − 1)

(Lk −Kk)Lk + (Kk − 1)
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=
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where Kk is the size of a given group (section) k and Lk is the pool (class) size. According to

Caeyers and Fafchamps (2021), we can test random peer assignment by using OLS standard

errors clustered at the pool (class) level. To include covariates, we first partialled out the

regressors following the procedure described in Caeyers and Fafchamps (2021).

J Actual and Simulated Distribution of the

Share of Female Peers

In this section, we provide additional evidence that the within-class distribution of the share

of female peers is as good as random. Specifically, we follow the methodology in Bietenbeck

(2020) and we compare the actual within-class distribution to a simulated distribution of

female share.103 First, we produce Monte Carlo simulations in which we randomly re-assign

MBA students to sections within their graduating class, taking the number of sections and

graduating years from the actual data. Second, we regress the share of female students on

class fixed effects in both the actual and the simulated data and collect the residuals. We

replicate these two steps 1,000 times. We plot the simulated residuals from this random

assignment alongside the residuals from the actual data in Appendix Figure A5. From

both a visual inspection and a two-sample KolmogorovSmirnov test, we show that there

103Note that these residuals represent the variation that we exploit in our analysis.
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is no statistically significant difference between the actual and the simulated distribution,

consistently with as-good-as-random assignment of the share of female peers. Also note that,

across these 1,000 replications, the median standard deviation is 0.041 with a 90% empirical

confidence interval of [0.034, 0.046]. This confidence interval amply contains the within-class

standard deviation of 0.043 observed in the actual data.

K Main Results – Additional Evidence

K.1 Effects on Firm Choice

In this section, we explore whether female peers lead women to choose different types of

firms that can help explain the results for senior management. For example, women may

now enter smaller or lower-paying firms, where they may be more likely to receive a higher

job title but this may not reflect a promotion in terms of responsibilities or compensation.

Appendix Table A11 shows the effect of female share on holding a senior management

position in a small (1-200), medium (200-4,999), or large firm (5,000+). We find a positive

and significant effect on the probability of holding a senior management position in both

small and big firms (Columns (1) and (3), respectively) and no significant effect for medium

size firms. Although the coefficient is higher for big firms than for small firms, we can

not reject the null hypothesis of equality. This suggests that women do not become senior

managers disproportionately more in smaller firms.104 Turning to whether female peers

influence the choice of firm throughout the career path, Appendix Table A13 shows that

there are no overall changes in employment across the different firm sizes for women. These

results suggest that moving to firms of different sizes is unlikely to be a key mechanism for

the main results.

We next explore whether our main results can be explained by shifts into different types

of firms along the compensation dimension. Appendix Table A12 presents the results for

holding a senior management position in a firm with average annual total compensation

above or below the median. The magnitude of the coefficients are similar across the two

types of firms albeit imprecisely estimated. We also do not find a statistically significant

difference in effect sizes (p-value of the difference is 0.656 as reported in Appendix Table

104See Appendix Table A28 for the p-values from the tests of pairwise differences across the different
specifications. In particular, the p-value for senior managers in big versus medium firms is 0.0881, while the
p-value for senior managers in big versus small firms is 0.218.
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A28). This also holds when we study the analogous results using compensation for senior

managers in Columns (3) and (4). This suggests that women are not more likely to be senior

managers in lower-paying firms. Finally, we study whether there is an effect on average

firm-level compensation throughout the career path. In Appendix Table A14, we also find

no changes in average total annual compensation or on average total annual compensation

for senior managers.

K.2 Effects on Profit and Loss (P&L) Responsibilities

We then investigate whether female peers affect the type of functions performed by women.

Specifically, we focus on Profit and Loss (P&L) responsibilities.105 There are two potential

explanations for why changes in P&L responsibilities can explain the overall increase in

senior management.

First, because P&L responsibilities have been shown to be important for promotions into

top management positions, female peers may help women obtain senior managerial positions

by encouraging them to take on roles with P&L responsibilities earlier in their careers. As

a result, we would observe an increase in P&L job functions. Second, an alternative story

would be that women achieve higher rates of senior management in non P&L functions such

as administration or human resources. Hence, they are promoted into senior management

but are unlikely to progress into top executive positions. This story would be consistent with

a decrease in holding P&L positions. Appendix Table A15 shows a positive and significant

effect on holding a managerial position in a P&L role (Column (1)) but no significant effect

on performing P&L functions (Column (2)). Therefore, these results suggest that female

peers lead to an increase in senior managers that is associated with an actual increase in

responsibilities.

K.3 Additional Outcomes

In this section, we present results for four additional management outcomes. First, in Ap-

pendix Figure A6 we show the results when we use as outcome variable “ever holding a senior

management position,” which is an indicator variable that takes value 1 if the individual has

held a senior management position in that year or any year before and 0 otherwise. We

observe an increase in the entry rate into senior managerial positions beginning in the first

105Appendix Section B provides details on how we identify job functions.
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year after graduation and persisting for at least 15 years, suggesting that a larger network

of female peers leads to new entries into senior management.106 Second, in Appendix Table

A53, we show that the positive effect of female peers translates into 0.09 (=0.434/4.968)

additional years (or approximately 1 month) spent in senior managerial positions for a 4

percentage point (1SD) increase in female share. Third, Column (1) in Appendix Table

A54 shows that, among those who eventually end up becoming a senior manager, there is

a decline in years to first position as senior manager of 6.8% (=0.335/4.940) for women.107

Finally, we find that female peers increase the number of senior management positions held

by women (Column (2) in Appendix Table A54).108 Specifically, a 4 percentage point (1SD)

increase in female share increases the number of positions by 4.8% (=.054/1.126). Finally,

we show in Appendix Table A55 that the increase in senior managers come from both ex-

ternal and internal promotions. Although the coefficient is larger for external promotions,

we can not reject the null hypothesis of equality.109 This suggests that female peers may

help women attain senior management positions in several ways. For example, women may

benefit from job referrals provided by female peers or information about which firms hire

female senior managers at a higher rate. Moreover, female peers may help women acquire

specific skills, such as negotiation, to succeed in the hiring process. Finally, female peers

may provide women with information and skills to better navigate the internal promotion

process within a firm.

0

L Nonlinear Peer Effects Estimation

In this section, we describe in detail the estimating equation for the nonlinear peer effects

results. Specifically, we use a one-knot linear spline and we estimate:

yikct =β1FemaleShare−i,kct + β2FemaleShare−i,kct × I(FemaleShare−i,kct > 0.34)

+
∑
j=0,1

(δc + φt + ωct) × I(Femalei = j) +Xikctγ
′ + εikct (A3)

106The corresponding regression estimates are presented in Appendix Table A9.
107Note that this regression is estimated at the individual level instead of using the pooled sample.
108Note that this is not restricted to individuals that eventually become managers.
109See Appendix Table A28 for the p-values from the tests of pairwise differences across the two specifica-

tions. The p-value for senior manager in case of external versus internal promotions is 0.195.

22



where yikct is the outcome of interest for individual i in section k from graduating class c in

year since graduation t. FemaleShare−i,kc is the proportion of female peers of i in section k

and graduating class c. The specification also includes a series of class fixed effects (δc), year

fixed effects (φt), class-by-year fixed effects (ωi,ct), and their interactions with the gender

dummy. The term Xikct includes all the controls listed for equation (1).110 β1 is the effect of

a marginal increase in female share in sections with a share of female peers below the median

(34%). β2 represents the change in slope for sections with female share above the median.

L.1 Robustness Checks

We present a series of robustness checks to provide supporting evidence that our results

credibly identify the causal effect of female peers on senior positions for women.

Missing Data

As shown in Appendix Table A18, the match rate is not perfect across all the datasets and

this may introduce bias to our estimates if missing data is systematically correlated with

our treatment variable, share of women in the section. In Appendix Table A19, we investi-

gate whether unmatched observations from each of the dataset are systematically correlated

with female peers. We report the regression results from estimating equation (1) where the

dependent variable in each column is a dummy if the individual is matched to the specified

dataset.111,112 We do not find a correlation between female share and being in the sample

in any case. This provides strong evidence that selection into the sample cannot explain our

results.

Alternative Definitions and Samples

We also conduct a series of robustness checks using alternative definitions and samples.

Results are summarized in Appendix Figure A12 and in Appendix Table A22. First, we

110Note that for simplicity, we did include the interactions with the female dummy when writing equation
(A3). However, the estimation is performed by fully interacting the regressors with the female indicator.

111Note that we do not include controls beyond gender, class and year fixed effects, because additional
information is not available for unmatched individuals.

112Because this analysis requires microdata and we do not have individual data for the full census of MBA
graduates prior to 2011, we use the alumni directory records as a proxy for the sample universe in Columns
(1) and (2). That is, missing dummy equals 1 if in the alumni directory records and 0 otherwise. In Columns
(3) and (4), we use the matched LinkedIn and administrative data to conduct the analysis for the 2011-2018
cohorts.
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use an alternative definition for nonemployment. In our main analysis, we consider only

nonemployment breaks between consecutive positions. However, there are some individuals

whose last position ends before the date we obtained the profiles in 2019. Because it is unclear

whether the individual is truly not employed or simply has not updated their profiles, we do

not consider these spells as nonemployment in the main definition and do not include these

observations in the analysis. As a robustness check, we assume that all these time periods

up to 2019 are nonemployment spells and re-estimate equation (1) for senior management.

We show in Appendix Figure A12 and Column (2) that the main result is robust to the use

of this alternative nonemployment measure.

Second, since our sample includes people graduating from 2000 to 2018, we do not observe

everyone for up to fifteen years. Therefore, our sample is not balanced over time. As

a robustness check, we estimate the coefficients from regression (1) on our main outcome

variable restricting the sample to people we can follow throughout the fifteen years post-

graduation. Appendix Figure A12 and Column (3) show that the results obtained using this

balanced sample are consistent with our main findings.

Third, to correctly interpret the results and infer meaningful policy implications, it is

valuable to understand whether they are driven by outliers. To shed light on this, we drop

from the sample the observations in sections with a proportion of female students in the first

and last percentile of the female share distribution. We then re-estimate equation (1) on

this new sample. Appendix Figure A12 and Column (4) show that the effect of female peers

is still positive and significant when we apply this sample restriction.

Fourth, our main definition of managers does not include entrepreneurs or founders as

we are interested in analyzing the effects on self-employment separately from management.

We show in Figure A12 and Column (5) that the inclusion of entrepreneurs in the definition

of senior managers does not change the results.

Finally, we check whether our main results hold when we restrict the analysis to the

observations for which we have information on industry and level of female-friendliness of

the firm, as defined in Section 3.3. In Appendix Figure A12 and Columns (6) and (7), we

show that the results are consistent albeit noisier for these subsamples of observations.

