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1. Introduction

Despite substantial convergence in educational attainment and labor force participation over the
past half century, persistent gender gaps in corporate leadership representation remain a defining
feature of the executive labor market, with the determinants of that gap least well understood at
the highest levels of the corporate hierarchy (Bertrand, 2020; Goldin, 2014). The importance of
effective leadership for organizational performance and economic growth is well established, with
individual leader characteristics shown to influence firm outcomes and national economic
trajectories (Bertrand and Schoar, 2003; Hambrick and Mason, 1984; Jones and Olken, 2005). Yet
the empirical literature on what determines who reaches the top of the corporate hierarchy, and
whether those determinants operate symmetrically across genders, remains limited. Existing
studies on CEO selection rely primarily on small samples, interview-based assessments, or
analyses of specific traits, and are conducted from a gender-neutral perspective (Kaplan et al.,
2012; Kaplan and Sorensen, 2021; Adams et al., 2018b). With female executives holding
approximately 11% of Fortune 500 CEO positions (Lake, 2026), understanding whether the
determinants of CEO selection differ by gender is a first-order empirical question for corporate
governance research.

We address this question by assembling a comprehensive dataset drawn from BoardEXx,
comprising over 100 distinct executive characteristics spanning 2000 to 2018, and applying
machine-learning methods to identify the observable characteristics that predict first-time CEO
appointment among publicly listed U.S. firms, separately for male and female candidates. Our
dataset includes 342 first-time female and 4,457 first-time male CEOs, with a control group of
over 200,000 female and over 2 million male executives who were not appointed to CEO positions
during the sample period. We focus on first-time CEO appointments because prior CEO
experience, once acquired, becomes a defining and confounding factor in all subsequent hiring
decisions (Fee et al., 2018), with repeat CEO appointees facing systematically different labor
market conditions driven by accumulated firm-specific capital rather than the pre-appointment
characteristics that are the focus of our analysis. Our sample is restricted to public companies,
which exhibit greater homogeneity in size, regulatory requirements, and governance than private
firms. The closest study to ours examines a near-exhaustive sample of male executives using

Swedish military data, finding that future CEOs score considerably higher on cognitive ability,
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noncognitive ability, and height relative to the general male population (Adams et al., 2018b). We
extend this line of research to the extensive U.S. executive sample, include a comprehensive set of
career and network characteristics rather than early-life traits, and apply the analysis separately by
gender to capture differences in the selection process that population-level studies cannot easily
identify.

Machine-learning methods are particularly well suited to this research design for three
reasons. First, they accommodate the high dimensionality of our setting, allowing us to consider
over 100 potential predictors while controlling for overfitting and multicollinearity. Second, cross-
validation ensures that our predictive models have genuine out-of-sample performance, addressing
concerns about spurious fit. Third, we apply explainable Al techniques to extract interpretable
findings from models that would otherwise function as black boxes (Dwivedi et al., 2023; Klein
and Walther, 2024), building on the growing application of machine learning methods in
economics and finance (Athey and Imbens, 2017; Mullainathan and Spiess, 2017; Gu et al., 2020;
Erel et al., 2021).

We organize executive characteristics into eight broad groups: social network, professional
experience, board experience, upper management experience, education, awards, affiliations, and
other experience. The three most important groups across our models are social networks, upper
management experience, and board experience, consistent with prior evidence on CEO
characteristics and director appointments (Custodio et al., 2013; Frydman, 2019; Cziraki and
Jenter, 2021; Adams et al., 2018a; Cai et al., 2022). Our contribution lies in showing that the
relative importance of these categories differs materially by candidate gender. Social network
factors are the dominant predictor for female CEO candidates, while professional experience
factors dominate for male candidates. Applying a gender-neutral selection model, defined as one
that applies a common set of predictors across both candidate pools, leaves male CEO selections
unchanged while increasing female CEO selections by more than 61%, a result that directly
quantifies the extent to which asymmetric selection criteria rather than qualification differences
account for observed representation gaps.

Our study contributes to existing literature in two primary ways. First, we contribute to the
literature on CEO selection and gender differences in executive career advancement. We respond
to the explicit call for research on leadership determinants in corporate finance (Garretsen et al.,
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male and female executives face systematically different evaluation criteria in labor markets (Field
et al., 2020; Xu, 2024; He and Whited, 2023; Cziraki and Robertson, 2021; Niessen-Ruenzi and
Zimmerer, 2022; Benson et al., 2026). Most directly related to our work, Xu (2024) documents a
16% gender promotion gap among executives, attributing it partly to occupational clustering in
business support rather than profit-and-loss roles. We complement this evidence by focusing
specifically on the final step of the executive pipeline and identifying which observable
characteristics drive selection outcomes differentially by gender, extending the literature on gender
differences in corporate leadership and governance (Xu, 2024; Eckbo and @degaard, 2025).
Second, we contribute to the literature on machine-learning applications in corporate
finance. Building on the approach introduced by Erel et al. (2021) for board selection, we apply
interpretable machine-learning techniques to a high-dimensional dataset of executive
characteristics to identify the predictors of CEO selection by gender. We further employ a
conditional average treatment effect (CATE) model that estimates the probability of CEO selection
conditioning on gender as the treatment variable, enabling direct counterfactual analysis of how
many additional female executives would be selected under a gender-neutral selection rule. To
extract interpretable findings from otherwise opaque models, we employ explainable Al
techniques (Dwivedi et al., 2023; Klein and Walther, 2024), providing a replicable methodological
approach for identifying asymmetries in selection criteria that high-dimensional settings present
and that conventional econometric approaches conditioning on a small number of pre-specified

variables are not equipped to address.

2. Background and related literature

2.1. Leadership outcomes, CEO gender, and corporate governance

Corporate governance research has long established that the identity and characteristics of senior
executives have direct implications for firm behavior and value. Upper echelons theory (Hambrick
and Mason, 1984) holds that strategic choices and organizational outcomes reflect the values,
cognitive frameworks, and experiences of the executives who make them. This perspective implies
that the composition of leadership — including the gender of those who lead — is a governance
question with direct economic consequences. Bertrand and Schoar (2003) demonstrate that
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organizational decisions across firms, confirming that leadership identity shapes outcomes in
economically meaningful ways. At the macroeconomic level, Jones and Olken (2005) show that
individual leaders causally affect national economic growth trajectories. These findings
collectively establish that the process through which leaders are selected is a first-order governance
question with direct implications for firm performance and resource allocation.

The governance stakes of executive selection are compounded by evidence that CEO
gender systematically influences a broad range of corporate financial policies. Faccio et al. (2016)
find that firms led by female CEOs exhibit lower leverage, less volatile earnings, reduced risk-
taking, and higher survival rates across a large cross-country sample, suggesting that CEO gender
shapes the firm’s risk profile in ways relevant to shareholders. Huang and Kisgen (2013) attribute
differences in acquisition activity and debt issuance between male and female executives partly to
gender-based overconfidence, raising questions about whether observed gender differences in risk-
taking reflect genuine governance differences or measurement artifacts of selection into
leadership. Levi et al. (2014) find that female CEOs offer lower acquisition bid premiums,
consistent with more disciplined capital allocation in the context of corporate transactions. Duchin
et al. (2021) provide complementary evidence that CEO early-life background shapes capital
allocation styles within firms, finding that male CEOs raised in households with greater gender
imbalance allocate capital differently across male and female division managers, with these
differences tracing to preferences formed during formative years rather than to observable
productivity differences between managers. On financial reporting, Francis et al. (2015) find that
female CFOs are associated with higher accounting conservatism and fewer financial statement
irregularities.

The influence of leadership gender extends beyond individual executive decisions to board-
level governance and organizational outcomes. Adams and Ferreira (2009) show that gender-
diverse boards engage in tougher CEO oversight, with especially strong effects in firms where
governance failures are most costly, while Adams and Funk (2012) find that female directors differ
from male directors not only in risk attitudes but also in values such as benevolence and
universalism relative to power and achievement, suggesting that the governance consequences of
leadership gender extend beyond financial risk-taking to broader organizational priorities. Matsa
and Miller (2013) exploit Norway’s board gender quota as a natural experiment and find

significant effects on workforce decisions, while Post et al. (2020) link leadership gender diversity



to higher R&D intensity. At the systemic level, Sahay et al. (2018) document that greater female
representation in financial sector leadership is associated with improved banking stability. Francis
et al. (2021) extend this evidence to the external governance environment, finding that activist
hedge funds are approximately 52% more likely to target firms with female CEOs than firms with
male CEOs, with the gender difference in targeting not explained by firm fundamentals or glass
cliff effects but instead related to the more collaborative and communicative leadership style of
female CEOs, who are more likely to engage constructively with activists to achieve intervention
goals, with female-led targets subsequently experiencing greater improvements in market and
operational performance.

Collectively, this evidence establishes that the gender of the CEO is a governance variable
with measurable financial consequences, shaping risk-taking, capital allocation, financial reporting
quality, and monitoring effectiveness. Understanding the determinants of executive selection, and
whether that process operates symmetrically across genders, therefore represents a first-order
empirical question with direct implications for firm value and capital allocation efficiency, one

that the existing literature has not directly addressed.

2.2. Gender differences in career advancement

A growing body of research documents the relationship between observable qualifications and
career advancement differs systematically by gender. The influence of observable gender signals
on selection outcomes has been documented across a range of settings. Goldin and Rouse (2000)
find that blind auditions, which conceal the identity of musicians from evaluators, significantly
increase the probability of female musicians advancing through orchestra hiring processes,
providing direct evidence that gender visibility shapes selection outcomes independently of
observable qualifications. Field et al. (2020) exploit the boardroom setting, where both appointed
and non-appointed candidates are observable, and find that female and minority directors are
significantly less likely to reach board leadership positions despite possessing stronger observable
qualifications than non-diverse peers. Crucially, credentials that increase non-diverse directors’
probability of appointment either do not help or actively reduce the probability for diverse
directors, implying that the selection process does not apply a consistent standard across candidate
groups. Lee and James (2007) show that this asymmetry extends to capital markets, finding that
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those to male appointments, with press coverage disproportionately emphasizing gender rather
than qualifications.

These asymmetries in selection and evaluation standards extend across the broader
executive hierarchy and manifest in promotion rates, compensation, and the career returns to social
connections among executives. Xu (2024) provides complementary evidence at a broader level of
the executive hierarchy, documenting a 16% gender promotion gap that persists after controlling
for education, employment background, rank, and firm characteristics, with the gap partly
attributable to occupational clustering in positions with less profit-and-loss responsibility. The
asymmetry in career outcomes extends beyond promotion rates to compensation: Francis et al.
(2023) document a persistent gender pay gap among CFOs that is not fully explained by observable
differences in qualifications or firm characteristics, consistent with differential evaluation
standards operating across the executive pipeline. Javakhadze and Shelton (2022) further show
that executive social connections are associated with smaller gender pay gaps, suggesting that
network position operates as an economically meaningful mechanism in the gender-differentiated
structure of executive career outcomes.

A related strand of research examines how the returns to equivalent observable
qualifications and career experiences differ systematically by gender, finding that the same
credentials and institutional backgrounds do not generate the same career advancement outcomes
for male and female executives. Cziraki and Robertson (2021) show that experience at a
prestigious S&P 500 firm generates substantially more subsequent career advancement for men
than for women with the same institutional background, with the magnitude ranging from 15 to 33
percent relative to sample averages and absent entirely for women. Niessen-Ruenzi and Zimmerer
(2022) find that equivalent observable skill signals generate roughly twice the career return for
women as for men among corporate directors, interpreting this asymmetry as consistent with
statistical discrimination in which evaluators require more observable evidence before extending
opportunities to female candidates. He and Whited (2023) take a structural approach and find that
supply-side constraints, specifically a shortage of sufficiently experienced female candidates, are
quantitatively more important than appointment-stage discrimination in explaining observed
representation gaps. Benson et al. (2026) identify a specific mechanism through which gender gaps

propagate: subjective assessments of employee potential, which show a systematic gender gap



despite women exhibiting higher performance ratings and stronger subsequent outcomes,
accounting for approximately half of the observed gender promotion gap.

Taken together, this literature establishes that equivalent observable qualifications do not
reliably produce equivalent career outcomes for male and female executives. The determinants of
CEO appointment, and whether those determinants are weighted differently by candidate gender,
therefore constitute an open empirical question with direct implications for understanding how the
market for executive talent allocates leadership roles and whether this allocation is consistent with

value maximization.