Placebo Test: Random Re-assignment of Sections

Following the methodology described in Athey and Imbens (2017), we conduct a random-

ization test in which we randomly re-assign students to sections within the same class. The

re-assignment is performed without replacement and using uniform probability. We conduct
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this re-assignment 1,000 times and, in each iteration, we estimate our coefficient of interest

from equation (1) for our main outcome variable, probability of holding a senior management

position, for both men and women. In Appendix Figure A11, we plot the distributions of the

placebo treatment effects for men and women, respectively. The vertical lines indicate the

actual coefficients we estimated using the true section assignment. As shown in the figure,

the true effect for men falls within the distribution of placebo effects, consistent with the null

effect on men that we find in our main results (Section 5.2). On the contrary, the estimated

true effect for women is much larger than any of the placebo effects, providing supporting

evidence that the estimated impact of female peers on women’s probability to become senior

managers is unlikely to have occurred by chance.

Placebo Test: Pre-MBA Years

If female share in each section is exogenous, it should have no effect on our outcome variable

in the years prior to the MBA, when peer groups have not been formed yet. Appendix Table

A20 shows the coefficients from regression (1) estimated separately for up to three years

before the start of the MBA program. We find no consistent evidence of an effect of female

share on female future graduates, supporting our identification strategy.

Robustness to Alternative Controls

In Table A21, we show that our estimates are robust to alternative sets of controls. Column

(1) reports the estimates from the baseline specification. In Column (2), we only control for

class fixed effects, year fixed effects class-by-year fixed effects, as well as their interactions

with a female dummy. Then, in Column (3), we also include stratification variables as con-

trols. Lastly, in Column (4), we add individual level-characteristics as described in Section

5.1.113 Across all specifications, we show that female peers have a significant and positive

effect on career advancement of women with no corresponding effects on men.

Clustering at the Class Level

In Section 5.1, we implement two randomization tests to show that the assignment of stu-

dents to sections is as good as random. In the second test we performed following Caeyers

and Fafchamps (2021), the estimation is done clustering at the class level. On the contrary,

in our main empirical strategy, we cluster at the section level as in Guryan et al. (2009). In

113Note that for all of the controls we include, we also include missing indicators and all of their interactions
with a female dummy.
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this section, we show that our estimates are robust to clustering at the class level. Appendix

Table A23 shows the coefficient of interest from estimating equation (1) when clustering at

the section level (Column(1)) and when clustering at the class level (Column(2)). The two

clustering levels lead to almost identical results.

Logistic Model

Finally, given that our main outcome variable is the probability of holding a senior manage-

ment position, we show that our results are robust when we use a conditional logit model

instead of OLS. Appendix Table A24 reports the coefficients from our main specification

in Column (1) and from the logistic specification in Column (2). We find that with this

alternative model the effect of female peers is positive and significant at the 3.4% level. The

marginal effect is 0.477 which translates into a 4.9% increase in the probability to be a senior

manager for a 4 percentage point (1SD) increase in the female share distribution.

M How Do Female Peers Lead to an Increase

in Female Senior Managers?

M.1 Effects on Attachment to the Corporate Pipeline

In this section, we investigate whether our results are driven by an increase in the labor

market attachment of female MBAs, an increase in their entry rates into the management

pipeline, or a decrease in entrepreneurship.

Labor Market Attachment

An extensive literature has highlighted that a key explanation for the large gender gap in

labor market outcomes is differences in labor supply, such as weekly hours worked, full-time

or part-time status (Bertrand et al., 2010), and career interruptions (Bertrand et al., 2010;

Kleven et al., 2019). Moreover, these differences likely translate into differences in promotion

probabilities into management roles. Therefore, one potential explanation for the increase

in the likelihood of becoming a senior manager may be the increase in labor market attach-

ment.114 For example, female peers may provide useful information on childcare availability

114Note that, while we do not have childbirth information, we are able to infer employment and career
breaks based on the dates listed on CV.
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or advice on how to balance work and family.

Contrary to this hypothesis, in Appendix Table A25, we find no effects of MBA female

peers on employment (Columns (1)) or on the total number of months in non-employment

(Column (2)). Given that we observe an increase in senior management unconditionally on

employment, this result highlights that changes in employment cannot explain the increase

in senior management. Indeed, when we condition the sample to only those who are em-

ployed, we find a very similar magnitude in the effect size in Column (4) compared to the

main results presented in Column (3). It is worth noting that career breaks may not be listed

on the CV if they are temporary leaves of absence from the firm and the worker remains

attached to it, such as the case of parental leaves. As a result, the CV data are likely to be

an underestimate of the true number of career breaks. For example, the average cumulative

number of months in nonemployment inferred from the CV data is 2.3 months at the end of

9 years, compared to 6.8 months Bertrand et al. (2010) documented in their sample of MBA

graduates.115 However, as we show in Appendix Figure A20, we document similar trends

as what has been shown in the literature for the gender difference in months of career breaks.

Effects on Entry Rate into Management Pipeline

In addition to effects on labor supply, female peers may encourage women to seek out

more management positions, which can explain the increase in senior management that we

observe. Appendix Table A26 shows that a higher share of female peers does not lead to an

increase in the likelihood of ever holding any managerial position, for example, by increasing

the likelihood of women entering first-level managerial positions. This suggests that the

increase in female senior managers is not driven by more women entering the managerial

pipeline.

Effects on Entrepreneurship

Bertrand et al. (2010) document that women are more likely than men to work part-time

or lower hours when they are self-employed. For example, after ten or more years post-

MBA, 62 percent of self-employed women work part-time compared to only 15 percent of

self-employed men (Bertrand et al., 2010). The fact that women who want to work part-time

disproportionately employ themselves suggests that entrepreneurship may be used by women

to find a better balance between work and family life.

The increase in female senior management may be explained by female peers helping

115See Table 1 of Bertrand et al. (2010).
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women, who otherwise would have moved into self-employment, remain attached to their

firm. To test this hypothesis, we estimate the effect of female peers on the probability of

becoming an entrepreneur. Appendix Table A27 shows a negative but not significant effect.

Note also that entrepreneurs represent less than 4% of our sample. This evidence suggests

that, even if we can not fully rule out this story, a reduction in self-employment does not

seem to be a key driver of our results on senior management.

M.2 Male-Dominated Industries

We have shown that female peers help women achieve senior management positions. One

hypothesis is that these effects would be magnified in settings where women are underrep-

resented and where female MBAs may rely more on their MBA networks. As shown in

Appendix Figure A3, there exists substantial gender variation in industry choice. Com-

pared to consumer goods and healthcare, female MBAs are less likely to enter the three

male-dominated industries (finance, tech and consulting) post graduation. We test this hy-

pothesis by studying whether the results are driven by male-dominated industries. We will

show that the increase in senior managers is driven by higher rates of promotion for women

in male-dominated industries with no corresponding shifts in employment towards these in-

dustries.

Senior Managers in Male-Dominated Industries

The effect of female peers in male-dominated industries is theoretically ambiguous. On

one hand, female peers may be important in helping women enter and succeed in male-

dominated industries. Recent papers have shown that female peers help women persist in

male-dominated fields such as STEM (Bostwick and Weinberg, 2018). In a more male-

dominated industry, women may also face additional barriers in accessing the informal “old

boys’ club” job networks (Cullen and Perez-Truglia, 2019). Therefore, a larger network of

women may represent an important substitute for these networks and help women access

advice and information channels that they would not have access to otherwise. On the other

hand, more female classmates may encourage women to enter more stereotypical female

sectors, as has been found in educational settings (Brenoe and Zolitz, 2020). Because female

MBA peers are more likely to be represented in female-dominated industries, the referrals

and career advice provided by these peers may only be relevant for those in female-dominated

industries. As a result, we may expect a larger effect of female peers in these industries.
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Appendix Table A16 reports the estimates for holding a senior management position in a

male-dominated industry (Column 1) and in a female-dominated industry (Column 2).116 We

show that a 4 percentage point (1SD) increase in female share leads to a 12% (=0.024/0.201)

increase in the probability of becoming a senior manager in a male-dominated industry. On

the contrary, we find no effect on the probability of becoming a senior manager in a female-

dominated industry.117 The difference between the two coefficients of interest is significantly

different at the 3% level.118

Entries vs. Promotions

What explains the increase in senior managers in male-dominated industries? This increase

can be driven by a combination of higher likelihood of women entering these industries and

higher promotion rates of women within these industries. In Column (3) of Appendix Table

A16, we show the effect of female peers on working in a male-dominated industry. We find

that there is no significant effect on entries into male-dominated industries.119 Notably, this

result stands in contrast to prior gender peer effects papers that find a significant relationship

between female peers and the choice of female students to enter in male-dominated fields of

study such as STEM (Brenoe and Zolitz, 2020). The difference in this setting may result

from the fact that MBA graduates enter the program with five years of work experience on

average and, as a result, are less influenced by their peers in the choice of industry.

These results provide suggestive evidence that the increase of senior managers in male-

dominated industries is driven by higher promotion rates of women in these industries. In

Appendix Table A30, we conduct an exploratory analysis in which we investigate the impact

on senior management while restricting the sample to individuals that are working in male- or

female-dominated industries. As hypothesized, we find a positive and significant effect when

we condition on working in a male-dominated industry, suggesting a higher treatment effect

of female peers in this sample. It is, however, important to acknowledge that even if female

peers do not influence the entry rate across different industries, this analysis likely suffers

116Male-dominated industries are consulting, tech, and finance. Female-dominated industries are consumer
goods and healthcare.

117Appendix Figure A13 plots the dynamic version of our results.
118See Appendix Table A28 for the p-values from the tests of pairwise differences across the two specifica-

tions.
119Given that the coefficient is imprecisely estimated, we provide two additional pieces of evidence against

an effect on industry choice. First, in Appendix Table A29, we present the analogous results for each industry
separately. We find no overall effect of female peers on industry choice. Second, Appendix Figure A14 shows
the dynamic effects for entries in male-dominated industries. Consistent with our pooled results, we do not
find a significant effect in any of the post MBA years included in our analysis.
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from a selection problem to the extent that female peers affect the composition of women that

enter these industries. For example, female peers may influence high-ability women to enter

male-dominated industries and low-ability women to enter female-dominated industries.120

This would be consistent with this pattern of results.

M.3 Results on Female-Friendly Firms Using Alterna-

tive Measures

In Appendix Figure A21 and Appendix Table A56, we present additional results on the effects

of female peers on senior management in female-friendly firms using alternative measures.

These include firm rating from FairyGodBoss (FGB) (Columns 1-2), weeks of paid maternity

leave (Columns 3-4), percentage of board members that are female (Columns 5-6), firm-level

gender gap in compensation (Columns 7-8), and gender gap in compensation for senior

managers (Columns 9-10). Consistent with our main results, we find a significant effect on

most of these measures.