2.3. CEO Selection and Leadership Characteristics
The empirical literature on CEO selection has developed along two broad strands, neither of which
comprehensively addresses the gender-differentiated determinants of appointment. The first strand
relies on interview-based assessments and personality evaluations conducted by executive search
firms, identifying traits that distinguish selected CEOs from other candidates but drawing on small
samples and subjective information-gathering techniques that limit generalizability (Kaplan et al.,
2012; Kaplan and Sorensen, 2021). The second strand examines specific observable characteristics
in isolation, including the role of social network ties to existing board members and prior CEOs
(Wiersema et al., 2018; Cziraki and Jenter, 2021), early-life traits such as cognitive and
noncognitive ability and height (Adams et al., 2018b), and the formative influence of
macroeconomic shocks and natural disasters on subsequent leadership behavior (Bernile et al.,
2017; Malmendier et al., 2011). Complementing this empirical evidence, Goel and Thakor (2008)
develop a theoretical model demonstrating that the internal governance process of promoting
managers to CEO is itself subject to systematic bias, with overconfident managers having a higher
likelihood of being promoted to CEO than rational managers even under value-maximizing
governance, suggesting that the determinants of CEO selection do not straightforwardly reflect
meritocratic evaluation of candidate qualifications. While these studies identify individual
predictors of CEO appointment, they do not jointly evaluate a comprehensive set of candidate
characteristics, and they are conducted from a gender-neutral perspective that precludes analysis
of whether selection criteria differ by candidate gender.

The gender-neutral CEO selection literature has established several robust predictors of

appointment that provide the baseline against which gender-differentiated patterns could be



assessed. Social connections to existing board members and senior executives play a central role:
Cziraki and Jenter (2022) find that more than 80% of new CEOs at large U.S. public firms are
insiders, and that boards are familiar with more than 90% of new CEO appointees through direct
employment or network ties. Wang (2022) shows that CEO-board connections are associated with
improved post-succession performance, providing evidence that network-based selection can be
governance-enhancing. Fracassi and Tate (2012), however, find that network ties between the
incumbent CEO and directors are associated with weaker board monitoring and value-destroying
acquisitions, illustrating that network-based selection does not unambiguously serve shareholder
interests. On experience and human capital, Custodio et al. (2013) document a growing premium
for generalist managerial skills, defined as experience transferable across firms and industries,
relative to firm-specific human capital. Frydman (2019) traces the historical evolution of this
premium, documenting that the market for executives has progressively rewarded breadth of
experience over depth of firm-specific knowledge. At the board level, Adams et al. (2018a) show
that director skill sets cluster along a dimension of specialization versus breadth, and Cai et al.
(2022) document that 69% of new directors have prior professional connections to existing board
members, underscoring the central role of networks in leadership pipeline formation.

These findings on human capital and network formation sit within a broader theoretical
literature that treats the assignment of executives to firms as an equilibrium matching process in
which CEO talent is allocated to firms of commensurate size (Gabaix and Landier, 2008; Tervio,
2008; Murphy and Zabojnik, 2007; Eisfeldt and Kuhnen, 2013). In these frameworks, the relevant
comparison group for any given CEO candidate is not the full population of executives but rather
those whose skill levels are appropriate to the firm in question. Dezs6 and Ross (2012) provide
empirical support for the performance consequences of this match, finding that female
representation in top management improves firm performance only in firms pursuing innovation-
focused strategies, suggesting that the value generated by female leadership is contingent on the
alignment between candidate characteristics and firm strategic priorities. Abernethy et al. (2019)
extend this matching perspective by showing that firm strategy shapes the type of CEO selected,
with prospector firms facing greater uncertainty having stronger incentives to appoint CEOs with
high social capital, and that the value-adding effect of this match is conditional on the quality of
corporate governance. Cook and Glass (2014) provide direct evidence that this matching process

operates asymmetrically by gender, finding that female and racial minority executives are



disproportionately appointed to CEO positions at weakly performing firms relative to white male
candidates, suggesting that the firm-candidate match is shaped not only by candidate qualifications
but also by the demographic characteristics of the candidate pool from which boards select under
different firm conditions.

Beyond skill-based matching, empirical evidence documents significant frictions in the
CEO labor market that further segment the candidate pool. Consistent with a segmented rather
than a single national market for CEO talent, Yonker (2017) documents that firms hire CEOs
locally five times more often than would be expected under a frictionless matching process, with
the bias present even among the largest U.S. firms. Cziraki and Jenter (2022) confirm that firm-
specific human capital, asymmetric information, and other matching frictions have effects on CEO
assignment, with more than 80% of new CEOs drawn from within the hiring firm or its immediate
network. Quigley et al. (2019) further develop the matching framework by framing CEO selection
as risk-taking, finding that outsider CEOs generate more extreme performance outcomes than
insider CEOs due to greater human capital uncertainty and information asymmetry, suggesting
that boards’ strong preference for insider candidates reflects a deliberate choice to reduce
performance variance. Fee et al. (2013) provide further evidence that CEO human capital is
substantially firm-specific rather than portable, finding that managerial styles do not transfer across
employers and that policy changes are largest when firms can draw from a deeper replacement
candidate pool. Our analysis takes the individual executive as the unit of observation and asks
which observable characteristics predict CEO appointment across the comprehensive executive
sample, complementing firm-level assignment models by examining the supply-side determinants
of who enters the candidate pool in the first place.

The extent to which these selection mechanisms operate symmetrically across genders
remains an open empirical question that the existing literature has not addressed. This paper fills
that gap. Using machine-learning methods applied to a comprehensive dataset of observable
executive characteristics spanning social networks, professional experience, board involvement,
education, and a range of other attributes, we identify the predictors that distinguish first-time CEO
appointees from other executives in a large population of publicly listed U.S. firms, separately by
gender. We document that the profile of predictors differs materially by gender, with social
network factors carrying substantially greater predictive weight for female CEO appointments than

for male appointments, while professional experience factors dominate for male candidates, and
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we provide formal statistical evidence that these differences are not attributable to sampling
variation. Our findings contribute to the understanding of why female representation in CEO roles
remains limited, by showing that the characteristics predicting selection differ by gender in ways
that have direct implications for how boards structure succession processes and evaluate the

executive pipeline.

3. Machine-learning approach

Machine learning offers two advantages over traditional parametric econometric approaches that
are particularly relevant to this research design. First, machine-learning algorithms do not require
the specification of a functional form in advance, allowing for greater flexibility in capturing
complex, nonlinear relationships among predictors (Mullainathan and Spiess, 2017). Second, the
primary objective of machine-learning models is predictive accuracy on out-of-sample data,
achieved through cross-validation and regularization, which addresses concerns about overfitting
that arise in high-dimensional settings (Athey and Imbens, 2019). These properties make machine
learning well suited to settings where the number of potential predictors is large relative to the
sample size and where the functional relationship between predictors and outcomes is not known
in advance, both of which characterize our setting. More broadly, machine-learning methods have
been shown to enhance the understanding of complex human decision-making processes by
uncovering patterns in high-dimensional data that are not detectable through conventional
approaches (Kleinberg et al., 2018), a property directly relevant to the study of CEO appointment
decisions where boards evaluate candidates across a large number of observable and unobservable
dimensions.

Applications of machine-learning methods in finance have expanded substantially in recent
years. In asset pricing, Gu et al. (2020) and Bianchi et al. (2021) demonstrate large economic gains
from machine-learning forecasts of stock and bond returns relative to leading regression-based
benchmarks. In corporate finance and accounting, machine-learning methods have been applied to
board selection, bankruptcy prediction, and relative valuation (Erel et al., 2021; Jones, 2017;
Geertsema and Lu, 2023). Textual analysis using machine-learning methods has been applied to
annual and quarterly filings, earnings conference calls, IPO prospectuses, and media review data

to extract measures of risk disclosure, managerial tone, and corporate culture (Loughran and
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McDonald, 2016; Chen et al., 2014; Li et al., 2021; Li et al., 2026). Our application extends this
literature to the study of executive career outcomes, using a classification framework to identify
the observable characteristics that predict CEO appointment.

Our research design employs supervised classification algorithms, as the dependent
variable is binary and clearly defined: executives appointed as first-time CEOs versus those who
are not. With over 100 potential predictors spanning education, professional experience, board
involvement, social networks, awards, and affiliations, traditional econometric approaches are not
well suited to variable selection at this scale and suffer from the curse of dimensionality (James et
al., 2013). Several prior studies apply classification algorithms to selection problems in corporate
governance and economics. Erel et al. (2021) study director selection using lasso, ridge regression,
neural networks, and gradient boosting trees, providing the most direct methodological precedent
for our approach. Gu et al. (2019) apply lasso, bagging, random forest, and gradient boosting to
the selection of provincial governors in China, demonstrating the applicability of these methods to
high-dimensional appointment settings beyond the corporate context. Jones (2017) employs a
gradient boosting model to predict corporate bankruptcy filings using a large set of potential
explanatory variables. Building on these applications, we employ a comprehensive set of
classification algorithms organized into three groups: models based on linear combinations of
predictors with penalization methods, nonlinear classification models, and tree-based
classification models (Kuhn and Johnson, 2013). This breadth of model families allows us to assess
the robustness of our findings across different modeling assumptions and to identify the best-
performing specifications.

Machine-learning algorithms offer three advantages over traditional econometric
techniques that are particularly relevant to this research design. First, machine-learning algorithms
accommodate high dimensionality, allowing us to evaluate over 100 potential predictors
simultaneously while identifying the most important factors without imposing a pre-specified
functional form (Mullainathan and Spiess, 2017; Gu et al., 2020). This is particularly valuable in
our setting, where the relevant predictors of CEO selection are not known in advance and may
interact in complex, nonlinear ways. Second, we train all models using cross-validation, ensuring
that the final specifications have genuine predictive power on out-of-sample data and addressing
concerns about overfitting that arise when the number of predictors is large relative to the number

of observations (Athey and Imbens, 2019; Mullainathan and Spiess, 2017).

12



Third, we apply explainable Al (XAI) techniques to extract interpretable findings from
models that would otherwise function as black boxes. The application of XAl techniques to finance
has been advocated as a means of promoting transparency and interpretability in complex
predictive models (Klein and Walther, 2024; Dwivedi et al., 2023). Specifically, we employ
SHapley Additive exPlanations (SHAP), a game-theoretic approach that decomposes each model’s
predictions into individual feature contributions (Lundberg and Lee, 2017), identifying not only
which characteristics predict CEO appointment but also the direction and magnitude of each
predictor’s contribution separately for male and female candidates. SHAP values are consistent
across model types, enabling direct comparison of predictor importance across the different model
families we employ. We further employ a conditional average treatment effect (CATE) framework
that conditions on gender as the treatment variable (Kiinzel et al., 2019), enabling counterfactual
analysis of how selection outcomes would change under a gender-neutral selection rule. This
framework extends the machine-learning classification approach toward causal inference,
complementing the descriptive evidence from our variable importance analysis with a formal
quantification of gender-differentiated selection criteria.

Taken together, these methodological features allow us to provide a comprehensive, data-
driven analysis of the determinants of CEO selection that accounts for the full dimensionality of
executive characteristics, ensures out-of-sample validity, delivers interpretable findings at the level
of individual predictors, and sheds light on the extent to which observed gender differences in
CEO representation may reflect asymmetric selection criteria beyond differences in the underlying

distribution of qualifications.

4. Data and sample description

4.1. Sample selection

The sample is organized at the individual-year level and comprises all female and male executives
who held at least one executive position or served on at least one board at a U.S. firm between
2001 and 2018, as recorded in the BoardEx database. Executives with prior public firm CEO
experience are excluded, as the analysis focuses exclusively on first-time CEO appointments at
publicly traded companies. Approximately 18% of new CEO appointments in the sample involve

candidates with prior CEO experience at another publicly traded firm, consistent with evidence on
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the prevalence of insider and repeat appointments in the CEO labor market (Cziraki and Jenter,
2021; Fee et al., 2018). The analysis of repeat CEO appointments is left to future work. We note
that executives with prior CEO experience at a large private firm may be classified as first-time
public firm CEOs in our data, which represents a limitation of the BoardEx coverage.

The final female executive sample comprises 273,091 individual-year observations,
including 342 female executives who became first-time CEOs at publicly traded firms and a
control group of 272,749 female executives who were never appointed as CEOs at U.S. publicly
traded firms during the sample period. The final male executive sample comprises 2,016,377
individual-year observations, including 4,457 first-time male CEOs and a control group of
2,011,920 male executives who were never appointed as CEOs at U.S. publicly traded firms during
the sample period.

BoardEx coverage begins in 1999 in the Organization Summary dataset. Employment,
education, achievements, and other activities files contain biographical and career history
information dating back to the earliest available records for individuals included in BoardEx since
1999. While salary, board positions, and other contemporaneous characteristics are observable
from the Organization Summary file beginning in 1999, employment history, educational
credentials, affiliations, achievements, and other activity records are available retrospectively for
all individuals in the sample. We construct a panel of active executives, defined as individuals who
held executive positions and served on boards during the 2001 to 2018 sample period, using
employment data as the primary source. The 2018 data are based on information available at the
time of data collection and are therefore incomplete for that year.

The sample is further limited to observations for which combined network measures can
be calculated. Among the network measure categories available in BoardEx, based on education,
employment, other experiences, and combined networks, we retain the combined network
measures as they exhibit the fewest missing values. The number of CEO appointments by year and
the total number of active executives by year are presented in Figure 1. The female sample exhibits
a generally positive trend over the period, with both the number of female CEOs and the total
number of female executives approximately doubling from 2001 to 2018. The male sample
exhibits a different pattern: the number of first-time male CEO appointments declines
approximately threefold over the period, from around 300 per year at the beginning to

approximately 100 per year at the end, which may partly reflect higher rates of repeat CEO
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appointments among male executives (Fee et al., 2018). The total male executive pool increases
modestly through 2012 and remains relatively flat thereafter.
[Figure 1 about here]

The geographic distribution of first-time CEO appointments is presented in Figure 2.
California accounts for the largest number of first-time CEO appointments for both genders, with
665 male and 58 female appointments during the sample period. Texas ranks second for male CEO
appointments with 492, while New Y ork ranks second for female CEO appointments with 34. New
Y ork ranks third for male appointments with 362, while Texas ranks third for female appointments
with 28. Other states with relatively high appointment counts include Florida, Illinois, and
Pennsylvania.

[Figure 2 about here]

The distribution of first-time CEO appointments by industry sector is presented in Figure
3. Several industries exhibit a disproportionately high share of female first-time CEO appointments
relative to the overall sample. Publishing has the highest female share at over 30%, followed by
General Retailers at over 20%. Industries where female appointments exceed 10% of the total
include Pharmaceuticals and Biotechnology, Business Services, Clothing and Personal Products,
Household Products, and Electricity. The largest industries by total first-time male CEO
appointments are Banking, Software and Computer Services, Pharmaceuticals and Biotechnology,
Health, and Oil and Gas, each with over 200 appointments during the sample period.

[Figure 3 about here]

4.2. Variables

The dependent variable, First-time CEQ, is an indicator equal to one in the first year of an
executive’s appointment as a first-time CEO at a publicly traded firm in the United States and zero
otherwise. The control group comprises U.S. executives recorded in BoardEx who have never
served as CEO of a publicly traded U.S. firm.

We construct 131 predictor variables across six broad categories: affiliations, awards,
board experience, education, professional experience, and social network. The machine-learning
framework accommodates the construction of composite feature groups by combining individual

variables without encountering multicollinearity, as described in Section 3. All predictor variables
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are measured prior to the CEO appointment year to ensure the analysis is free of look-ahead bias.
Definitions of all variables are provided in Table Al.

Affiliations. Based on the Other Activities dataset, we identify individuals’ affiliations
across academic, art, business, female, foreign, health, humanities, international, law, science, and
sports.

Awards. We construct a general award indicator equal to one if an individual has received
any award, and separate indicators for specific award types recorded in the Other Activities dataset,
including academic, business, city, government, humanitarian, law, leadership, media, military,
royal, science, sports, women’s, and other awards.

Board Experience. Board experience variables are constructed from the Board and Director
Committees file and include general committee experience and specific experience as chair or
member of audit, compensation, governance, nomination, and other committees.

Education. Education variables identify whether an individual holds a graduate degree, an
honorary degree, or an Ivy League degree, whether the individual attended a women’s college, and
whether they hold a CPA, JD, MBA, MD, or Ph.D.

Professional Experience. Professional experience variables capture employment across
industries and firm types, as well as functional experience in management, finance, marketing,
law, the military, politics, academia, and other fields.

Social Network. Social network measures are widely used in the study of corporate
behavior and originate in graph theory. Network centrality captures an individual’s position within
a social network, with higher centrality indicating more extensive connections and greater status
within the network hierarchy (Freeman, 1978; Burt, 1982). Social connectedness has been shown
to play a central role in board director appointments, increasing the likelihood of appointment for
candidates connected to the CEO or existing board members of the hiring firm (Fracassi and Tate,
2012; Cai et al., 2022; Giannetti and Wang, 2023). While our research design does not examine
connections between candidates and the current board of a specific hiring firm, we proxy
individual social network centrality using four measures: degree, closeness, betweenness, and
eigenvector centrality, calculated following El-Khatib et al. (2015) and Fracassi (2017).

Degree counts the total number of direct ties an individual has:

D; = z Xij (D
j#i

16



where D; is the degree level for individual i.x;; is 1 for the presence of a social connection between
i and j. Degree is normalized by the maximum possible number of connections in an N-actor
network each year (Fracassi, 2017).

Betweenness captures the extent to which an individual node lies between other nodes and
facilitates pass-through communication within the network. This measure is the most effective in
capturing an individual’s absolute position within the network.

gij(k)/gij
B =z 2
k i<jzken (M — 1)2(Tl —2) @)

where By, is the betweenness of individual &, g;; denote the total number of shortest paths between
individual i and j; g;jx) equals 1 if the shortest paths between i and j also pass-through £.

Betweenness is normalized by the number of pairs in each year in the sample, which is calculated
as (n — 1)(n — 2)/2 (El-Khatib et al., 2015).

Closeness is the inverse of the sum of the shortest distances between an individual node
and every other node in the network, capturing the degree to which an individual is near all other
individuals in the network, capturing proximity to the full network and the capacity for efficient
information dissemination:

. on—1 n
P Yisjen dij *N

where C; is the closeness for individual i; d;; denotes the shortest distance between individual

(3)

and j, n is the size of the component i belongs to, and N is the size of the yearly network.

Eigenvector measures the relative importance of a node in the network by accounting for
the connectedness of an individual’s connections, such that ties to highly connected individuals
contribute more to eigenvector centrality than ties to peripheral nodes. This means that if an
individual is connected to others in the network who are well-connected, they have greater
influence within their network. E; is solved by satisfying:

AE'E = E' AE (4)
where E is an individual’s eigenvector. A represents the n X n matrix where » members are
connected. A is its associated eigenvalue. E; is taken as the elements of the eigenvector E*
associated with A’ principal eigenvalue, 1*. Wasserman and Faust (1994) provide an extensive

explanation of methods and applications of centrality measures.
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In addition to raw measures of network centrality described above, which facilitate
comparison with prior literature, we construct percentile rank versions of each measure for use in
the machine-learning models. Each individual is ranked within the annual distribution of all
executives with available network measures, where a rank of 1 denotes the lowest centrality and
100 denotes the highest, following El-Khatib et al. (2015).

Although network centrality can be calculated separately based on education, employment,
and other activities, we use combined network measures throughout as they are the most
comprehensive and exhibit the fewest missing values. Following Fracassi (2017), social ties are
aggregated across all individuals based on employment, education, and other activities, such that
a tie is counted if two individuals share a connection on at least one of the three dimensions. Where
a tie exists on all three dimensions, it is assigned a value of one rather than three, as the combined
measure identifies the presence of a connection rather than the number of dimensions on which it
is established. Therefore, the combined measure allows for the least number of missing values
compared to the network measures based on the individual dimensions of education, employment,
or other activities.

We additionally construct a network heterogeneity measure, Female Network, defined as
the proportion of female connections in an individual’s network, following Fang et al. (2018),
which captures gender network diversity. We also include the total unscaled number of
connections, Total Executive Network, which, along with the Female Network, facilitates direct
comparison of network scale across male and female executives. The six social network measures
together capture distinct dimensions of an individual’s strategic position within the executive
network.

Other. This category includes foreign nationality, mentor, volunteer, and author indicators,
as well as indicators for advisory, founder, treasurer, or trustee roles in organizations other than
publicly listed or private companies.

Upper Management Experience. Upper management experience variables include general
upper management experience and indicators for specific roles including CFO, COO, CTO,
executive vice president, and president. Additionally, we account for heterogeneity in upper

management experience across industries.
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4.3. Descriptive statistics

Table 1 presents descriptive statistics for all variables with two-sample t-tests for the difference in
means between CEO and non-CEO subsamples. Panel A reports results for the female sample.
Female CEOs exhibit statistically significant differences from non-CEO female executives across
multiple categories. In terms of professional experience, female CEOs have more diverse
employment across functional types and industries, and are more likely to have CFO, COO, and
executive VP experience at publicly traded firms, as well as management and marketing
experience. Female CEOs are less likely to have government, academic, or charity sector
experience. In terms of board experience, female CEOs serve on more boards, are more likely to
have insider board experience, are more likely to chair boards of publicly traded companies, and
have more committee experience overall, with statistically significant differences in governance,
nomination, and audit committee participation. Across all social network measures, female CEOs
score significantly higher than non-CEO female executives, including betweenness, closeness,
degree, eigenvector centrality, and the proportion of female network connections. Approximately
17% of the network of female CEO appointees comprises other women, compared to 11% for
female executives who do not become CEOs, consistent with evidence that gender network
composition carries independent relevance for executive career outcomes (Fang et al., 2018;
Javakhadze and Shelton, 2022). Among education variables, female CEOs are more likely to hold
bachelor’s and MBA degrees and less likely to hold JDs or law-related affiliations and awards.
Female CEOs are also more likely to have received business, media, and women’s organization
awards.

Panel B reports results for the male sample. Male CEOs exhibit broadly similar patterns.
They are more likely to have diverse industry experience, greater upper management experience
including CFO, COO, executive VP roles, and management and marketing experience, while being
less likely to have CTO or technology experience, academic affiliations, or government,
international, or charity employment experience. Male CEOs are more likely to have board and
committee experience across all types, including compensation, nomination, and governance
committees and committee chair roles, and are more likely to have board experience at publicly
traded companies, consistent with evidence that insider status and network-based connections are
central to CEO appointment (Cziraki and Jenter, 2021; Cai et al., 2022). Among social network

measures, male CEOs score higher on betweenness, closeness, degree, and eigenvector centrality
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than non-CEO male executives, though their total number of executive network connections tends
to be smaller, suggesting that centrality rather than raw network size is the relevant dimension of
network position for male CEO selection. Male CEOs are more likely to hold bachelor’s and
honorary degrees but less likely to hold graduate degrees other than an MBA. Male CEOs are less
likely to hold a JD or to have law-related affiliations and awards, less likely to be authors or to
have received science awards, and less likely to have a foreign nationality, foreign affiliation, or
foreign public firm CEO experience than other male executives. Male CEOs are more likely to
have received business awards.
[Table 1 about here]

Table 2 presents t-tests for the difference in means between female and male CEOs directly.
Female CEOs exhibit lower heterogeneity of employment, industry, and international experience,
are less likely to have military experience, and are more likely to have marketing experience than
male CEOs. Female CEOs have somewhat less upper management experience overall and are less
likely to have prior CEO experience at a U.S. private firm. Female CEOs average 6.5 years of
board experience compared to 9.5 years for male CEOs, have less insider and outsider board
experience, and are less likely to chair the board, though they are more likely to have board and
trustee experience in non-profit and other organizational contexts and to serve on governance,
compensation, and audit committees, consistent with evidence that female directors tend to be
concentrated in monitoring roles (Adams and Ferreira, 2009). Among social network measures,
female CEOs score higher than male CEOs on betweenness, closeness, degree, and eigenvector
centrality, and have a larger proportion of female network connections, with 17% of their network
comprising other women compared to 11% for male CEOs. Female CEOs have more academic
and humanities affiliations and awards, more experience in advisory roles for non-public
organizations, and more academic degrees overall including a higher rate of PhD attainment.
Female CEOs are more likely to have received awards across business, leadership, science, media,
and women’s organization categories, consistent with the univariate pattern documented in Section
7.1.

[Table 2 about here]
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5. Methodology

5.1. Overview and model descriptions

We employ machine-learning classification algorithms to identify the observable characteristics
that predict first-time CEO appointment among a large population of executives, separately for
male and female candidates. Unlike traditional logistic regression, machine-learning models
accommodate a large number of predictors simultaneously and address overfitting through cross-
validation (Athey and Imbens, 2019; Mullainathan and Spiess, 2017). The models fall into three
groups: linear classification models including logistic regression, lasso, and GLM net; a nonlinear
classification model, K-nearest neighbors; and tree-based models including decision trees, bagged
decision trees, random forest, gradient boosting, and XGBoost trees (Kuhn and Johnson, 2013).