M.4 Female-Friendly Firms and Male-Dominated In-

dustries

In this section, we investigate whether the findings on female-friendly firms can explain the

increase in senior managers in male-dominated industries. For example, the advancement

of women in finance, tech and consulting may be driven by better knowledge or increased

access to firms that are more supportive of women as a result of their female MBA peers.

In Appendix Table A35, we test this hypothesis by investigating the probability of be-

coming a manager in a female-friendly firm versus a non-female-friendly firm when restricting

to male dominated industries. Consistent with the results in Section 6, the magnitude of

the coefficient for achieving a senior management position in a female-friendly firm is much

larger than the corresponding coefficient for non-female-friendly firms. Indeed, the two co-

efficients are statistically different from each other at the 9% level. This provides suggestive

evidence that, indeed, the overall effect on male-dominated industries can be explained by

120However, notice that this composition effect cannot fully explain the main results given that we do not
find a negative effect on female senior managers in female-dominated industries. This means that, there
must exist complementarities between the women who enter male-dominated industries and these industries.
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female-friendly firms.121

N Explaining the Gender Differences in Com-

pensation

In this section we explore what explains the gender gap in imputed compensation. Appendix

Table A57 presents coefficient estimates from regressing total annual compensation on a fe-

male dummy, class fixed effects, year fixed effects, class interacted with year fixed effects,

and additional controls using the pooled sample of all individual-year observations. The fe-

male coefficient represents the gender gap in total compensation. We find that a substantial

portion of the gender gap can be explained by industry choice, suggesting that male MBAs

are more likely to enter more lucrative industries. The gender gap further shrinks when we

include the broad managerial category (non-manager, first-level, or senior manager). This

captures the fact that men are more likely to be in senior management positions. Notably,

even after controlling for management level, the gender gap in compensation does not close

completely; we move from a 33% gender gap in Column (1) to a 21% gender gap in Column

(7). Since the imputation is based on current firm, broad managerial category, and gender,

this may indicate that women may be sorting into firms that are lower paying in general.

We will provide evidence on whether the gender gap in imputed compensation closes as a

result of female peers.

121This analysis is conditioning on an outcome, that is working in a male dominated industry. We previ-
ously showed that there is no effect of female peers on this outcome. Moreover, results hold when we look
at the probability of being a senior manager in a male-dominated industry and a female-friendly firm versus
a non-female-friendly firm (Appendix Table A36). Analogous results for female-dominated industries are in
Appendix Table A37.
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O Appendix Figures and Tables

Appendix Figures

Figure A1: Distribution of Female Share across Sections by Graduating Cohort

(a) Histogram

(b) Boxplot

Notes: In Figure A1, we plot the share of female MBA graduates per section and graduating year. In Figure A1b, we plot the

boxplot of share of female MBA graduates by graduating year. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure A2: Comparison of Imputed Total Compensation with Alternative Sources

Notes: We plot the total compensation for men and women from three data sources: (i) Glassdoor data (imputed measure

based on firm, gender, and management position); (ii) survey data, and (iii) Bertrand et al. (2010). Glassdoor sample includes

students of the graduating classes 2000-2018, excluding 2009. Survey sample includes students of the graduating classes 2000-

2015, excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure A3: Female Representation by Industry

Notes: We plot the share of female employees by industry. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Survey sample includes students of the graduating classes 2000-2015, excluding 2009. Observations are restricted

to the first fifteen years since graduation.
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Figure A4: Probability of Holding a Senior Management Position by Industry

(a) Finance (b) Consulting

(c) Consumer Goods (d) Healthcare

(e) Tech (f) Other

Notes: We plot the percentage of male and female graduates who are holding a senior managerial position by industry over

time since graduation (analogously to Figure 2). Sample includes students of the graduating classes 2000-2018, excluding 2009.

Observations are restricted to the first fifteen years since graduation.
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Figure A5: Distribution of Residualized Actual and Simulated Female Share
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Median within−class simulated SD=0.041, 90% CI=[0.034, 0.046]. Within−class actual SD=0.043.

Notes: We plot the actual and simulated share of female MBA graduates per section residualized by graduating year. Sample

includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since

graduation.
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Figure A6: Effect of Female Peers on Senior-Level Management Positions

Figure A7: Effect of Female Peers on Ever Holding Senior-Level Management Positions

Notes: We plot the coefficients for men and women and their 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A8: Effect of Female Peers on Holding Director and VP Positions

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A9: Effect of Female Peers on Holding SVP Positions

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A10: Effect of Female Peers on Holding C-level Positions

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A11: Effect of Female Peers on Holding Senior Management Positions Using Placebo
Sections

(a) Men
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(b) Women
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Notes: We plot the distributions of the placebo treatment effects computed using a randomization test in which we randomly

re-assign students to sections within the same class. The re-assignment is performed without replacement and using uniform

probability. We conduct this re-assignment 1,000 times and, in each iteration, we estimate our coefficient of interest from

equation (1) for our main outcome variable, probability of holding a senior management position for men and women. The

vertical lines indicate the actual coefficients we estimated using the true turn coed dates.
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Figure A12: Effect of Female Peers on Senior Management: Robustness Checks

Notes: We plot the coefficients for women from estimating equation (1) pooling together all years since graduation. In all

columns, the outcome variable is the probability of holding a senior management position. Each coefficient is the result of

a separate estimation from a series of alternative sample restrictions. Refer to Figure 5 for the full set of control variables.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level. *

p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure A13: Effect of Female Peers on Holding a Senior Management Position in a Male
Dominated Industry by Year Since Graduation

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A14: Effect of Female Peers on Working in a Male Dominated Industry by Year Since
Graduation

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A15: Effect of Female Peers on Senior Management in Female-Friendly Firms

Notes: We plot the coefficients for women from estimating equation (1) pooling together all years since graduation. Each

coefficient is the result of a separate estimation where the outcome variable is an indicator of whether the firm is above or

below the median in each of the six female-friendly component indices (gender equal opportunities, work schedule flexibility,

professional enrichment, family-friendliness, workplace culture, and fair compensation) as well as the overall female-friendly

rating. Refer to Figure 5 for the full set of control variables. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure A16: Effect of Female Peers on Holding a Senior Management Position in a Female
Friendly Firm by Year Since Graduation

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A17: Effect of Female Peers on Working in a Female Friendly Firm by Year Since
Graduation

Notes: We plot the coefficients for women and the associated 95% confidence intervals from estimating equation (1) separately

for each year since graduation. Refer to Figure 5 for a full list of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level.
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Figure A18: Female-Friendly Firms Representation by Industry

Notes: We plot the share of female-friendly firms by industry. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure A19: Correlation Across Female-Friendliness Measures

Notes: We plot the correlation between female-friendly measures across multiple dataset: (i) the overall rating and the six

standardized indices from InHerSight.com, (ii) the overall rating and number of paid weeks of maternity leave from FairyGod-

Boss.com, and (iii) the percentage of female board members from 5050 Women on Board. Sample includes students of the

graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure A20: Total Months of Career Breaks

Notes: We plot the total months of career breaks for men and women. We define a career break as a gap between the end and

start dates of two consecutive positions of at least a 3-month. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Observations are restricted to the first fifteen years since graduation.
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Figure A21: Senior Manager in Female-Friendly Firms: Alternative Measures

Notes: We plot the coefficients for women from estimating equation (1) pooling together all years since graduation. Each

coefficient is the result of a separate estimation where the outcome variable is one of the alternative measure of female-friendly

firms: firm rating from FairyGodBoss (FGB), weeks of paid maternity leave, percentage of board members that are female,

firm-level gender gap in compensation, and gender gap in compensation for senior managers. Refer to Figure 5 for the full set

of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered

at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure A22: Compensation (Imputed)

(a) Base Annual Compensation (in $ thousands) (b) Total Annual Compensation (in $ thousands)

(c) Ratio Total/Base Annual Compensation

Notes: We plot the base annual compensation (Figure A22a), total annual compensation (Figure A22b), and their ratio (Figure

A22c) over time since graduation. Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations

are restricted to the first fifteen years since graduation.
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Appendix Tables

Table A1: Summary Statistics – Demographics and Pre-MBA Background

All Male Female
Difference

p-value in par.

A. Demographics

Female 0.36

(0.48)

Age 29.88 30.20 29.35 0.85**

(1.98) (2.06) (1.73) (0.00)

U.S. Citizen 0.65 0.62 0.70 -0.08**

(0.48) (0.49) (0.46) (0.00)

Race

White 0.65 0.69 0.59 0.11**

(0.48) (0.46) (0.49) (0.00)

Asian 0.20 0.17 0.25 -0.07**

(0.40) (0.38) (0.43) (0.00)

Black / Hispanic 0.13 0.12 0.14 -0.03*

(0.33) (0.32) (0.35) (0.06)

Other 0.02 0.01 0.02 -0.01

(0.13) (0.12) (0.15) (0.12)

GMAT 716.45 720.76 709.04 11.72**

(35.70) (33.84) (37.57) (0.00)

B. Pre-MBA Background

Pre-MBA Years of Experience 5.00 5.10 4.80 0.30**

(1.95) (1.98) (1.87) (0.00)

Any Management Experience 0.39 0.38 0.41 -0.02

(0.49) (0.49) (0.49) (0.13)

Any Senior-Level Management Experience 0.13 0.14 0.12 0.02*

(0.34) (0.35) (0.32) (0.05)

Average Total Compensation (Imp.) (’000s) 123.35 132.85 106.97 25.89**

(120.74) (134.42) (90.29) (0.00)

Worked in Male-Dominated Industry 0.63 0.64 0.61 0.03*

(0.48) (0.48) (0.49) (0.07)

Top 20 Undergrad 0.29 0.27 0.34 -0.07**

(0.45) (0.44) (0.47) (0.00)

Notes: Summary statistics reported for full sample, male students only and female students only. Standard deviations unless

otherwise denoted are reported in parentheses. The last column reports the male-female difference. The p-value of the two sample

t-test is reported in parentheses. Data in panel A. Demographics come from the school administrative dataset. Data in panel

B. Pre-MBA Background come from the public LinkedIn profile dataset with the exception of (i) average total compensation

(imp.), that comes from the Glassdoor dataset, and (ii) top 20 undergrad, that comes from the school administrative dataset.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen

years since graduation. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A2: Summary Statistics – Academic and Career Outcomes

All Male Female
Difference

p-value in par.