Logistic Regression. Logistic regression is a standard parsimonious classification method
that produces interpretable coefficient estimates. It serves as a benchmark against which the
performance of more flexible machine-learning models is evaluated. In settings with over 100
predictors, logistic regression is susceptible to high dimensionality, which motivates the penalized
and ensemble alternatives described below (James et al., 2013).

Lasso. Lasso regression addresses high dimensionality through penalization, assigning
zero coefficients to variables with low explanatory power and thereby performing automatic
variable selection (Tibshirani, 1996; James et al., 2013). The lasso is specified with a penalization
parameter alpha equal to one.

GLM Net. GLM Net, also known as the elastic net, is a more flexible version of the
generalized linear model (GLM). The elastic net, implemented as GLM net, is a generalization of
the penalized linear model that combines lasso and ridge regression through a mixing parameter
alpha ranging from zero for pure ridge to one for pure lasso. The tuning parameter alpha is
optimized to maximize the area under the receiver operating characteristic curve. The final model
specification uses alpha equal to one and lambda equal to 0.005, indicating that the optimal
solution is closer to lasso than to ridge regression.

Boosted GLM. The boosted GLM fits a generalized linear model using a component-wise
boosting algorithm, which iteratively combines multiple simple linear models into a single

composite predictor to improve out-of-sample accuracy (Biihlmann and Yu, 2003). Boosting

21



improves predictive performance by sequentially reweighting observations to emphasize cases that
prior iterations misclassify.

KNN. K-nearest neighbors (KNN) is a nonparametric algorithm that classifies observations
based on the labels of the most similar observations in the feature space. Model tuning uses ten-
fold cross-validation with ten candidate values for the number of nearest neighbors, ranging from
five to 23 in increments of two. The final optimized specification uses k equal to 23.

Decision Tree. The decision tree is the most parsimonious tree-based model and provides
an interpretable visualization of the classification rule. Because the decision tree uses a greedy
splitting algorithm that does not revisit earlier splits, it is susceptible to suboptimal solutions and
exhibits relatively weaker predictive performance than ensemble methods, which mitigate this
limitation by combining multiple trees.

Bagged Decision Trees. Bootstrap aggregation, or bagging, generates multiple training
datasets by resampling with replacement from the original training data and combines predictions
across datasets into a single ensemble prediction. Bagging applied to decision trees reduces
variance relative to a single tree and improves out-of-sample performance (James et al., 2013).

Random Forest. The random forest extends bagged decision trees by introducing random
feature selection at each split, further diversifying the ensemble and reducing the correlation
among individual trees. We employ a weighted-subspace random forest algorithm that optimizes
information gains within data subsets using a weighting scheme (Zhao et al., 2017). The final
model selects two variables at each split for random feature selection, as determined by cross-
validation tuning on the training data.

Gradient Boosting. Gradient boosting constructs an ensemble of decision trees
sequentially, with each tree fitted to the residuals of the preceding ensemble. Unlike random forest,
which averages predictions across independently grown trees, gradient boosting uses a linear
combination of trees fitted in sequence, with each tree correcting the errors of the prior model.

XGBoost. Extreme Extreme Gradient Boosting (XGBoost) extends the gradient boosting
framework through a scalable and regularized tree boosting system that combines multiple weak
decision trees into a strong predictor (Chen and Guestrin, 2016). XGBoost incorporates
regularization terms that control model complexity and further reduce the risk of overfitting

relative to standard gradient boosting.
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5.2. Data split and preprocessing

The sample is divided into training and test sets using a rolling window approach, with an
approximate 75/25 split. An initial six-year window constitutes the training set, followed by a
three-year out-of-bag validation window, with the window rolled forward throughout the 2001 to
2015 period. Data from 2016 to 2018 are withheld entirely from training and validation and
reserved as the holdout test set for out-of-sample predictions. This partition results in eight training
and validation windows.

While random splitting is common in machine-learning applications, time-based splitting
is more appropriate for settings where temporal ordering is economically relevant (Kuhn and
Johnson, 2013). We follow the approach used in finance applications of machine learning, which
splits training and test samples along the time dimension to ensure that models are trained on
historical data and evaluated on more recent observations (Gu et al., 2020; Erel et al., 2021). The
time-based split produces a training set of 207,347 observations including 263 first-time female
CEOs, and a holdout test set of 65,665 observations including 79 first-time female CEOs.

The dependent variable is highly imbalanced, with 342 CEO appointments among 273,091
female executive observations. To address this imbalance and enhance predictive performance
during model training, we apply the Synthetic Minority Oversampling Technique (SMOTE),
which has become a standard approach for learning from imbalanced data in machine-learning
applications (Fernandez et al., 2018). SMOTE addresses class imbalance by combining
oversampling of the minority class through the generation of synthetic examples with
undersampling of the majority class (Chawla et al., 2002). To minimize data leakage and ensure
unbiased out-of-sample evaluation, SMOTE is applied exclusively within the training folds during
cross-validation and is not applied to the validation folds or the holdout test sample. Final model
predictions on the test dataset are generated without SMOTE adjustment.

Within each of the eight training windows, model tuning employs ten candidate
specifications of the tuning parameter, using built-in tuning grids unless a custom grid is specified
for a particular model. For non-tree-based models, all predictor variables are standardized during
preprocessing by centering, subtracting the variable mean, and scaling, dividing by the standard
deviation, such that each variable has a mean of zero and a standard deviation of one in the training
data. Preprocessing is applied separately within each training window to minimize data leakage.

Test set predictions for non-tree-based models are generated after applying the same preprocessing
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transformation estimated on the corresponding training window. Tree-based models do not require

standardization and are estimated on the unscaled data.

5.3. Model evaluation and performance

We evaluate our models using traditional evaluation metrics for the classification methodology.
We use a receiver operating characteristic (ROC) curve to select the optimal model based on the
maximum value obtained during training and validation. The ROC curve evaluates each model’s
class probabilities on a continuum of thresholds of tradeoffs between sensitivity and specificity
(Kuhn and Johnson, 2013). For instance, even though we revert to the default classification
boundary of 50% in all of our models, the ROC curve evaluates the continuum of classification
boundaries (from 0 to 1) and how sensitivity and specificity trade off at each point of the
continuum.

Sensitivity is the true positive rate (also referred to as recall), calculated as a ratio of the

true positive cases to all positive cases identified by the model.
Sensitivity = true postive/(true positive + false negative) (5)

Specificity is the true negative rate calculated as the ratio of true negative cases to all

negative cases identified by the model.
Specificity = true negative /(true negative + false positive) (6)
Accuracy measures the model’s overall ability to identify true cases across all data.

true positive + true negative
Accuracy = — — , - (7)
true positive + false positive + true negative + false negative

Balanced accuracy measures the model’s average ability to identify true cases and is

calculated as the sum of sensitivity and specificity divided by two.

Balanced Accuracy = (Sensitivity + Specificity)/2 (8)
For example, in highly imbalanced data with a small proportion of positive cases relative
to negative cases, the model may have low sensitivity, as it struggles to correctly identify true

positives. On the other hand, in such a setting, the model would typically have high specificity, as
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it would be very accurate at identifying true negative cases, given the numerous observations
available for training. Lowering the typical classification threshold from 50% to 30% may improve
sensitivity because the threshold for classifying as a positive case is significantly lower. This,
however, means that specificity is more likely to suffer, as more negative cases would be identified
as false positives. Hence, there is a tradeoff between sensitivity and specificity. The ROC curve
summarizes the model’s ability to distinguish predicted classes. The area under the ROC curve
(AUC) ranges from 1 to 0, with 1 indicating perfect predictive capability and 0 indicating none.
The area of 0.5 indicates the model makes predictions as good as random. In addition to the ROC
curve, we consider the tradeoff between sensitivity and specificity in classification problems to
determine the best model.

We evaluate the performance of our final training models on the resampled data to obtain
out-of-bag performance metrics, which assess the final model specifications chosen based on the
optimized ROC on the resampled training dataset. A comparison of model performance for all the
models is presented in Table 3. We include both out-of-bag performance metrics on the resampled
training data and out-of-sample performance metrics on the test data. Although machine-learning
models achieve higher performance on the resampled training data, their performance is typically
lower on the test data, which is new data not used for training the models. High performance on
the resampled train data also indicates that some models are more prone to overfitting the data
where they can achieve perfect AUC on the training sample but overfit the data and cannot achieve
the same high performance on the new sample, such as a random forest with the near-perfect AUC
0f 0.99 on the training data, which decreases to 0.91 for the test data. Comparisons of the models
are based on AUC, accuracy, sensitivity, specificity, and balanced accuracy. Random Forest,
Gradient Boosting, and XGBoost have the highest test AUC on the out-of-sample (test data)
performance for both male and female samples. In combination with the highest performance on
other test metrics, such as accuracy, sensitivity, specificity, and balanced accuracy, the random
forest is our best-performing model overall for the female sample, while the Boosted GLM is the
best-performing model for the male sample.

[Table 3 about here]
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5.4. Variable importance ranking

Machine-learning models do not produce coefficient estimates in the manner of traditional
econometric models, which limits direct interpretability. Variable importance metrics provide a
model-agnostic approach to identifying which predictors contribute most to classification
outcomes. Variable importance scores are computed and validated on the training data, with each
feature’s importance calculated according to the model specification. For linear models, variable
importance is based on the absolute value of the t-statistic for each parameter. Scores are
automatically scaled to a range of zero to 100, where higher scores indicate greater predictive
contribution.

To summarize the results across the large number of predictors, we aggregate individual
variable importance scores into eight broad characteristic groups: social network, upper
management experience, professional experience, board experience, education, other experience,
affiliations, and awards. Group-level importance scores are presented for each model in Figure 4.
In addition, the top 20 most important variables identified by the best-performing model for each
gender are used as a feature selection step and included as the predictor set in logistic regression
models estimated as a robustness check, as described in Section 7.3.

[Figure 4 about here]

5.5. SHAP (SHapley Additive exPlanations) values

SHAP values provide an additional basis for the interpretability of machine-learning algorithms.
Rooted in the theory of cooperative games developed by Lloyd S. Shapley in the 1950s (Shapley,
1953), Shapley values quantify the contribution of each predictor variable to a given model
prediction by attributing the difference between the predicted outcome and the baseline prediction
across all possible feature combinations. Lundberg and Lee (2017) extend this framework to
machine learning, developing a unified approach for assessing both the direction and magnitude
of individual predictor contributions across model types. Because machine-learning algorithms do
not produce coefficients in the manner of traditional regression models, we employ SHAP values
to identify the direction and magnitude of each predictor’s contribution to the predicted probability
of CEO appointment, separately for male and female candidates. Figure 5 presents the directional

effect of the top 20 predictors, based on SHAP values, using our best-performing model (random
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forest). Although SHAP values do not claim causality, they provide an intuitive understanding of
each variable’s marginal contribution to predicting CEO selection.

[Figure 5 about here]

6. Machine learning results

We employ two complementary approaches to investigate the relative importance of executive
characteristics in predicting CEO appointment: group-level variable importance and individual
variable importance. In the first approach, we aggregate all predictor variables into eight broad
groups, where the social network group, for example, comprises the six social network measures
included in the models. Group-level importance scores are constructed by summing the individual
variable importance scores within each group, as presented in Figure 4. In the second approach,
we examine individual variable importance and use SHAP values to assess the direction and
magnitude of each predictor’s contribution to the predicted probability of CEO appointment, as
presented in Figure 5.

The four most important variable groups are identical across both gender subsamples:
social network, upper management experience, board experience, and professional experience.
This consistency in group-level importance is broadly consistent with the existing literature on
CEO selection, which identifies social connections, managerial experience, and board involvement
as central determinants of appointment (Cziraki and Jenter, 2021; Custddio et al., 2013; Adams et
al., 2018a). However, the ranking and predictive weight of individual variables within these groups
differs materially by candidate gender, a distinction that group-level analysis alone would not
reveal.