A. Academic Outcomes (Person Level)

Overall GPA 3.52 3.54 3.48 0.06**

(0.27) (0.28) (0.27) (0.00)

Fraction Finance Classes 0.15 0.17 0.12 0.05**

(0.11) (0.11) (0.08) (0.00)

B. Career Outcomes (Person-Year Level)

Any Management Role 0.75 0.75 0.75 0.00

(0.43) (0.43) (0.44) (0.47)

Senior-Level Manager 0.43 0.47 0.34 0.14**

(0.50) (0.50) (0.47) (0.00)

Employed 0.99 0.99 0.99 0.01**

(0.09) (0.07) (0.12) (0.00)

Cumulative Months of Nonemployment 0.57 0.40 0.91 -0.51**

(3.56) (2.77) (4.76) (0.00)

Base Compensation (Imp.) (000’s) 133.00 141.53 117.37 24.16**

(52.00) (53.18) (45.82) (0.00)

Total Compensation (Imp.) (000’s) 223.31 253.25 168.42 84.83**

(315.35) (371.37) (155.85) (0.00)

Male-Dominated Industry 0.59 0.64 0.48 0.15**

(0.49) (0.48) (0.50) (0.00)

Firm Size 5888.06 5706.69 6261.87 -555.18**

(4453.50) (4475.86) (4383.98) (0.00)

Female-Friendly Firm 0.74 0.74 0.74 0.00

(0.44) (0.44) (0.44) (0.90)

Top 100 MBA Firm 0.34 0.32 0.38 -0.06**

(0.47) (0.47) (0.48) (0.00)

P&L Role 0.60 0.60 0.60 0.00

(0.49) (0.49) (0.49) (0.60)

Notes: Summary statistics reported for full sample, male students only and female students only. Standard deviations unless

otherwise denoted are reported in parentheses. The last column reports the male-female difference. The p-value of the two

sample t-test is reported in parentheses. Data in panel A. Academic Outcomes come from the school administrative dataset.

Data at the person level. Data in panel B. Career Outcomes come from the public LinkedIn profile dataset with the exception of

(i) base compensation (imp.) and total compensation (imp.), that comes from the Glassdoor dataset, (ii) firm size that come from

the LinkedIn company profile dataset, and (iii) female-friendly firm rating (1-5), that come from the InHerSight.com dataset.

Data at the person-year level. Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are

restricted to the first fifteen years since graduation. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A3: Summary Statistics by Job Title (Survey Data)

(1) (2) (3) (4) (5)

Manager Director VP SVP C-Level

Firm Hierarchy (1=Lowest,5=Highest) 2.74 3.28 3.62 4.01 4.61

(0.73) (0.58) (0.62) (0.61) (0.57)

Total Reports 14.40 26.77 137.78 296.06 554.73

(42.57) (66.08) (355.20) (986.17) (1508.10)

Weekly Hours 53.43 51.93 59.31 55.87 56.04

(11.74) (11.73) (10.83) (14.09) (10.30)

Total Compensation 185314.86 242184.96 344097.26 392922.02 345059.71

(86019.66) (96963.00) (134468.00) (132811.37) (147157.58)

Observations 683 820 915 536 495

Notes: Data from survey. Sample includes students of the graduating classes 2000-2018, excluding 2009
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Table A4: Gender Gap in Senior Management: Pooled Sample (De-
tailed Controls)

(1) (2) (3)

Female -0.128*** -0.126*** -0.122***

(0.0138) (0.0138) (0.0138)

Pre-MBA Experience -0.000402 0.000716

(0.00378) (0.00376)

Pre-MBA Management Experience 0.00520 0.0135

(0.0177) (0.0176)

Pre-MBA Senior-Level Management Experience 0.0971*** 0.0880***

(0.0206) (0.0205)

Top 20 Undergrad -0.00638 -0.00947

(0.0147) (0.0147)

Worked in P&L Role -0.0215 -0.0132

(0.0163) (0.0163)

Pre-MBA Firm Size -0.000000502 -0.000000508

(0.00000150) (0.00000150)

Worked in Finance 0.0738***

(0.0179)

Worked in Consulting 0.0339

(0.0209)

Worked in Consumer Goods -0.0219

(0.0230)

Worked in Healthcare -0.00831

(0.0282)

Worked in Tech -0.00525

(0.0182)

Worked in Other Industries 0.00637

(0.0180)

Class x Year FE Yes Yes Yes

Mean 0.490 0.490 0.490

Mean (Male) 0.543 0.543 0.543

R2 0.219 0.224 0.229

N 27309 27309 27309

Notes: We present the coefficients from regressing a dummy for holding a senior management position on a female dummy, class

fixed effects, year fixed effects, class interacted with year fixed effects, and pre-MBA characteristics using the pooled sample.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the individual level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A5: Randomization Test (Caeyers
and Fafchamps, 2021)

(1) (2) (3)
Female
Top 20

Undergrad

Female
Senior

Manager
Female
Finance

Female share 0.211 0.142 -0.333

(0.236) (0.132) (0.282)

R2 0.0297 0.0124 0.0157

N 1758 1640 1546

Class FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (A2) pooling together all years since

graduation (Caeyers and Fafchamps, 2021). The dependent variable is being a female student from a top

20 undergraduate institution in Column (1), being a female student with senior managerial experience in

Column (2), being a female student with experience in finance in Column (3). Estimations include the gender

dummy and class fixed effect. Sample includes students of the graduating classes 2000-2018, excluding 2009.

Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A6: F-Test for Joint Significance

(1)

Female Share

Female -0.00169

(0.0104)

Female & Attended Top-20 Undergrad 0.000905

(0.00250)

Female & Worked as Senior Manager 0.00118

(0.00276)

Female & Worked in Finance -0.00321

(0.00224)

R2 0.519

N 4365

F-test 0.559

Class FE Yes

Notes: We present the coefficients from regressing female share on the female dummy and the three variables

that predict the probability of becoming senior manager (coming from a top 20 undergraduate institution,

having experience as senior manager, having worked in finance). We test for the joint significance of these

coefficients. Estimations include class fixed effect. Sample includes students of the graduating classes 2000-

2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A7: Section-Level Characteristics Correlated with Higher Proportion of Female Peers

(1) (2) (3) (4) (5)

Section Characteristics Full Sample

Mean for
Above Median
Female Share

Sections

Mean for
Below Median
Female Share

Sections Coefficient p-value

Share of Section with ...

Pre-MBA Years of Experience 5.024 5.062 4.982 0.001 0.975

Any Management Experience 0.405 0.413 0.396 0.114 0.015**

Any Senior-Level Management Experience 0.131 0.135 0.126 0.196 0.021**

Entrepreneur 0.024 0.024 0.024 -0.199 0.275

Finance 0.338 0.318 0.361 -0.145 0.021**

Consulting 0.173 0.178 0.168 -0.128 0.043**

Consumer Goods 0.117 0.125 0.109 0.141 0.063*

Healthcare 0.056 0.051 0.061 -0.062 0.582

Tech 0.201 0.193 0.209 -0.031 0.551

Other Industries 0.374 0.388 0.360 0.120 0.027**

Less than 200 Employees 0.223 0.220 0.226 -0.038 0.508

200-4,999 Employees 0.220 0.217 0.223 0.064 0.292

5000+ Employees 0.727 0.728 0.726 -0.108 0.062*

Worked in Female-Friendly Firm 0.746 0.736 0.757 -0.025 0.631

Worked in a P&L Role 0.429 0.446 0.410 0.148 0.003***

US Locality 0.772 0.775 0.770 0.157 0.034**

Top 20 Undergrad 0.249 0.251 0.247 0.098 0.227

White 0.433 0.439 0.427 0.267 0.007***

Foreign 0.308 0.295 0.321 -0.486 0.000***

Observations 148 77 71 148 148

All results based on all sections in the baseline sample for the graduating classes 2000-2018, excluding 2009.

Class of 2009 is excluded. Column 4 reports the coefficient from a regression of female share in the section

on the variable in the row header and a constant term. Column 4 reports the associated p-value (based on

heteroskedasticity-robust standard errors). * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A8: Effect of Female Peers on Likelihood of Holding a Senior Management Position by Year Since
Graduation

(1) (2) (3) (4) (5) (6) (7) (8)

Year 1 Year 3 Year 5 Year 7 Year 9 Year 11 Year 13 Year 15

Female share × Male 0.0765 0.0331 -0.370* -0.0164 0.166 0.235 0.340 -0.196

(0.139) (0.209) (0.199) (0.246) (0.227) (0.225) (0.221) (0.221)

Female share × Female 0.300 0.754*** 0.686** 1.251*** 1.127*** 0.367 1.338*** 1.140***

(0.211) (0.272) (0.291) (0.339) (0.407) (0.376) (0.457) (0.412)

p-value Male vs. Female 0.398 0.035 0.001 0.002 0.023 0.746 0.033 0.001

Female Mean 0.137 0.214 0.363 0.460 0.546 0.581 0.591 0.593

Male Mean 0.228 0.328 0.501 0.634 0.685 0.726 0.741 0.741

R2 0.065 0.056 0.049 0.051 0.041 0.037 0.042 0.042

N 4972 4568 4236 3700 3212 2641 2302 1660

Notes: We present the coefficients for men and women from estimating equation (1) separately for each year since graduation. Estimates

include class fixed effect, an indicator for having attended a top 20 U.S. undergraduate university based on U.S. News Ranking, having any

senior management experience, and having worked in finance, as well as their interactions with female dummy. Finally, it includes a series of

section-level characteristics: share of section with management experience, senior-level management experience, worked in finance, worked

in consulting, worked in other industries, worked in a P&L role, white, and foreign. Sample includes students of the graduating classes

2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard errors clustered at the section

level. * p < 0.10, ** p < 0.05, *** p < 0.01.