For female CEO candidates, strategic positioning in social networks, upper management
experience heterogeneity, and board experience are the dominant individual predictors, all
positively associated with the likelihood of appointment. For male CEO candidates, professional
experience breadth, measured primarily by the number of firms at which the candidate has been
employed, dominates, with social network measures carrying substantially lower predictive
weight. This gender-differentiated predictive structure is consistent with evidence that equivalent
observable qualifications generate systematically different career advancement outcomes for male

and female executives (Cziraki and Robertson, 2021; Field et al., 2020; Xu, 2024), and with the
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statistical discrimination mechanism proposed by Niessen-Ruenzi and Zimmerer (2022), under
which evaluators place greater weight on observable network signals for female candidates due to
higher uncertainty about their unobservable qualifications. The detailed results for each variable
group are discussed in Sections 6.1 through 6.7. We further reestimate the models separately by
industry to examine whether the gender-differentiated predictive structure varies across sectors,

with results presented in Section 6.8.

6.1. Social Network
Social network position is the most influential group of predictors across all tree-based models,
including the best-performing random forest specification, as presented in Figure 4. This finding
is consistent with evidence on the importance of connections for executive career advancement
(Giannetti and Wang, 2023; Engelberg et al., 2013) and confirms that network position constitutes
a dominant predictor category when the importance scores of all six social network measures are
aggregated. The six network measures included in the models are degree, betweenness, closeness,
eigenvector centrality, total connections, and the proportion of female connections in the network.

All six social network measures rank among the 20 most important predictors for female
CEO candidates in the random forest model, and all six are positively associated with the
likelihood of appointment as shown in Figure SA. Betweenness centrality, which captures the
extent to which an executive serves as an intermediary in pass-through communication within the
network, is among the highest-ranked measures, consistent with evidence that network
gatekeeping positions provide privileged access to information and influential contacts (Burt,
1982; Fracassi, 2017). Degree centrality and total connections, which measure the breadth of direct
network ties, closeness centrality, which captures proximity to all other executives in the network,
and eigenvector centrality, which measures connectedness to other highly connected individuals,
are also positively associated with female CEO appointment. The proportion of female connections
in the network carries additional positive predictive power, suggesting that gender-diverse network
composition is independently relevant to female CEO selection beyond raw network size or
centrality.

For male CEO candidates, social network variables do not rank among the top ten most
important predictors as shown in Figure 5B. Network closeness is the only social network measure

to appear among the top 20, ranking 13th with a positive association. This finding differs from

28



evidence of strong positive network effects for male candidates in director appointment settings
(Giannetti and Wang, 2023; Cai et al., 2022), a divergence that reflects differences in how network
connectivity is measured across studies. Our measures capture individual-level network position
across the full executive population rather than firm-specific prior connections between a
candidate and the hiring board, which is the connectivity measure used in director appointment
studies. This broader definition is more appropriate for our research design, which examines CEO
selection from the individual executive’s perspective across the full candidate population rather
than from the perspective of any specific hiring firm.

The differential predictive weight of social network position across male and female CEO
candidates is consistent with evidence that executive social connections are associated with smaller
gender pay gaps, suggesting that network position operates as an economically meaningful
mechanism in the gender-differentiated structure of executive career outcomes (Javakhadze and
Shelton, 2022). Furthermore, Abernethy et al. (2019) provide complementary evidence that CEO
social networks are not only a career advancement mechanism but also a value-relevant
characteristic in the CEO selection process, with prospector firms deliberately selecting CEOs with
high social capital to mitigate strategic uncertainty, and with the performance benefits of such
network-based selection contingent on the quality of corporate governance. These network barriers
are particularly salient in the finance sector, where female board representation averages 24%
below the cross-sector mean even after controlling for firm and country characteristics (Adams
and Kirchmaier, 2016b), and where societal factors shaping early educational outcomes have
measurable long-term consequences for women’s career trajectories in quantitative fields (Adams
et al., 2023), suggesting that the greater predictive weight of network position for female CEO
candidates reflects structural features of the executive pipeline rather than individual-level
differences in qualification. The governance implications of network-based selection are not
unambiguously positive: Fracassi and Tate (2012) document that CEO-director network ties are
associated with weaker board monitoring and value-destroying acquisitions, suggesting that the
greater network burden placed on female candidates reflects a differential application of selection

criteria with ambiguous governance value rather than a superior information mechanism.

6.2. Upper Management Experience
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Upper management experience is the second most important group of predictors for female CEO
candidates. Upper management heterogeneity, defined as the number of distinct upper
management positions multiplied by the corresponding years of experience, and total years of
upper management experience rank as the top two most influential predictors in the female model.
Both measures are positively associated with the likelihood of female CEO appointment,
indicating that breadth and depth of upper management experience jointly contribute to selection
outcomes. This finding is consistent with evidence that generalist managerial skills accumulated
across diverse senior roles carry a growing premium in the executive labor market (Custédio et
al., 2013; Frydman, 2019), and with qualitative evidence that operational and cross-functional
leadership experience is among the most important preparatory factors for female CEO candidates
(Spencer et al., 2019).

Upper management experience and its heterogeneity also appear among the top 20
predictors for male CEO candidates, ranked 15th and 17th respectively, and are positively
associated with the likelihood of male CEO appointment. The substantially lower ranking of these
variables relative to the female model, where they rank first and second, reinforces the broader
finding that upper management seniority is a more critical differentiator for female candidates than
for male candidates, for whom professional experience breadth is the dominant predictor as
documented in Section 6.4. This asymmetry is consistent with evidence that equivalent senior role
experience generates systematically different career advancement outcomes for male and female
executives (Cziraki and Robertson, 2021), suggesting that the selection process places a higher

evidentiary burden on upper management credentials for female candidates.

6.3. Board experience

Board experience is the third most important group of predictors for female CEO candidates. The
number of years of board experience and the heterogeneity of board experience rank among the
top ten most important variables and are positively associated with the likelihood of female CEO
appointment. Insider board experience, measured by years served as an insider board member, is
also positively associated with female CEO selection, consistent with evidence that the large
majority of new CEOs at publicly listed firms are drawn from within the hiring firm or its
immediate network (Cziraki and Jenter, 2021; Dillard and Lipschitz, 2014), a pattern that appears

particularly pronounced among female CEO candidates. The positive role of board experience as
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a pathway to the CEO position is further consistent with evidence that director skill sets and board
involvement serve as observable signals of executive capability that boards draw on in succession
decisions (Adams et al., 2018a), and with evidence that gender-diverse boards engage in more
rigorous CEO oversight, making board exposure a particularly valuable credential in the
succession process (Adams and Ferreira, 2009; Adams and Funk, 2012). For first-time female
CEO candidates specifically, extensive board experience may function as a substitute for prior
CEO experience, providing an observable track record of governance involvement that
compensates for the absence of a prior appointment (Fee et al., 2018; Tinsley and Purmal, 2019).

Board experience variables do not rank among the top 20 most important predictors for
male CEO candidates. This asymmetry suggests that board involvement serves a different
signaling function in the selection process for male and female candidates, with male candidates
relying more heavily on professional experience breadth as the primary observable signal of CEO

readiness, as documented in Section 6.4.

6.4. Professional Experience

Professional experience constitutes another influential group of predictors. For female CEO
candidates, the number of years of experience in both public and private firms is positively
associated with the likelihood of appointment, with public firm experience ranking higher than
private firm experience. This ordering is consistent with the interpretation that exposure to public
firms, with their more standardized governance structures and reporting requirements, provides
female executives with greater familiarity with the organizational frameworks relevant to CEO-
level decision-making. Employment experience heterogeneity, defined as the number of distinct
position types multiplied by the corresponding years of experience, is also positively associated
with female CEO selection, consistent with the growing premium for generalist managerial skills
documented by Custodio et al. (2013).

For male CEO candidates, the breadth of firm experience, measured by the total number of
public and private firms at which the candidate has been employed, is the single most important
predictor of appointment. The substantially lower ranking of upper management experience
relative to overall firm count suggests that the quantity of distinct employer relationships rather

than the seniority of roles held is the primary signal of CEO-readiness for male candidates, a
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pattern consistent with the emphasis on transferable general human capital documented by
Frydman (2019).

Experience in financial roles is negatively associated with the likelihood of female CEO
appointment. This finding is consistent with evidence that female representation in corporate
leadership is particularly constrained in finance and STEM sectors, where board gender diversity
averages 24% below the cross-sector mean even after controlling for firm and country
characteristics (Adams and Kirchmaier, 2016b), suggesting that financial roles may place female
executives in a segment of the executive pipeline where advancement to the CEO position is
structurally more difficult. A complementary interpretation follows from Francis et al. (2023), who
document that female financial executives do not experience pay gaps and can earn premiums
relative to male counterparts in those roles, suggesting that financial positions may represent a
compensating equilibrium that does not translate into advancement to the chief executive role.
Finance experience in general, and CFO experience in particular, are also negatively associated
with the likelihood of CEO appointment among male candidates, suggesting that functional

specialization in finance constrains CEO prospects regardless of candidate gender.

6.5. International employment experience

International experience has a negative effect on the likelihood of female CEO appointment, a
finding that is somewhat surprising given the increasingly global nature of corporate operations.
One interpretation is that geographic separation from the primary executive network in the United
States carries a social network cost that outweighs the human capital benefits of international
exposure, consistent with our broader finding that network position is the dominant predictor of
female CEO selection and with evidence that the market for CEO talent exhibits significant
geographic segmentation (Yonker, 2017). This interpretation suggests that the negative effect of
international experience for female candidates operates primarily through the network channel
rather than through a direct devaluation of international human capital.

For male CEO candidates, the relationship between international experience and CEO
appointment is more nuanced. Specific regional experience, including employment in Canada,
Europe, and Asia, is negatively associated with the likelihood of appointment and ranks among
the top 20 predictors in the negative direction. However, the number of continents of prior

employment has significant positive predictive power and ranks among the top three predictors for
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male CEO candidates overall. This divergence between regional-specific and continent-count
measures suggests that breadth of global exposure, rather than depth in any particular geography,
is what the selection process rewards for male candidates, consistent with the premium for
generalist and geographically diversified human capital documented by Frydman (2019) and
Custddio et al. (2013).

6.6. Education

For male CEO candidates, the total number of educational degrees is positively associated with
the likelihood of appointment, ranking sixth among all predictors. However, specific degree types,
including bachelor’s and master’s degrees considered individually, are negatively associated with
appointment probability. This pattern suggests that breadth of educational attainment across degree
levels, rather than the attainment of any particular credential, is what the selection process rewards
for male candidates, consistent with the premium for generalist human capital documented by
Custodio et al. (2013) and Frydman (2019).

Advanced education, measured by the attainment of graduate degrees, is negatively
associated with the likelihood of CEO appointment in both samples. Combined with the strong
positive predictive power of professional experience documented in Section 6.4, this finding
suggests that career-based human capital accumulation generates greater returns in the CEO
selection process than credential attainment, a result consistent with evidence that societal factors
shaping early educational outcomes, including the gender gap in mathematics, have measurable
long-term consequences for women’s career trajectories in quantitative fields that operate
independently of formal credential attainment (Adams et al., 2023). The negative association
between advanced degrees and CEO appointment may therefore reflect not a devaluation of
education per se, but rather the opportunity cost of time spent in academic programs relative to
network-building and experience accumulation, which our results identify as the primary drivers

of CEO selection for both male and female candidates.

6.7. Other Determinants
While social networks, upper management experience, board experience, and professional
experience dominate the top twenty predictors of CEO selection for female candidates, several

findings from lower-ranked variable groups merit discussion. Academic affiliation carries negative
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predictive power, reinforcing the broader pattern that career-based experience generates greater
returns in the CEO selection process than institutional or academic credentials. This is consistent
with evidence on the demand for executive skills, which documents a shift toward interpersonal
and organizational capabilities relative to technical or academic qualifications in senior leadership
roles (Hansen et al., 2021), and with evidence that social skills have become increasingly valued
in the labor market relative to cognitive and technical credentials (Deming, 2017).

Affiliation and award variables, while somewhat more important as a group than education
variables for the female sample as shown in Figure 4, do not individually rank among the top 20
predictors for either sample. This finding suggests that formal recognition and organizational
affiliations, while potentially relevant for signaling purposes, do not independently drive CEO
selection outcomes once network position, experience breadth, and upper management seniority

are accounted for.

6.8. CEO selection criteria by gender across industries
To examine whether the gender-differentiated predictive structure identified in the full sample is
robust across industry contexts, we reestimate our best-performing machine-learning models
separately by gender within the industries with the highest number of first-time CEO appointments
in our sample: Software and Computer Services, Pharmaceuticals and Biotechnology, and Banking
Industry. For each industry we extract the top 10 SHAP-valued predictors and compare them
across gender groups. Results are presented in Figure 6.
[Figure 6 about here]

The industry-level patterns are broadly consistent with those identified in the full sample.
In the Software and Computer Services sector, total connections, betweenness, degree centrality,
and the proportion of female network connections rank among the top six predictors for female
CEO selection, while male CEO predictors are concentrated on the total number of public and
private firms and number of continents of employment. In Pharmaceuticals and Biotechnology,
betweenness, degree, and female network connections again lead the female model, while the male
model is distinguished by a large negative effect of international affiliation followed by firm count
measures, consistent with the full sample pattern.