61



Table A9: Effect of Female Peers on Likelihood of Ever Holding a Senior Management Position by Year
Since Graduation

(1) (2) (3) (4) (5) (6) (7) (8)

Year 1 Year 3 Year 5 Year 7 Year 9 Year 11 Year 13 Year 15

Female share × Male 0.0501 0.00394 -0.250 -0.00562 0.0989 0.101 0.124 0.130

(0.141) (0.205) (0.207) (0.240) (0.196) (0.163) (0.169) (0.242)

Female share × Female 0.313 0.927*** 0.763** 1.110*** 1.189*** 0.750*** 0.768*** 0.679**

(0.208) (0.258) (0.307) (0.372) (0.354) (0.268) (0.282) (0.260)

p-value Male vs. Female 0.304 0.002 0.002 0.008 0.007 0.034 0.037 0.070

Female Mean 0.138 0.227 0.406 0.546 0.658 0.723 0.753 0.788

Male Mean 0.230 0.340 0.538 0.702 0.796 0.853 0.887 0.903

R2 0.062 0.054 0.050 0.053 0.050 0.047 0.058 0.057

N 5001 4595 4270 3741 3263 2696 2359 1711

Notes: We present the coefficients for men and women from estimating equation (1) separately for each year since graduation. Refer to

Table A8 for a full list of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are

restricted to the first fifteen years since graduation. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A10: Effect of Female Peers on Senior Man-
agement by Seniority Level

(1) (2) (3)
Director
and VP SVP C-Suite

Female share × Male 0.107 -0.105 0.110

(0.137) (0.121) (0.0782)

Female share × Female 0.733*** 0.0941 -0.112

(0.185) (0.149) (0.0872)

p-value Male vs. Female 0.002 0.302 0.078

Female Mean 0.304 0.069 0.037

Male Mean 0.372 0.120 0.062

R2 .0709 .058 .0358

N 51440 51440 51440

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A11: Effect of Female Peers on Senior Management and Firm
Size

Senior Manager

(1) (2) (3)

Firm with
Less than 200

Employees

Firm with
200 to 4,999
Employees

Firm with
More than 5,000

Employees

Female share × Female 0.171* 0.0258 0.495**

(0.0878) (0.161) (0.219)

Female Mean 0.064 0.089 0.240

Male Mean 0.106 0.115 0.313

R2 0.035 0.037 0.089

N 45169 45169 45169

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A12: Effect of Female Peers on Senior Management and Firm Compensation

Senior Manager

(1) (2) (3) (4)

Firm with
Total Compensation

Above Median

Firm with
Total Compensation

Below Median

Firm with
Senior

Total Compensation
Above Median

Firm with
Senior

Total Compensation
Below Median

Female share × Female 0.541 0.244 0.454 0.331*

(0.494) (0.286) (0.442) (0.195)

Female Mean 0.178 0.061 0.189 0.049

Male Mean 0.309 0.081 0.334 0.057

R2 0.239 0.127 0.276 0.083

N 34459 34459 27582 27582

Class x Year x Female FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.

Table A13: Effects of Female Peers on Firm Size

(1) (2) (3) (4)

Number of
Employees

Less than 200
Employees

200 to 4,999

Employees

More than 5,000

Employees

Female share × Female -1673.1 -0.0449 -0.0246 0.0589

(2178.0) (0.164) (0.176) (0.246)

Female Mean 5975.751 0.158 0.147 0.678

Male Mean 5484.606 0.183 0.171 0.641

R2 0.051 0.024 0.023 0.043

N 44759 45171 45171 45171

Class x Year x Female FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A14: Effect of Female Peers on Firm Compensation

(1) (2) (3) (4) (5) (6)

Base Annual
Compensation

Senior Manager
Base Annual

Compensation
Total Annual
Compensation

Senior Manager
Total Annual
Compensation

Gender Gap in
Total Annual
Compensation

Gender Gap in
Senior Manager
Total Annual
Compensation

Female share × Female -8635.1 -73758.4** -639392.9 -9251981.2 -0.0565 -1.015

(28711.1) (36692.5) (425867.0) (5823970.3) (0.137) (0.679)

Female Mean 1.00e+05 1.78e+05 1.53e+05 3.62e+05 0.118 0.087

Male Mean 1.06e+05 1.82e+05 2.07e+05 9.80e+05 0.147 0.121

R2 0.098 0.103 0.013 0.015 0.067 0.040

N 34461 27582 34461 27582 28086 23066

Class x Year x Female FE Yes Yes Yes Yes Yes Yes

Notes: Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Refer to

Table 3 for the full set of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors

clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A15: Effect of Female Peers on P & L Functions

Senior Manager

(1) (2)
P & L

Functions
P & L

Functions

Female share × Female 0.461** 0.106

(0.213) (0.221)

Female Mean 0.264 0.598

Male Mean 0.363 0.612

R2 0.108 0.026

N 43860 43860

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2011-2018. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A16: Effect of Female Peers on Probability of Senior Management in
Male and Female Dominated Industries

Senior Manager

(1) (2) (3)
Male Dominated

Industries
Female Dominated

Industries
Male Dominated

Industries

Female share × Female 0.605** -0.0269 0.243

(0.243) (0.107) (0.260)

Female Mean 0.201 0.074 0.483

Male Mean 0.344 0.072 0.626

R2 0.097 0.033 0.037

N 45389 45389 45391

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Estimates

include class fixed effects, year fixed effects class-by-year fixed effects, indicators for having attended a top 20 U.S. undergraduate

university based on U.S. News Ranking, having any senior management experience, and having worked in finance, as well

as their interactions with a female dummy. We also control for the following section-level characteristics: share of section

with management experience, senior-level management experience, worked in finance, worked in consulting, worked in other

industries, worked in a P&L role, white, and foreign. Sample includes students of the graduating classes 2000-2018, excluding

2009. Observations are restricted to the first fifteen years since graduation. Standard errors clustered at the section level. *

p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A17: Effect of Female Peers on Senior Manage-
ment: Additional Controls

Senior Manager

(1) (2)

Main Result Additional Controls

Female share × Female 0.822*** 0.622***

(0.204) (0.237)

Female Mean 0.391 0.391

Male Mean 0.534 0.534

R2 0.173 0.260

N 51440 30257

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for full set of control variables in Column (1). Additional controls in Column

(2) include number of employees in the firm and total average annual compensation at the firm, plus all

their interactions with the gender dummy. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A18: Match Statistics

Data Source Units Unit Match Rate
Unit-Year

Observations
Unit-Year

Match Rate

A. Individuals – Cohorts 2000-2008, 2010-2018

All 2-Year Full-Time MBAs 8509 1.000

LinkedIn Profiles 6556 0.770 66514 1.000

LinkedIn Profiles (US Locality Only) 5098 0.599 52160 0.784

B. Firms – Cohorts 2000-2008, 2010-2018

All Firms Listed on LinkedIn Profiles 6590 1.000 52160 1.000

LinkedIn Company Profiles 4397 0.667 44742 0.858

Glassdoor 2868 0.435 35493 0.680

InHerSight 1399 0.212 28168 0.540

FairyGodBoss 434 0.066 19305 0.370

Women On Board 587 0.089 16531 0.317

C. Administrative Data – Cohorts 2011-2018

All 2-Year Full-Time MBAs 3425 1.000

LinkedIn Profiles 2783 0.813 14875 1.000

LinkedIn Profiles (US Locality Only) 2097 0.612 10992 0.739

D. Survey Data – Cohorts 2000-2008, 2010-2015

Full Sample 328 1.000 4246 1.000

2-Year Full-Time MBA 160 0.488 2195 0.517

We report the match rate across the different datasets in our sample. Panel A describes the main analysis

sample of individuals who graduated between 2000 and 2018, excluding 2009. In Panel B, we present the

match rate across the different firm datasets for our sample. In Panel C, we report the number of observations

for the administrative data and the number of matched observations to the LinkedIn data. In Panel D, we

report the number of observations in the survey data.
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Table A19: Missing Data

(1) (2) (3) (4) (5) (6) (7)

Matched to
LinkedIn
Profile

2000-2010

Matched to
LinkedIn
Profile

(US Sample Only)
2000-2010

Matched to
LinkedIn
Profile

2011-2018

Matched to
LinkedIn
Profile

(US Sample Only)
2011-2018

Matched to
LinkedIn
Company

Profile
Matched to
Glassdoor

Matched to
InHerSight

Female share × Female -0.166 0.0976 -0.171 -0.0644 -0.135 -0.126 -0.215

(0.227) (0.344) (0.128) (0.109) (0.0937) (0.135) (0.162)

R2 0.0228 0.0104 0.553 0.342 0.256 0.121 0.0936

N 4512 4512 2888 2888 55984 55984 55984

Class FE Yes Yes Yes Yes Yes Yes Yes

Year FE No No No No Yes Yes Yes

Class x Year x Female FE No No No No Yes Yes Yes

Level of Observations Person Person Person Person Person-Year Person-Year Person-Year

We present the coefficients for women from estimating equation (1) pooling together all years since graduation. The dependent variable in

each column is a dummy if the individual is matched to the specified dataset. Estimates include gender dummy, class and year fixed effects.

Because this analysis requires microdata and we do not have individual data for the full census of MBA graduates prior to 2011, we use

the alumni directory records as a proxy for the sample universe in Columns (1) and (2). That is, missing dummy equals 1 if in the alumni

directory records and 0 otherwise. In Columns (3) and (4), we use the matched LinkedIn and administrative data to conduct the analysis

for the 2011-2018 cohorts. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A20: Effect of Female Peers on Senior Man-
agement: Pre-MBA

(1) (2) (3)

Year -4 Year -3 Year -2

Female share × Female 0.0616 -0.0902 0.0218

(0.102) (0.0831) (0.0855)

Female Mean 0.075 0.095 0.106

Male Mean 0.083 0.110 0.123

R2 0.572 0.764 0.868

N 4669 4710 4716

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A21: Effect of Female Peers on Senior Management: Pooled Sample

(1) (2) (3) (4)
Senior-Level

Manager
Senior-Level

Manager
Senior-Level

Manager
Senior-Level

Manager

Female share × Male 0.0315 -0.0885 -0.0903 -0.102

(0.115) (0.0916) (0.0917) (0.0937)

Female share × Female 0.822*** 0.674*** 0.673*** 0.681***

(0.204) (0.182) (0.182) (0.183)

p-value Male vs. Female 0.000 0.000 0.000 0.000

Female Mean 0.391 0.391 0.391 0.391

Male Mean 0.534 0.534 0.534 0.534

R2 0.173 0.166 0.166 0.172

N 51440 51440 51440 51440

Class x Year x Female FE Yes Yes Yes Yes

Stratification Controls Yes No Yes Yes

Pre-MBA Characteristics Controls Yes No No Yes

Section-level Controls Yes No No No

Notes: We present the coefficients for men and women from estimating equation (1) pooling together all years since graduation.