The banking sector presents a notable departure for female candidates. Upper management

experience years and heterogeneity rank first and second, followed by insider board experience
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and board years, with social network measures appearing but ranking lower than in other
industries. This shift toward board and institutional experience as the primary signal for female
CEO candidates in banking is consistent with evidence that structural barriers to female leadership
are particularly pronounced in the finance sector, where female board representation is lower than
in other industries and female directors are more likely to compensate through formal institutional
credentials (Adams and Kirchmaier, 2016a). For male candidates in banking, public and private
firm count again leads, followed by European and Canadian employment experience both with
negative effects, consistent with the international experience findings documented in Section 6.5.

Across the three industries examined, the central asymmetry of the full sample results is
broadly preserved: social network position and upper management seniority carry greater
predictive weight for female CEO candidates than for male candidates in Software and
Pharmaceuticals, while professional experience breadth dominates for male candidates across all
three sectors. The banking industry represents a partial exception for female candidates, where
board and insider experience substitute for network dominance, suggesting that the form of the
gender-differentiated selection criterion varies by sector even where the underlying asymmetry

persists.

7. Traditional methods results

7.1. Univariate analyses

Table 2 presents univariate comparisons of all 131 predictor variables between first-time female
and male CEOs. Several systematic differences emerge. Female CEOs are more likely to hold
affiliations with academic, scientific, and humanities organizations, to have advisory experience
with non-profit organizations, and to have received business, leadership, and media awards.
Female CEOs also exhibit stronger social network positions across all four centrality measures,
betweenness, closeness, degree, and eigenvector, and have a higher proportion of female
connections in their networks, with 17% of network ties comprising female connections for female
CEOs compared to 11% for male CEOs. This pattern is consistent with evidence that network
composition differs systematically by gender among senior executives and that female network
connections carry independent predictive value for career advancement (Deming, 2017;

Javakhadze and Shelton, 2022).
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Female CEOs are less likely than male CEOs to have board experience in publicly listed
and large private corporations, though they appear to compensate through board and trustee
experience in other organizational contexts, including non-profit organizations. Among specific
committee types, female executives who become CEOs are more likely to have served on
compensation, governance, and audit committees, as well as on committees of non-profit
organizations, consistent with evidence that female directors tend to be concentrated in monitoring
rather than advisory roles (Adams and Ferreira, 2009).

In terms of professional experience, female CEOs are less likely than male CEOs to have
COO experience and exhibit lower heterogeneity of employment experience across both industries
and geographies. Female CEOs are more likely to have experience in law and marketing. Female
CEOs have accumulated an average of 23 years of professional experience at the time of their first
appointment, compared to 37 years for male CEOs. This difference in career duration partly
accounts for the lower levels of upper management experience, including prior CEO experience at
foreign or private firms, observed among female CEO candidates relative to their male
counterparts, and is consistent with evidence that the supply of sufficiently experienced female
candidates represents a binding constraint in the CEO selection process (He and Whited, 2023).

The gender gap in years of experience and the differences in educational and functional
backgrounds between male and female CEO candidates connect to evidence that societal factors,
including gender differences in competitiveness that shape early academic track choices and the
math gender gap that reduces female representation in quantitative fields, have measurable long-
term consequences for women's career trajectories and advancement to senior leadership roles

(Buser et al., 2014; Adams et al., 2023).

7.2. Univariate analyses of most important variables

Panels A and B of Table 4 present univariate comparisons of the top 20 most important predictors
identified separately for female and male CEO candidates. Several of the systematic differences
documented in the general univariate analysis of Section 7.1 are amplified among these highest-
ranked predictors.

For the top 20 female CEO predictors presented in Panel A, all six social network measures,
betweenness, degree, female network connections, closeness, total executive network connections,

and eigenvector centrality, are substantially higher for female CEOs than for male CEOs, with
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statistically significant differences across all six measures. This finding reinforces the
interpretation that social network position represents a differentiating characteristic that separates
female CEO appointees from the broader executive population to a degree not observed for male
candidates, consistent with the statistical discrimination mechanism under which evaluators place
greater evidentiary weight on observable network signals for female candidates (Niessen-Ruenzi
and Zimmerer, 2022; Field et al., 2020). Board experience, including insider board experience, as
well as international employment experience and employment heterogeneity, are lower for female
CEOs than for male CEOs among this predictor set, consistent with the supply-side constraints
documented by He and Whited (2023) and the career trajectory differences identified in Section
7.1.

For the top 20 male CEO predictors presented in Panel B, the majority of comparisons
between male and female CEOs yield statistically non-significant differences, suggesting that
female CEO appointees broadly match male CEO appointees on the dimensions the male selection
process emphasizes. The most pronounced statistically significant differences relate to
professional experience, with male CEOs exhibiting higher employment heterogeneity, greater
upper management experience, and longer total years of professional experience. Female CEOs,
by contrast, have experience at a larger number of public firms prior to appointment. This pattern
is consistent with the finding that breadth of firm-level experience is the primary predictor for male
candidates while upper management seniority and network position dominate for female
candidates, and with evidence that equivalent professional credentials generate systematically
different advancement outcomes across gender groups (Cziraki and Robertson, 2021; Xu, 2024).

[Table 4 about here]

7.3. Logistic models

We estimate logistic regressions using the top 20 variables identified by the machine-learning
models separately for each gender to assess how much variation in first-time CEO appointments
these predictors collectively explain. Results are presented in Table 5. The female logistic model
explains approximately 10% of the variation in the dependent variable, while the male model
explains approximately 9%. One of the top 20 variables was dropped from each model due to
collinearity, illustrating a key advantage of machine-learning algorithms over traditional

econometric approaches: machine-learning models accommodate multicollinearity among a large
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number of predictors, whereas standard regression estimators do not (James et al., 2013;
Mullainathan and Spiess, 2017).

The direction and magnitude of most coefficients in the logistic models are consistent with
the SHAP values from the machine-learning models, though some inconsistencies arise where
collinearity among included variables affects coefficient stability. Social network variables carry
positive and statistically significant coefficients across logistic regressions for both female and
male candidates. Upper management experience heterogeneity retains its positive and statistically
significant association with female CEO appointment but is not significant in the male model
without year fixed effects. Finance employment experience is negatively associated with female
CEO appointment, consistent with the SHAP values, but positively associated with male CEO
appointment, inconsistent with SHAP, though CFO experience remains negatively associated for
male candidates, consistent with SHAP. Multicollinearity among board experience and total
executive network connections contributes to a negative and statistically significant coefficient on
board experience years in the male model, while combined public and private firm experience is
positive and statistically significant for male candidates.

To formally test whether the predictors of CEO appointment differ by gender, we estimate
a pooled logistic regression on the combined sample with all predictors interacted with a gender
indicator and conduct Wald tests of the null hypothesis that the interaction coefficients equal zero.
We reject equality of coefficients at the 5% level for the primary social network measures,
betweenness and degree centrality, and for upper management experience heterogeneity, providing
formal statistical support for the hypothesis that male and female executives face systematically
different selection criteria, consistent with the broader literature on gender-differentiated
evaluation standards in executive labor markets (Field et al., 2020; Niessen-Ruenzi and Zimmerer,
2022; Xu, 2024).

The overall pattern of machine-learning results is broadly consistent across univariate,
logistic, and SHAP-based analyses. Social network position is the dominant predictor for female
CEO candidates across all three analytical frameworks, while professional experience breadth and
upper management seniority are more important for male candidates. The lower representation of
female executives in board and upper management roles, relative to male executives, may partly
explain the greater predictive weight of network position for female candidates, as network

connectivity may serve as a compensating signal in the selection process where other observable
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credentials are less accumulated (He and Whited, 2023; Benson et al., 2026). These findings
should be interpreted with appropriate caution: the documented associations between network
position and CEO appointment are likely to reflect, at least in part, unobservable characteristics or

firm-specific information channels rather than a causal effect of network size per se.

[Table 5 about here]

8. Additional tests

8.1. Conditional Average Treatment Effect (CATE)

In addition to the separate gender-specific models estimated in the main analysis, we implement a
CATE framework that trains the machine-learning model on the combined sample and uses gender
as the treatment variable, enabling direct comparison of selection probabilities and predictor
importance across male and female candidates (Kiinzel et al., 2019). The treatment indicator equals
one for female CEO candidates and zero for male candidates. The CATE methodology employed
here follows the attribute-value group approach developed in the causal inference and machine-
learning literature; for details see Kallus (2023), Semenova and Chernozhukov (2021), and Jacob
(2021).

We begin by examining the distribution of individual-level treatment effects across CEO
candidates stratified by gender, with aggregate effects presented in Figure 7. The distribution
exhibits negative mean and median values, indicating that, on average, female CEO candidates are
less likely to be selected than male candidates with otherwise similar observable characteristics.
Approximately 24% of the treatment group distribution lies above zero, indicating that female
candidates have a higher predicted selection probability than their male counterparts in only 24%
of cases.

[Figure 7 about here]

Figure 8 presents the top 20 variables driving heterogeneity in CEO appointment outcomes
by gender treatment. The results are broadly consistent with the main analysis: upper management
experience, board experience, social network variables including degree, total connections,
betweenness, female network proportion, and closeness, and measures of professional experience
including employment and industry heterogeneity, number and types of firms, and COO

experience rank among the most important predictors. COO experience emerges as an important
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predictor in the CATE framework that was not among the top predictors in the separate subsample
analyses, suggesting that this variable captures gender-differentiated variation in appointment
outcomes that is more apparent when male and female candidates are modeled jointly.

[Figure 8 about here]

Figure 9 presents the magnitude of the treatment effect for the top ten most important
variables. Most social network centrality measures, including degree, betweenness, closeness, and
eigenvector, exhibit substantially larger magnitudes for female candidates, while total network
connections are more important for male candidates. The proportion of female network
connections is relatively similar in magnitude across both groups. Years of employment
experience, employment heterogeneity including industry and international dimensions, and
number of firms are somewhat more important for female candidates. Board experience measured
in years is of comparable importance across groups, while number of boards served and board
experience heterogeneity are more important for female candidates, consistent with the board
experience findings in Section 6.3.

[Figure 9 about here]

The CATE framework further enables counterfactual estimation of how many candidates
from each pool would be selected under a gender-neutral selection rule, applied to the holdout test
sample. Under the observed gender-differentiated selection process, 57 female and 884 male CEO
candidates are predicted to be selected in the test sample. Under the gender-neutral counterfactual,
the predicted number of female CEO selections increases to 92, an increase of 61.4%, while the
number of predicted male CEO selections remains unchanged at 884. These results are presented
in Figure 10 and directly quantify the extent to which the asymmetry in selection criteria
documented in the main analysis, rather than differences in the underlying distribution of
qualifications, accounts for the underrepresentation of female executives in CEO roles, consistent
with the structural interpretation advanced by He and Whited (2023) and Benson et al. (2026).

[Figure 10 about here]

8.2. Cross-model fit

To further assess the gender-differentiated structure of CEO selection criteria, we conduct a cross-
model counterfactual analysis in which the best-performing female model is applied to the male

candidate pool and the best-performing male model is applied to the female candidate pool. This
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exercise does not impose identical qualification requirements across groups. Rather, it estimates
how each candidate pool performs when evaluated against the selection criteria identified for the
other gender, holding the underlying distribution of observable characteristics constant.

Panel A of Table 6 compares the predictions generated by cross-fitted models with actual
CEO appointments. The male model identifies 71% of actual female CEOs as predicted CEOs
when applied to the female sample, while the female model identifies only 30% of actual male
CEOs when applied to the male sample. This asymmetry indicates that male selection criteria are
more permissive when applied to female candidates than female selection criteria are when applied
to male candidates, consistent with the interpretation that the qualification bar applied to female
CEO candidates is more demanding than that applied to male candidates (Field et al., 2020;
Niessen-Ruenzi and Zimmerer, 2022).