Estimates in Column (1) include class fixed effects, year fixed effects class-by-year fixed effects, as well as their interactions

with a female dummy. Estimates in Column (2) include the controls in Column (1) plus an indicator for having attended a

top 20 U.S. undergraduate university based on U.S. News Ranking, as well as its interaction with a female dummy. Estimates

in Column (3) include the controls in Column (2) plus indicators for having any senior management experience, and having

worked in finance, as well as their interactions with a female dummy. Finally, estimates in Column (4) include the controls in

Column (3) plus a series of section-level characteristics: share of section with management experience, senior-level management

experience, worked in finance, worked in consulting, worked in other industries, worked in a P&L role, white, and foreign.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen

years since graduation. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A22: Effect of Female Peers on Senior Management: Robustness Checks

Senior Manager

(1) (2) (3) (4) (5) (6) (7) (8)

Main
Result

Alternative
Non-Employment

Definition
Balanced
Sample

Without
Outliers

With Only

≤ 25th vs ≥ 75th

Female Share
With

Founders
Sample with

Industry Data

Sample with
Female-Friendly

Firm Data

Female share × Female 0.822*** 0.728*** 1.125*** 0.663** 0.443* 0.671*** 0.698*** 0.535*

(0.204) (0.208) (0.292) (0.260) (0.244) (0.228) (0.244) (0.295)

Female Mean 0.391 0.382 0.462 0.393 0.380 0.391 0.394 0.350

Male Mean 0.534 0.531 0.606 0.535 0.505 0.534 0.533 0.488

R2 0.173 0.169 0.129 0.173 0.184 0.189 0.193 0.247

N 51440 52083 24340 50400 26054 51440 45389 28093

Class x Year x Female FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. In all columns, the

outcome variable is the probability of holding a senior management position. Each coefficient is the result of a separate estimation from a

series of alternative sample restrictions. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A23: Effect of Female Peers on Senior Management: Clustering at
Alternative Levels

Senior Manager

(1) (2) (3)

Clustered at
Section Level
(Main Result)

Clustered at
Class Level

Two Way Clustering at
Individual and Year

Level

Female share × Female 0.822*** 0.822*** 0.822***

(0.204) (0.195) (0.254)

Female Mean 0.391 0.391 0.391

Male Mean 0.534 0.534 0.534

R2 0.173 0.173 0.173

N 51440 51440 51440

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level in Column (1) and at the

class level in Column(2). * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A24: Effect of Female Peers on Senior Management:
Pooled Sample (Logit)

(1) (2)
Senior-Level

Manager (Linear)
Senior-Level

Manager (Logit)

Female share × Male 0.0315 0.831

(0.115) (1.408)

Female share × Female 0.822*** 5.328**

(0.204) (2.504)

p-value Male vs. Female 0.000 0.088

Female Mean 0.391 0.391

Male Female 0.534 0.534

R2 0.173

N 51440 51429

Class x Year x Female FE Yes Yes

Notes: In Column (1), we present the coefficients for women from estimating equation (1) pooling together

all years since graduation. In Column (2), we show the coefficients for women from the corresponding logistic

specification. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2015. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A25: Effect of Female Peers on Employment and Career Breaks

(1) (2) (3) (4)

Employed
Cumulative Months
In Non-Employment

Senior-Level
Manager

(Unconditional)

Senior-Level
Manager

(Conditional)

Female share × Female -0.0154 4.502 0.822*** 0.841***

(0.0487) (4.795) (0.204) (0.206)

Female Mean 0.985 1.707 0.391 0.403

Male Mean 0.995 0.633 0.534 0.542

R2 0.025 0.077 0.173 0.183

N 49991 51482 51440 50428

Class x Year x Female FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A26: Effect of Female Peers
on Likelihood of Holding Any Man-
agement Position

(1)
Any-Level
Manager

Female share × Female 0.229

(0.182)

Female Mean 0.744

Male Mean 0.767

R2 0.058

N 51440

Class x Year x Female FE Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.

Table A27: Effect of Female Peers on
Entrepreneurship

(1)

Entrepreneurs

Female share × Female -0.184

(0.111)

Female Mean 0.035

Male Mean 0.040

R2 0.019

N 51451

Class x Year x Female FE Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A28: Effect of Female Peers on Senior Management by Industries and Types of
Firms

(1)

P-value of the Difference

External vs Internal Promotions to Senior Manager 0.195

Male-Dominated vs Female-Dominated Industries 0.0297

Female-Friendly vs Non Female-Friendly Firms 0.0141

Male-Dom. and Fem.-Friendly vs Male-Dom. and Non Fem.-Friendly 0.0942

Female-Dom. and Fem.-Friendly vs Female-Dom. and Non Fem.-Friendly 0.0735

Less than 200 Employees vs 200 to 4,999 Employees 0.472

Less than 200 Employees vs More than 5,000 Employees 0.218

200 to 4,999 Employees vs More than 5,000 Employees 0.0881

Total Compensation Above vs Below Median 0.656

Total Senior Compensation Above vs Below Median 0.809

Notes: We present the p-values from the tests of pairwise differences across the two specifications. All

estimates are obtained from running equation (1) pooling together all years since graduation. Refer to Table

3 for the full set of control variables. Sample includes students of the graduating classes 2000-2018, excluding

2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A29: Effect of Female Peers on Industry Choice

(1) (2) (3) (4) (5) (6)

Finance Consulting
Consumer

Goods Healthcare Technology Other

Female share × Female 0.285 -0.215 -0.120 0.329** 0.0555 -0.175

(0.208) (0.159) (0.191) (0.146) (0.261) (0.254)

Female Mean 0.162 0.125 0.192 0.077 0.208 0.273

Male Mean 0.276 0.136 0.117 0.078 0.247 0.223

R2 0.062 0.057 0.025 0.016 0.027 0.021

N 45391 45391 45391 45391 45391 45391

Class x Year x Female FE Yes Yes Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A30: Effect of Female Peers on Male Dominated In-
dustries

Senior Manager

(1) (2)
Restricted to

Male Dominated
Industries

Restricted to
Female Dominated

Industries

Female share × Female 0.821** 0.0821

(0.373) (0.371)

Female Mean 0.415 0.303

Male Mean 0.549 0.476

R2 0.219 0.248

N 26339 8199

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Outcomes

defined as ever entering in each of the listed industries in the first 15 years post graduation. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A31: Female-Friendly Firms versus Non-Female Friendly Firms

Female-Friendly Non-Female-Friendly Difference

Number of Employees 4660.63 4813.23 152.61

(4185.63) (4159.29)

Total Annual Compensation 147309.33 261589.84 114280.51

(559259.52) (3533693.33)

Paid Maternity Leave 11.84 11.39 -0.45

(6.31) (7.57)

% Female Board Members 30.68 26.16 -4.53**

(10.36) (10.28)

Observations 786 601 1387

Notes: Summary statistics reported for female-friendly and non female-friendly firms. Standard deviations

unless otherwise denoted are reported in parentheses. The last column reports the difference. Data at

the firm level. Summary statistics on firm size, firm average compensation, weeks of paid maternity leave,

and percentage of female board members. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Observations are restricted to the first fifteen years since graduation. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A32: Effect of Female Peers on Senior Manager in Female-Friendly Firms

Female-Friendly Firm Firm with Gender Equal Opportunities Firm with Work Schedule Flexibility Firm with Professional Enrichment

(1) (2) (3) (4) (5) (6) (7) (8)

Above Median Below Median Above Median Below Median Above Median Below Median Above Median Below Median

Female share × Female 1.243*** -0.468 0.613* 0.162 1.158*** -0.382 1.000** -0.225

(0.394) (0.402) (0.341) (0.385) (0.411) (0.423) (0.407) (0.438)

Female Mean 0.161 0.118 0.151 0.128 0.157 0.122 0.152 0.127

Male Mean 0.238 0.186 0.215 0.209 0.241 0.184 0.237 0.188

R2 0.167 0.242 0.158 0.222 0.165 0.238 0.166 0.228

N 28505 28505 28505 28505 28503 28503 28488 28488

Class x Year x Female FE Yes Yes Yes Yes Yes Yes Yes Yes

Firm with Fair Compensation Firm with Family Friendliness Firm with Workplace Culture

(1) (2) (3) (4) (5) (6)

Above Median Below Median Above Median Below Median Above Median Below Median

Female share × Female 0.328 0.448 1.097*** -0.322 0.815** -0.0393

(0.340) (0.277) (0.394) (0.413) (0.373) (0.383)

Female Mean 0.187 0.092 0.159 0.120 0.125 0.154

Male Mean 0.288 0.137 0.243 0.182 0.198 0.226

R2 0.235 0.187 0.163 0.241 0.122 0.233

N 28488 28488 28473 28473 28488 28488

Class x Year x Female FE Yes Yes Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Refer to Table 3 for

the full set of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at

the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A33: Effect of Female Peers on Female-Friendly Firms: Components

(1) (2) (3) (4) (5) (6) (7)
Female-Friendly

Rating
Gender Equal
Opportunities

Work Schedule
Flexibility

Professional
Enrichment

Fair
Compensation

Family
Friendliness

Workplace
Culture

Female share × Female 0.857 0.631 0.809 0.613 -0.291 0.702 0.469

(0.915) (0.635) (0.918) (0.916) (0.673) (0.913) (0.779)

Female Mean 0.532 0.524 0.521 0.519 0.599 0.532 0.485

Male Mean 0.542 0.437 0.546 0.542 0.666 0.550 0.497

R2 0.123 0.106 0.121 0.118 0.106 0.121 0.093

N 28505 28505 28503 28488 28488 28473 28488

Class x Year x Female FE Yes Yes Yes Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Refer to Table 3 for

the full set of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at

the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A34: Effect of Female Peers on Probability of Senior Management in
Female-Friendly Firms (Restricted to Big Firms)

Senior Manager

(1) (2) (3)
Female-Friendly

Firms
Non Female-Friendly

Firms
Female-Friendly

Firms

Female share × Female 1.158*** -0.546 1.018

(0.416) (0.436) (0.895)

Female Mean 0.164 0.123 0.503

Male Mean 0.246 0.186 0.532

R2 0.176 0.260 0.151

N 23352 23352 23352

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A35: Effect of Female Peers on Probability of Senior Man-
agement in Female Friendly Firms (Restricted to Male Domi-
nated Industries)

Senior Manager
(Restricted to Male Dominated Industries)

(1) (2)
Female-Friendly

Firms
Non Female-Friendly

Firms

Female share × Female 1.407** 0.0990

(0.562) (0.405)

Female Mean 0.239 0.089

Male Mean 0.294 0.136

R2 0.205 0.248

N 16887 16887

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes graduating classes 2000-

2018, excluding 2009. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A36: Effect of Female Peers on Probability of Senior Management
in Male Dominated Industries and Female Friendly Firms

Senior Manager in Male Dominated Industry

(1) (2)

Female-Friendly Firm Non Female-Friendly Firm

Female share × Female 0.722* -0.200

(0.368) (0.279)

Female Mean 0.115 0.043

Male Mean 0.179 0.083

R2 0.127 0.175

N 28505 28505

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A37: Effect of Female Peers on Probability of Senior Management
in Female Dominated Industries and Female Friendly Firms

Senior Manager in Female Dominated Industry

(1) (2)

Female-Friendly Firm Non Female-Friendly Firm

Female share × Female 0.297* -0.346

(0.160) (0.302)

Female Mean 0.027 0.059

Male Mean 0.035 0.085

R2 0.090 0.255

N 28505 28505

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A38: Referral Effect: Probability of Entering the Same
Firm

(1)

Same Section × Both Males 0.000059

(0.000473)

Same Section × Both Males × Female-Friendly Firm -0.000215

(0.000660)

Same Section × Mixed Gender -0.000644

(0.000487)