Panel B of Table 6 presents adjusted cross-sample predictions. Within the full executive
population, our models identify a pool of highly qualified candidates who meet the observable
characteristics associated with CEO appointment, with approximately 1% of this pool ultimately
appointed as CEOs in the male sample and 2% in the female sample. Applying the male CEO
model to the female candidate pool, we find that 526 female executives would be identified as
highly qualified and, applying the 2% appointment rate observed for the female qualified pool,
would be predicted to become CEOs under male selection criteria, compared to 342 actual female
CEOQO appointments. This represents an approximately 50% increase in female CEO appointments
relative to the observed count, suggesting that a substantial number of qualified female executives
are not appointed under the more demanding female-specific selection criteria currently applied.
Conversely, applying the female CEO model to the male candidate pool, we find that only 1,389
male executives would meet the qualification threshold required for female CEO appointment,
compared to 4,457 actual male CEO appointments, implying that approximately 31% of actual
male CEOs would satisfy the stricter observable qualification requirements associated with female
CEO selection. These results are consistent with evidence that female executives face
systematically higher evidentiary standards in the appointment process (Benson et al., 2026; Xu,
2024; He and Whited, 2023).

Panels C and D of Table 6 present cross-model prediction rates broken down by industry.
Panel C shows that applying the male model to the female sample yields consistently high

prediction accuracy across industries, indicating that female executives broadly satisfy the
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observable qualification criteria associated with male CEO appointment. Panel D shows that
applying the female model to the male sample yields substantially lower prediction accuracy across
industries, with only two industries, Tobacco and Wholesale Trade, exhibiting prediction accuracy
rates at least 50% higher than the cross-sample baseline. This pattern suggests that the observable
qualifications associated with female CEO appointment are not broadly matched by the male
executive population, reinforcing the finding that female-specific selection criteria represent a
more restrictive qualification standard.

Taken together, the cross-model results in Table 6 indicate that male selection standards
would result in a larger number of female CEO appointments, while female selection standards
would result in a substantially smaller number of male CEO appointments. This asymmetry
provides direct evidence that the selection criteria applied to female CEO candidates are more
demanding than those applied to male candidates, consistent with the statistical discrimination and
differential evaluation standards documented in the broader literature on gender and executive
labor markets (Field et al., 2020; Niessen-Ruenzi and Zimmerer, 2022; Cziraki and Robertson,
2021; Xu, 2024).

[Table 6 about here]

8.3. Social network counterfactual analysis

Given that social network position is the strongest predictor of female CEO selection, we conduct
a counterfactual simulation in which the social network measures of CEO and non-CEO female
executives are replaced with the average values of the other group, holding all remaining
characteristics constant. The four composite social network measures, betweenness, closeness,
degree, and eigenvector centrality, as well as the proportion of female network connections, are
substantially lower for non-CEO executives, and these differences are statistically significant.
Under this counterfactual substitution, the predicted probability of CEO appointment falls by more
than half for actual female CEOs, while the predicted probability increases by more than 50% for
non-CEQO executives. The detailed results are presented in Table 7.

These results corroborate the main finding that social network position has a substantial
and independent effect on the likelihood of female executive CEO appointment, distinct from the
contribution of all other observable characteristics. The magnitude of the counterfactual effect

further reinforces the interpretation that network position operates as a binding constraint in female
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CEO selection rather than as one among several equivalent predictors, consistent with the

statistical discrimination mechanism proposed by Niessen-Ruenzi and Zimmerer (2022) and with

evidence that executive social connections are associated with economically meaningful

differences in career outcomes by gender (Javakhadze and Shelton, 2022; Engelberg et al., 2013).
[Table 7 about here]

8.4. Temporal differences in female CEO predictors

Given that the sample spans nearly two decades, we examine whether the predictive structure of
female CEO selection has changed over time by splitting the sample into pre- and post-financial
crisis subsamples and estimating separate machine-learning models for each period. The 2008
financial crisis represents a significant structural break for corporate finance and governance, with
documented shifts in board oversight, executive accountability, and organizational priorities in its
aftermath. The existing literature offers competing predictions about whether the characteristics
associated with successful executive leadership have changed over this period. One strand argues
that demand for social and interpersonal skills in executive selection has increased (Deming, 2017,
Hansen et al., 2021), while another suggests that the fundamental determinants of leadership
success have remained largely stable (Pfeffer, 2015; Decressin et al., 2025).

Our dataset allows us to directly assess this question by comparing the most important
predictors from models estimated on the pre- and post-2008 subsamples. The top predictors share
some continuity across periods: the number of firms and employment heterogeneity remain among
the top ten predictors in both subperiod models. However, the number of educational degrees and
social network measures enter the top ten predictors in the post-crisis period but not the pre-crisis
period, suggesting that less tangible and relational characteristics have become more important in
female CEO selection following the crisis, consistent with the growing importance of social skills
in the labor market documented by Deming (2017). Additionally, in the post-crisis period, the
number of continents of employment and committee chair experience enter the top twenty
predictors, indicating that international exposure and formal leadership experience in committee
roles have become more relevant signals for female CEO candidates in recent years. The top
twenty most important predictors for both subperiods are presented in Figure 11.

[Figure 11 about here]
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9. Summary and discussion

This paper provides first comprehensive analysis of observable characteristics that predict first-
time CEO appointment for male and female executives at U.S. public firms. Using machine-
learning methods applied to a dataset spanning 2001 to 2018 and encompassing over 100 candidate
characteristics, including social network position, professional experience, board involvement,
education, and a range of other attributes, we construct predictive models that identify the
characteristics distinguishing appointed CEOs from the broader executive population, separately
by gender. We extend the population-level approach of Adams et al. (2018b) from the Swedish
setting to the comprehensive sample of U.S. executives, and complement the existing CEO
selection literature, which has relied primarily on anecdotal and interview-based evidence, with
systematic, data-driven analysis.

For female CEO candidates, social network position emerges as the dominant predictor of
appointment, followed by upper management experience and board and other professional
experience. Advanced educational credentials, awards, affiliations, and other activities have
negligible or adverse predictive value. These results are consistent with evidence that the returns
to observable credentials differ systematically by gender, with equivalent qualifications generating
lower career advancement outcomes for female executives than for male executives (Field et al.,
2020; Xu, 2024; Benson et al., 2026), and with evidence that social network position carries
economically meaningful returns in the executive labor market (Engelberg et al., 2013; Javakhadze
and Shelton, 2022).

For male CEO candidates, the predictive structure is materially different. The breadth of
professional experience, measured by the total number of firms at which the candidate has been
employed across both public and private settings, is the single most important predictor, followed
by the geographic diversity of prior employment, the number of educational degrees, and the types
of functional experience. Social network position and upper management experience also
contribute positively but rank substantially lower, with only one social network measure appearing
among the top 20 predictors, ranked 13th. The predictive profile for male candidates is therefore
tilted toward quantitative measures of experience breadth rather than the qualitative dimensions of

network position and managerial seniority that dominate for female candidates.
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Several predictors are shared across both groups, but their relative importance differs
substantially. Social network connectivity appears in the top five predictors for female candidates
and accounts for two of the five highest-ranked features, while it plays a markedly smaller role for
male candidates. Professional experience is the primary predictor for male candidates; for female
candidates, it ranks alongside network and board experience rather than dominating. This
asymmetry in the predictive structure of CEO selection, wherein equivalent levels of professional
experience generate less predictive power for female candidates than for male candidates while
network position generates more, is consistent with the evidence of gender-differentiated
promotion criteria documented by Field et al. (2020), Cziraki and Robertson (2021), and Xu
(2024), and with the subjective evaluation mechanism through which gender gaps propagate in
organizational hierarchies documented by Benson et al. (2026).

To assess the magnitude of these gender differences directly, we implement a conditional
average treatment effect (CATE) model that estimates the probability of CEO selection
conditioning on gender as the treatment variable. This framework enables a direct comparison of
the characteristics that drive selection probabilities across groups and permits counterfactual
analysis. Under a gender-neutral selection rule, one that applies a common predictive model across
both candidate pools, the number of male CEO selections is unchanged while the number of female
CEO selections increases by more than 61%. This result quantifies the extent to which the observed
asymmetry in selection criteria, rather than differences in the underlying distribution of
qualifications, accounts for the underrepresentation of female executives in CEO roles.

One question bearing on the interpretation of our results is whether the composition of our
comparison group overstates the feasible candidate pool relative to what assignment frictions
would imply. We address this concern in two ways. First, our machine-learning framework
conditions on firm-specific experience, tenure, and functional background, capturing the
dimensions along which executives are sorted to firms in equilibrium, which mitigates concerns
about an unstructured comparison group. Second, and more fundamentally, our research question
concerns the gender-differentiated structure of selection criteria rather than the absolute probability
of any given executive receiving an appointment. Whether selection criteria are applied
symmetrically across male and female candidates is a question that remains valid regardless of
how narrowly the feasible candidate set is defined. If anything, to the extent that matching frictions

are themselves gender-differentiated, with firm-specific human capital accumulation differing
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systematically by gender as documented by Frydman (2019) and suggested by Engelberg et al.
(2013), this would strengthen rather than weaken our central finding that social network position
carries greater predictive weight for female CEO candidates than for their male counterparts.
Taken together, our findings contribute to the corporate governance literature on CEO
selection and the executive labor market literature on gender differences in career advancement.
The evidence that the predictive determinants of CEO appointment differ materially by gender,
and that applying a common selection standard would substantially increase female CEO
appointments without reducing the quality of male selections, has implications for how boards
structure succession processes and evaluate the executive pipeline. The results also speak to the
broader question raised by He and Whited (2023) and Benson et al. (2026) of whether observed
gender gaps in corporate leadership are better explained by supply-side constraints or by
asymmetric evaluation standards applied at the point of appointment. By providing direct empirical
evidence on this question using a comprehensive U.S. dataset and machine-learning methods that
accommodate high-dimensional candidate characteristics, this paper advances the literature on
executive labor markets, contributes to the growing body of work on gender and corporate
governance (Xu, 2024; Eckbo and @Odegaard, 2025), and offers a methodological framework for

examining selection asymmetries in other leadership contexts.
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Figure 1: Data Distribution by Year

Figure 1A. Female Sample
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This figure shows the sample distribution by year with the number of first-time female CEO appointments
by year on the left-hand side y-axis, as well as the total number of female executives by year on the right-
hand side y-axis. First-time CEOQ is equal to 1 in a year when a female executive becomes a CEO in a
publicly traded U.S. firm for the first time; it equals 0 otherwise. There are 342 first-time female CEOs in
our sample and 273,091 observations.

Figure 1B. Male Sample
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This figure shows the sample distribution by year with the number of first-time male CEO appointments
by year on the left-hand side y-axis, as well as the total number of male executives by year on the right-
hand side y-axis. First-time CEQO is equal to 1 in a year when a male executive becomes a CEO in a publicly
traded U.S. firm for the first time; it equals O otherwise. There are 4,457 first-time male CEOs in our sample
and 2,016,377 observations.
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Figure 2: CEOs Distribution by State

Figure 2A. Female CEOs

IN 10
6
VA
8
NC
N 6
4
SC
1
AL GA
2 3

FL
15

This figure shows the geographic distribution of first-time female CEOs of publicly listed companies across
the states in the United States. There are 342 first-time female CEOs of publicly traded firms in the sample
from 2001 to 2018 (note: 5 of the companies were not headquartered in the U.S. at the time of CEO
appointment and thus those observations were excluded from the map). The darker color corresponds to the
higher number of first-time CEOs appointed during our sample period. Gray color corresponds to the
absence of the CEOs’ appointments during the sample period. The map was generated using Microsoft
Excel.
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Figure 2 (continued): CEOQOs Distribution by State

Figure 2B. Male Sample
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This figure shows the geographic distribution of first-time female CEOs of publicly listed companies across
the states in the United States. There are 4,457 first-time male CEOs of publicly traded firms in the sample
from 2001 to 2018 (note: 65 of the companies were not headquartered in the U.S. at the time of CEO
appointment and thus those observations were excluded from the map). The darker color corresponds to the
higher number of first-time CEOs appointed during our sample period. Gray color corresponds to the

absence of the CEOs’ appointments during the sample period. The map was generated using Microsoft
Excel.
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Figure 3: First-time CEO Industry Distribution
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Figure 4: Feature Importance by Group

This figure shows the variable importance grouped into the following categories: social network, upper management experience, board experience,
professional experience, education, affiliation, award, and other experience. Grouping the variables follows the categories defined in Table Al. A
total of 131 explanatory variables are included in the models. The horizontal axis contains all 10 models in the analysis. The color gradient shows
the importance of the features, where the darker colors indicate the most important and the lighter colors indicate the least important groups identified
by the model. The groups are sorted based on the best performing model for each sample (Random Forest for Panel A, boosted GLM for Panel B).