Same Section × Mixed Gender × Female-Friendly Firm 0.000428

(0.000707)

Same Section × Both Females -0.000118

(0.000946)

Same Section × Both Females × Female-Friendly Firm 0.002810**

(0.001430)

p-value Both Male vs. Both Female .055300

Female Mean .006549

Male Mean .006420

R2 .050743

N 7,623,733

Class x Year FE Yes

Firm FE Yes

Notes: We present the coefficients for men and women from estimating equation (2) pooling together all

years since graduation. Estimates include class fixed effects, year fixed effects, class-by-year fixed effects,

and firm fixed effects. Dataset created by matching each MBA graduate (from graduating classes 2000-2018,

excluding 2009) with all possible classmates of the same graduating year. Observations are restricted to the

first fifteen years since graduation. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A39: Effect of Female Peers on GPA during MBA

(1) (2)

Overall GPA
Fraction

Finance Classes

Female share × Female -0.103 -0.0246

(0.112) (0.0443)

Mean 3.519 0.154

SD 0.273 0.105

R2 0.0666 0.156

N 3425 3425

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2011-2018. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A40: Effect of Female Peers on Core GPA during MBA by Field
of Study

(1) (2) (3) (4)

Accounting Decision KPPI MECN

Female share × Female -0.00907 -0.306 0.435 0.0201

(0.340) (0.248) (0.286) (0.295)

Mean 3.359 3.404 3.435 3.376

SD 0.597 0.565 0.534 0.599

R2 0.0632 0.0513 0.0338 0.0450

N 1915 2024 1285 2105

(1) (2) (3) (4) (5)

Management Marketing MORS Operations Strategy

Female share × Female -0.917* 0.181 0.172 -0.395 0.668**

(0.451) (0.262) (0.194) (0.311) (0.292)

Mean 3.366 3.451 3.425 3.400 3.400

SD 0.616 0.546 0.515 0.595 0.602

R2 0.0700 0.0441 0.0312 0.0503 0.0470

N 1663 2274 2518 2154 855

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2011-2018. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A41: Effect of Female Peers on First Post-MBA Placement

(1) (2) (3) (4) (5)
Senior-Level

Manager
Male Dominated

Industries

Female-Friendly

Firms
Number of
Employees

Total Annula
Compensation

Female share × Female 0.300 -0.132 0.458 38.34 -12191.2
(0.211) (0.257) (0.810) (3580.8) (136151.1)

Female Mean 0.137 0.522 0.500 7018.639 154070
Male Mean 0.228 0.671 0.587 6398.706 163300
R2 0.065 0.045 0.137 0.034 0.033
N 4972 4538 3239 4443 3580
Class x Year x Female FE Yes Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since
graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Sample includes
students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.
* p < 0.10, ** p < 0.05, *** p < 0.01.

Table A42: Effect of Female Peers on Compensation

(1) (2) (3)
Total Annual

Compensation (Imp.)
Base Annual

Compensation (Imp.)
Non-Base Annual

Compensation (Imp.)

Female share × Female 75.26 -11.32 86.57**

(69.89) (33.10) (42.66)

Female Mean 117.482 90.861 26.621

Male Mean 178.865 117.206 61.658

R2 0.173 0.263 0.105

N 26567 26567 26567

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation.

Standard errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A43: Effect of Female Peers on Compensation

(1) (2) (3)
Total Annual

Compensation (Imp.)
Base Annual

Compensation (Imp.)
Non-Base Annual

Compensation (Imp.)

Female share × Female 43.15 -22.23 65.39*

(55.21) (25.71) (36.81)

Female Mean 117.482 90.861 26.621

Male Mean 178.865 117.206 61.658

R2 0.400 0.598 0.243

N 26567 26567 26567

Class x Year x Female FE Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Outcome variable in thousands of dollars.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Observations are restricted

to the first fifteen years since graduation. Standard errors clustered at the section level. * p < 0.10, **

p < 0.05, *** p < 0.01.
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Table A44: Match Rate by Class

Class All Males Females

2000 0.776 0.811 0.701

2001 0.756 0.774 0.732

2002 0.748 0.808 0.623

2003 0.685 0.714 0.620

2004 0.825 0.831 0.810

2005 0.862 0.868 0.846

2006 0.878 0.864 0.906

2007 0.820 0.835 0.775

2008 0.837 0.865 0.780

2010 0.805 0.844 0.739

2011 0.769 0.773 0.761

2012 0.681 0.695 0.653

2013 0.710 0.690 0.741

2014 0.904 0.920 0.876

2015 0.752 0.785 0.696

2016 0.682 0.696 0.659

2017 0.651 0.653 0.649

2018 0.734 0.735 0.734

All 0.770 0.788 0.735

Notes: We report the matching rate by class and gender of the LinkedIn profiles for the sample of individuals

who graduated between 2000 and 2018, excluding 2009.
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Table A45: Coverage Rate of Alumni Directory, 2000-2010 Records

Overall Male Female

N Non-Missing Share N Non-Missing Share N Non-Missing Share

Admin Data 4720 1.000 3210 1.000 1503 1.000

Alumni Directory 4532 0.960 3132 0.976 1380 0.918

Notes: We report the coverage rate of the alumni directory compared to the total number of graduates from

official administrative statistics. Sample includes students of the graduating classes 2000-2018, excluding

2009.
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Table A46: Coverage Rate of Alumni Directory Records by Class, 2000-2010

Overall Male Female

N Non-Missing Share N Non-Missing Share N Non-Missing Share

Cohort 2000

Admin Data 486 1.000 328 1.000 157 1.000

Alumni Directory 453 0.932 313 0.954 138 0.879

Cohort 2001

Admin Data 479 1.000 323 1.000 153 1.000

Alumni Directory 443 0.925 306 0.947 136 0.889

Cohort 2002

Admin Data 465 1.000 317 1.000 146 1.000

Alumni Directory 440 0.946 307 0.968 130 0.890

Cohort 2003

Admin Data 460 1.000 318 1.000 142 1.000

Alumni Directory 438 0.952 309 0.972 127 0.894

Cohort 2004

Admin Data 469 1.000 326 1.000 142 1.000

Alumni Directory 453 0.966 316 0.969 135 0.951

Cohort 2005

Admin Data 456 1.000 326 1.000 130 1.000

Alumni Directory 449 0.985 320 0.982 126 0.969

Cohort 2006

Admin Data 476 1.000 337 1.000 139 1.000

Alumni Directory 463 0.973 319 0.947 142 1.022

Cohort 2007

Admin Data 479 1.000 328 1.000 151 1.000

Alumni Directory 470 0.981 327 0.997 139 0.921

Cohort 2008

Admin Data 478 1.000 319 1.000 159 1.000

Alumni Directory 464 0.971 323 1.013 141 0.887

Cohort 2010

Admin Data 472 1.000 288 1.000 184 1.000

Alumni Directory 459 0.972 292 1.014 166 0.902

Notes: We report the coverage rate of the alumni directory compared to the total number of graduates from

official administrative statistics by class year. Sample includes students of the graduating classes 2000-2018,

excluding 2009.
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Table A47: Gender Gap in Senior Management: Pooled Sample

(1) (2) (3) (4) (5) (6)

Female -0.128*** -0.126*** -0.122*** -0.120*** -0.111*** -0.0959***

(0.0138) (0.0138) (0.0138) (0.0138) (0.0136) (0.0137)

Class x Year FE Yes Yes Yes Yes Yes Yes

Pre-MBA Characteristics Yes Yes Yes Yes Yes

Pre-MBA Industry FE Yes Yes Yes Yes

Cummulative Months of Career Break Yes Yes Yes

Post-MBA Characteristics Yes Yes

Post-MBA Industry FE Yes

Mean 0.490 0.490 0.490 0.490 0.490 0.490

Mean (Male) 0.543 0.543 0.543 0.543 0.543 0.543

R2 0.219 0.224 0.229 0.230 0.251 0.272

N 27309 27309 27309 27309 27309 27309

Notes: We present coefficient estimates from regressing a dummy for holding a senior management position on a female dummy,

class fixed effects, year fixed effects, class interacted with year fixed effects, and additional controls. Pre-MBA characteristics

include years of experience, top 20 undergraduate institution, management experience, P&L experience. Cumulative months

of career break inferred based on the employment dates listed on the online profiles. Post-MBA controls such as experience,

firm size, PL role. Sample of all individual-year observations for students of the graduating classes 2000-2018, excluding 2009.

Observations are restricted to the first fifteen years since graduation. Standard errors clustered at the section level. * p < 0.10,

** p < 0.05, *** p < 0.01.
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Table A48: Gender Gap in Senior Management: Pooled Sample (Includes Additional Firm
Characteristics)

(1) (2) (3) (4) (5) (6)

Female -0.114*** -0.111*** -0.110*** -0.110*** -0.118*** -0.110***

(0.0249) (0.0246) (0.0245) (0.0245) (0.0240) (0.0239)

Class x Year FE Yes Yes Yes Yes Yes Yes

Pre-MBA Characteristics Yes Yes Yes Yes Yes

Pre-MBA Industry FE Yes Yes Yes Yes

Cummulative Months of Career Break Yes Yes Yes

Post-MBA Characteristics Yes Yes

Post-MBA Industry FE Yes

Mean 0.419 0.419 0.419 0.419 0.419 0.419

Mean (Male) 0.473 0.473 0.473 0.473 0.473 0.473

R2 0.314 0.329 0.335 0.335 0.382 0.395

N 6625 6625 6625 6625 6625 6625

Notes: We present coefficient estimates from regressing a dummy for holding a senior management position

on a female dummy, the same variables as in Table A47, as well as additional firm characteristics from

Glassdoor and InHerSight. Sample of all individual-year observations for students of the graduating classes

2000-2018, excluding 2009. Observations are restricted to the first fifteen years since graduation. Standard

errors clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.

98



Table A49: Gender Gap in Senior Management: Linked Administrative Sample, 2011-2018

(1) (2) (3) (4) (5) (6) (7)

Female -0.0932*** -0.0867*** -0.0747*** -0.0758*** -0.0571** -0.0473* -0.0262

(0.0254) (0.0255) (0.0256) (0.0257) (0.0242) (0.0249) (0.0266)

Class x Year FE Yes Yes Yes Yes Yes Yes Yes

Pre-MBA Characteristics Yes Yes Yes Yes Yes Yes

Pre-MBA Industry FE Yes Yes Yes Yes Yes

Cumulative Months of Career Break Yes Yes Yes Yes

Post-MBA Characteristics Yes Yes Yes

Post-MBA Industry FE Yes Yes

GMAT, % Finance Classes, Kellogg GPA Yes

Mean 0.316 0.316 0.316 0.316 0.316 0.316 0.316

R2 0.171 0.191 0.214 0.214 0.288 0.317 0.323

N 4669 4669 4669 4669 4669 4669 4669

Notes: We present coefficient estimates from regressing a dummy for holding a senior management position on

a female dummy, the same variables as in Table A47, as well as academic performance (GPA), GMAT scores,

and share of finance classes taken. Sample of all individual-year observations for students of the graduating

classes 2011-2018. Observations are restricted to the first fifteen years since graduation. Standard errors

clustered at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A50: Gender Gap in Senior Management: Pooled Sample (Survey Data)

(1) (2) (3) (4) (5) (6) (7)

Female -0.132** -0.133** -0.126** -0.109* -0.123* -0.118* -0.104

(0.0536) (0.0536) (0.0551) (0.0582) (0.0653) (0.0656) (0.0644)

Weekly Hours 0.000373 0.000323 0.000247 0.000294 -0.0000968 -0.000150

(0.00214) (0.00215) (0.00213) (0.00213) (0.00211) (0.00210)

Children 0.0130 0.0205 0.0188 0.0147 0.00477

(0.0227) (0.0241) (0.0242) (0.0246) (0.0244)

Pre-School Child Care Responsibilities (%) -0.00156 -0.00184 -0.00189 -0.00126

(0.00161) (0.00178) (0.00179) (0.00174)

Employment Gap after First Child (Weeks) 0.00171 0.00245 0.00166

(0.00381) (0.00384) (0.00375)

Ambition to be CEO in 5 Years 0.0764 0.0773

(0.0494) (0.0491)

Class x Year FE Yes Yes Yes Yes Yes Yes Yes

Experience and Industry Controls No No No No No No Yes

Mean 0.693 0.693 0.693 0.693 0.693 0.693 0.693

R2 0.108 0.108 0.109 0.111 0.112 0.117 0.144

N 3025 3025 3025 3025 3025 3025 3025

Notes: We present coefficient estimates from regressing a dummy for holding a senior management position

on a female dummy, the same variables as in Table A47, as well as additional controls from the survey data

including weekly hours worked, number of children, pre-school child care responsibilities, employment gap

after childbirth, and ambition to become CEO in 5 years. Sample includes students of the graduating classes

2000-2018, excluding 2009. Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, ***

p < 0.01.
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Table A51: Gender Differences in Manager Characteristics (Senior Managers Only)

Males Females Difference

Female-Friendly Firm 0.70 0.73 -0.03**

(0.46) (0.44) (0.00)

Male Dominated Industry 0.83 0.73 0.10**

(0.38) (0.44) (0.00)

Firm Size 4903.25 4998.76 -95.51

(4514.14) (4465.30) (0.17)

Total Employee Reviews 1491.55 1598.67 -107.12*

(3596.17) (3589.31) (0.09)

Female Share of Employee Reviews 0.38 0.47 -0.08**

(0.22) (0.22) (0.00)

Female Sr. Manager Share 0.30 0.37 -0.07**

(0.21) (0.23) (0.00)

Average Firm Total Compensation (000’s) 195.80 161.97 33.83

(1785.55) (569.85) (0.22)

Average Firm Total Compensation for Senior Managers (000’s) 961.81 321.62 640.20

(26197.71) (442.71) (0.14)

Gender Gap in Firm Total Compensation (%) 0.15 0.10 0.06**

(0.41) (0.58) (0.00)

Gender Gap in Firm Total Compensation for Senior Managers (%) 0.09 0.03 0.07**

(1.20) (0.71) (0.00)

P&L Responsibilities 0.65 0.65 -0.00

(0.48) (0.48) (1.00)

Observations 18333 6376 24709

Notes: We report the summary statistics by gender for the sample of senior managers. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the individual

level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A52: Gender Differences in Manager Characteristics (Senior Man-
agers Only – Survey Sample)

Males Females Difference

Total Compensation 357466.80 279613.67 77853.12**

(128130.32) (128939.32) (0.00)

Weekly Hours 56.99 54.02 2.98**

(12.15) (15.43) (0.00)

Total Reports 164.42 35.65 128.77**

(770.14) (85.43) (0.00)

Firm Size 18477.98 21300.13 -2822.14*

(20510.81) (19482.12) (0.03)

P & L Responsibilties 0.53 0.29 0.25**

(0.50) (0.45) (0.00)

Ambition to be CEO in 5 Years 0.45 0.12 0.34**

(0.50) (0.32) (0.00)

Asked for Raise 0.43 0.44 -0.01

(0.49) (0.50) (0.68)

Asked for Raise Successfully 1.00 0.93 0.07**

(0.05) (0.26) (0.00)

Asked for Promotion 0.39 0.40 -0.01

(0.49) (0.49) (0.77)

Asked for Promotion Successfully 0.93 0.99 -0.06**

(0.26) (0.09) (0.01)

Observations 888 312 1200

Notes: We report the summary statistics by gender for the sample of senior managers using survey data.

Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at

the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01.

102



Table A53: Effect of Female Peers on Number
of Years in Senior Management Positions

(1)
Total Number

of Years as
Senior Manager

Positions

Female share × Female 10.84***

(2.880)

Female Mean 4.968

Male Mean 7.040

R2 0.306

N 52094

Class x Year x Female FE Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A54: Effect of Female Peers on Years to First Senior Man-
agement Position

(1) (2)
Years to First

Senior Manager
Position

Total Positions as
Senior Manager

Female share × Female -8.375*** 1.362*

(2.871) (0.766)

Female Mean 4.940 1.126

Male Mean 4.359 1.562

R2 0.088 0.314

N 3313 5087

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Sample includes students of the graduating

classes 2000-2018, excluding 2009. Standard errors clustered at the section level. * p < 0.10, ** p < 0.05,

*** p < 0.01.
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Table A55: Effect of Female Peers on External vs In-
ternal Promotions

Senior Manager

(1) (2)
External

Promotion
Internal

Promotion

Female share × Female 0.591*** 0.303**

(0.153) (0.152)

Female Mean 0.269 0.132

Male Mean 0.343 0.197

R2 0.212 0.037

N 50506 50506

Class x Year x Female FE Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since

graduation. Refer to Table 3 for the full set of control variables. Data at the individual level. Outcomes

defined as ever entering in each of the listed industries in the first 15 years post graduation. Sample includes

students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at the section level.

* p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A56: Effect of Female Peers on Senior Manager in Female-Friendly Firms: Alternative Measures

Female-Friendly Firm (FGB) Firm with Paid Maternity Leave Firm with % Female Board Members

(1) (2) (3) (4) (5) (6)

Above Median Below Median Above Median Below Median Above Median Below Median

Female share × Female 0.487* 0.417 0.807** 0.428*** 0.668** 0.154

(0.248) (0.448) (0.316) (0.162) (0.329) (0.173)

Female Mean 0.084 0.152 0.245 0.062 0.263 0.070

Male Mean 0.128 0.223 0.341 0.095 0.346 0.145

R2 0.092 0.189 0.177 0.068 0.143 0.085

N 18050 18050 19279 19279 16525 16525

Class x Year x Female FE Yes Yes Yes Yes Yes Yes

Firm with Gender Pay Gap Firm with Gender Pay Gap for Sr. Managers

(1) (2) (3) (4)

Above Median Below Median Above Median Below Median

Female share × Female 0.700* 0.0845 0.551* 0.236

(0.420) (0.305) (0.309) (0.450)

Female Mean 0.140 0.098 0.106 0.132

Male Mean 0.253 0.138 0.212 0.178

R2 0.223 0.129 0.200 0.173

N 28457 28457 23133 23133

Class x Year x Female FE Yes Yes Yes Yes

Notes: We present the coefficients for women from estimating equation (1) pooling together all years since graduation. Refer to Table 3 for

the full set of control variables. Sample includes students of the graduating classes 2000-2018, excluding 2009. Standard errors clustered at

the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A57: Gender Differences in Total Compensation (Imputed)

(1) (2) (3) (4) (5) (6) (7)

Female -89.76*** -90.23*** -88.78*** -87.85*** -89.18*** -70.64*** -57.23***

(12.08) (12.63) (12.75) (12.65) (12.55) (10.53) (8.907)

Class x Year FE Yes Yes Yes Yes Yes Yes Yes

Pre-MBA Characteristics Yes Yes Yes Yes Yes Yes

Pre-MBA Industry FE Yes Yes Yes Yes Yes

Cummulative Months of Career Break Yes Yes Yes Yes

Post-MBA Characteristics Yes Yes Yes

Post-MBA Industry FE Yes Yes

Current Broad Managerial Category Yes

Mean 234.3 234.3 234.3 234.3 234.3 234.3 234.3

Mean (Male) 268.3 268.3 268.3 268.3 268.3 268.3 268.3

R2 0.0414 0.0441 0.0470 0.0476 0.0643 0.117 0.183

N 16769 16769 16769 16769 16769 16769 16769

We present coefficient estimates from regressing total annual compensation on a female dummy and the same

variables as in Table A47. Sample of all individual-year observations for students of the graduating classes

2011-2018. Observations are restricted to the first fifteen years since graduation. Standard errors clustered

at the section level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A58: Gender Gap in Compensation: Pooled Sample (Survey Data)

(1) (2) (3) (4) (5) (6) (7)

Female -0.220*** -0.218*** -0.199** -0.126 -0.127 -0.118 -0.118

(0.0815) (0.0802) (0.0804) (0.0765) (0.0920) (0.0912) (0.0912)

Weekly Hours 0.00636** 0.00618* 0.00582* 0.00582* 0.00515 0.00515

(0.00322) (0.00324) (0.00325) (0.00324) (0.00326) (0.00326)

Children 0.0386 0.0719** 0.0718** 0.0636* 0.0636*

(0.0330) (0.0339) (0.0346) (0.0353) (0.0353)

Pre-School Child Care Responsibilities (%) -0.00659** -0.00660** -0.00669** -0.00669**

(0.00254) (0.00270) (0.00268) (0.00268)

Employment Gap after First Child (Weeks) 0.0000783 0.00138 0.00138

(0.00671) (0.00668) (0.00668)

Ambition to be CEO in 5 Years 0.138* 0.138*

(0.0760) (0.0760)

Class x Year FE Yes Yes Yes Yes Yes Yes Yes

Experience and Industry Controls No No No No No No Yes

Mean 12.38 12.38 12.38 12.38 12.38 12.38 12.38

R2 0.112 0.125 0.129 0.151 0.151 0.159 0.159

N 2913 2913 2913 2913 2913 2913 2913

Notes: We present coefficient estimates from regressing total annual compensation on a female dummy,

the same variables as in Table A47, as well as additional controls from the survey data including weekly

hours worked, number of children, pre-school child care responsibilities, employment gap after childbirth,

and ambition to become CEO in 5 years. Sample includes students of the graduating classes 2000-2018,

excluding 2009. Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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