Panel A. Female Sample

Social network

Upper management experience

Board experience

Professional experience

Affiliation

Award

Education 0.2

Other experience

55



Figure 4 (continued): Feature Importance by Group

This figure shows the variable importance grouped into the following categories: social network, upper management experience, board experience,
professional experience, education, affiliation, award, and other experience. Grouping the variables follows the categories defined in Table Al. A
total of 131 explanatory variables are included in the models. The horizontal axis contains all 10 models in the analysis. The color gradient shows
the importance of the features, where the darker colors indicate the most important and the lighter colors indicate the least important groups identified
by the model. The groups are sorted based on the best performing model for each sample (Random Forest for Panel A, boosted GLM for Panel B).
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Figure 5: SHAP Values for Top 20 Variables

This figure presents the results for the best performing model for each sample (Random Forest for Panel A,
boosted GLM for Panel B), with SHAP values indicating the direction and magnitude of the explanatory
variable’s impact on the prediction of the outcome variable. SHAP values are presented for the top 20
variables with the largest impact on the prediction. Darker color indicates a positive impact, while lighter

color indicates a negative impact. Definitions of all variables are included in Table Al.

Panel A. Female Sample

Upper mgt exp Heterogeneity

Upper mgt exp (years)

Social network (Betweenness)

Board exp (years)

Social netwiork {Degree)

Board exp Heterogenity

Public firm exp (years)

Social network (female connections)

Social network (Closeness)

Social network (total connections)

Private firm exp (years)

Master degree

Insider exp (years)

Graduate degree

Social network (Eigenvector)

Finance emp exp

International emp (years)

Employment exp Heterogeneity

Academic affiliation 4

International emp exp

0.00 0.01 0.02 0.03

SHAP Value (Dark = Positive Impact)

57




Figure 5 (continued): SHAP Values for Top 20 Variables

This figure presents the results for best performing model for each sample (Random Forest for Panel A,
boosted GLM for Panel B), with SHAP values indicating the direction and magnitude of the explanatory
variable’s impact on the prediction of the outcome variable. SHAP values are presented for the top 20
variables with the largest impact on the prediction. Darker color indicates a positive impact, while lighter

color indicates a negative impact. Definitions of all variables are included in Table Al.
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Figure 6: SHAP Values by Industry

This figure presents the results for best performing model for each sample (Random Forest for female sample, boosted GLM for male sample) by
industry, with SHAP values indicating the direction and magnitude of the explanatory variable’s impact on the prediction of the outcome variable.
SHAP values are presented for the top 20 variables with the largest impact on the prediction. Darker color indicates a positive impact, while lighter
color indicates a negative impact. Definitions of all variables are included in Table A1l.
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Figure 6 (continued): SHAP Values by Industry

This figure presents the results for best performing model for each sample (Random Forest for female sample, boosted GLM for male sample) by
industry, with SHAP values indicating the direction and magnitude of the explanatory variable’s impact on the prediction of the outcome variable.
SHAP values are presented for the top 20 variables with the largest impact on the prediction. Darker color indicates a positive impact, while lighter
color indicates a negative impact. Definitions of all variables are included in Table A1l.
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Figure 6 (continued): SHAP Values by Industry

This figure presents the results for best performing model for each sample (Random Forest for female sample, boosted GLM for male sample) by
industry, with SHAP values indicating the direction and magnitude of the explanatory variable’s impact on the prediction of the outcome variable.
SHAP values are presented for the top 20 variables with the largest impact on the prediction. Darker color indicates a positive impact, while lighter
color indicates a negative impact. Definitions of all variables are included in Table Al.
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Figure 7: Heterogeneity of Treatment Effect by Gender — CATE

This figure presents the CATE distribution of individual-level treatment effects across CEO candidates
based on gender (treatment effect is equal to one if the candidate is female; and zero otherwise). The
distribution presents the aggregate effects of treatment in the sample. Since the mean and median are
negative, the plot suggests that firms are less likely to select female CEO compared to male CEO candidate.
Specifically, about 24% of the CATE distribution for female candidates are above 0, meaning that 24% of
firms would be more likely to select female CEO candidate.
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Figure 8: Feature Importance for Top 20 Variables Driving Heterogeneity by Gender — CATE

This figure presents the feature importance for the top 20 variables driving heterogeneity by gender in
predicting CEOs. Values are presented for the top 20 variables with the largest impact on the prediction.
Longer bar indicates a larger impact (importance), while shorter bars indicate a smaller impact
(importance). Definitions of all variables are included in Table Al.
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Figure 9: Subgroup Analysis — CATE

This figure presents the interpretation of the effect of the top 10 variables by feature importance that driving
heterogeneity by gender in predicting CEOs. Values are presented for the top 10 variables with the largest
impact on the prediction by treatment split where Lighter color indicates the effect for treated (female)
group, and darker color indicates the control (male) group. Definitions of all variables are included in Table

Al.
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Figure 10: Gender-Neutral Selection Analysis — CATE

This figure presents changes in the number of selected candidates using gender neutral approach. In the test
subset of data, 57 female CEOs are actually selected — if CATE model estimates counterfactual selection
probabilities assuming gender neutrality, the total number of female CEOs, this number increases to 92
female CEOs, an increase of over 61%. Number of selected male CEO candidates remains unchanged (884)
using gender-neutral selection approach.
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Figure 11: SHAP Values for Top 20 Variables — Pre- and Post-Crisis Subsamples

This figure presents the results for the female CEO top-performing model for pre- (Panel A) and post-crisis
(Panel B) subsamples, XGBoost tree specification, with SHAP values indicating the direction and
magnitude of the explanatory variable’s impact on the prediction of the outcome variable. SHAP values are
presented for the top 20 variables with the largest impact on the prediction. Darker color indicates a positive
impact, while lighter color indicates a negative impact. Definitions of all variables are included in Table
Al.
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Figure 11 (continued): SHAP Values for Top 20 Variables — Pre- and Post-Crisis Subsamples

This figure presents the results for the female CEO top-performing model for pre- (Panel A) and post-crisis
(Panel B) subsamples, XGBoost tree specification, with SHAP values indicating the direction and
magnitude of the explanatory variable’s impact on the prediction of the outcome variable. SHAP values are
presented for the top 20 variables with the largest impact on the prediction. Darker color indicates a positive
impact, while lighter color indicates a negative impact. Definitions of all variables are included in Table
Al.

Panel B. Post-Crisis Subsample

Public and private exp (firms)

Private firm exp (firms) 4

Education degree (count)

Public firm exp (firms)

Employment exp Heterogeneity

Master degree

Bachelor Degree

Professional exp (years) q

Social network (Betweenness)

Number of continents emp

Finance emp exp

Mkt emp exp

Industry exp Heterogeneity

Employment exp (types)

Industries exp

Committee chair

Charity exp

International emp exp

Academic emp

3 4 5
SHAP Value (Dark = Positive Impact)

o
=
]
o

67



Table 1: Descriptive Statistics

This table presents a two-sample t-test with unequal variances for the CEO and non-CEO subsamples for
all variables used in the data analysis. Definitions of all variables are included in Table Al.

Panel A. Female Sample
This table presents a two-sample #-test with unequal variances for the CEO and non-CEO subsamples for

female sample. The CEO subsample consists of female executives who became first-time CEOs in a given
year. Definitions of all variables are included in Table Al. *p < 0.10; **p < 0.05; ***p <0.01.

CEO Non-CEO Difference T-stat
Academic affiliation 0.16 0.24 -0.07 -3.22%*
Academic award 0.11 0.12 -0.01 -0.29
Academic emp exp 0.02 0.10 -0.08 -5.05%**
Advisor (other) 0.07 0.07 -0.01 -0.38
Africa emp exp 0.01 0.01 0.00 0.16
Americas emp exp 0.01 0.01 0.00 -0.23
Art affiliation 0.03 0.06 -0.03 -2.15%
Asia emp exp 0.03 0.03 -0.01 -0.75
Audit committee chair exp 0.05 0.03 0.02 2.80%*
Audit committee exp 0.16 0.10 0.07 4.23%*%*
Author 0.01 0.03 -0.02 -2.13*
Award 0.41 0.40 0.01 0.31
Bachelor’s degree 0.79 0.71 0.08 3.36%**
Betweenness 77.50 43.36 34.14 17.47%%*
Board exp (firms) 1.61 0.96 0.65 5.73%*%*
Board exp (years) 6.53 5.40 1.13 1.40
Board exp Heterogeneity 27.80 30.26 -2.46 -0.10
Board member (other) 0.06 0.06 0.00 0.05
Business affiliation 0.05 0.08 -0.03 -2.20%*
Business award 0.23 0.15 0.09 4.45%%*
Canada emp exp 0.07 0.09 -0.03 -1.61
CFO emp exp 0.20 0.11 0.08 4.85% %%
Chair exp (quoted) 0.07 0.02 0.05 6.10%**
Chairwoman (other) 0.11 0.15 -0.04 -2.33%*
Charity emp exp 0.00 0.05 -0.05 -4.03%**
Child affiliation 0.01 0.03 -0.02 -2.21%
City award 0.00 0.00 0.00 -0.87
Closeness 68.42 50.46 17.96 11.50%**
Clubs emp exp 0.00 0.00 0.00 -1.21
Committee (other) 0.04 0.09 -0.05 -3.30%**
Committee chair exp 0.13 0.08 0.05 3.15%*
Committee exp 0.34 0.25 0.09 4.03%%*
Community college degree 0.01 0.00 0.00 1.21
Compensation committee chair exp 0.04 0.03 0.01 1.40
Compensation committee exp 0.20 0.10 0.10 5.93%%*
COO emp exp 0.32 0.06 0.26 19.77%**
Countries exp 1.31 1.23 0.08 2.34%*
CPA 0.08 0.10 -0.02 -1.06
CTO emp exp 0.01 0.01 0.00 -0.33
Degree 76.81 48.36 28.46 17.16%**
Eigenvector 65.32 48.61 16.71 9.84%*%
Employment exp (types) 1.61 1.45 0.16 3.80%**
Employment exp Heterogeneity 38.19 33.95 4.24 2.96%*
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Europe emp exp

Exec VP exp (quoted)

Female affiliation

Female network (proportion)
Finance emp exp

Foreign affiliation

Foreign firm CEO emp exp
Foreign Nationality

Foreign private firm CEO emp exp
Foreign public firm CEO emp exp
Founder (other)

Founder emp exp

Gov award (US)

Gov emp exp

Governance committee chair exp
Governance committee exp
Graduate degree

Health affiliation

Honorary Degree

Humanities affiliation
Humanity award

Industries exp

Industry exp Heterogeneity
Insider exp (firms)

Insider exp (years)
International affiliation
International emp (years)
International emp exp
International exp Heterogeneity
Ivy degree

JD

Law affiliation

Law award

Law emp exp

Leader award

Master’s degree

MBA

MD

Media award

Medical emp exp

Mentor

Mgt emp exp

Military award

Military emp exp

Mkt emp exp

Nomination committee chair exp
Nomination committee exp
Num of academic degree
Number of continents emp
Number of different committees
Oceania emp exp

Other awards

Other committee chair exp
Other committee exp
Outsider exp (firms)

Outsider exp (years)

0.09
0.05
0.04
0.17
0.19
0.01
0.02
0.02
0.02
0.00
0.01
0.03
0.01
0.00
0.02
0.17
0.47
0.04
0.01
0.08
0.10
1.70
41.63
0.14
0.73
0.01
1.74
0.17
1.45
0.19
0.08
0.01
0.08
0.04
0.10
0.44
0.30
0.02
0.20
0.00
0.00
0.98
0.00
0.00
0.27
0.03
0.15
1.39
0.19
1.02
0.01
0.06
0.04
0.06
0.07
0.30

0.07
0.01
0.07
0.11
0.19
0.01
0.02
0.04
0.02
0.01
0.01
0.02
0.01
0.04
0.03
0.09
0.50
0.07
0.02
0.13
0.11
1.41
33.28
0.06
0.42
0.05
3.44
0.19
3.49
0.17
0.16
0.08
0.17
0.06
0.08
0.47
0.19
0.02
0.12
0.01
0.01
0.84
0.00
0.01
0.12
0.03
0.09
1.44
0.21
0.49
0.01
0.09
0.01
0.02
0.12
0.85

0.02

0.04

-0.03
0.06
0.00
-0.01
0.00
-0.02
0.00
0.00
0.00
0.00
-0.01
-0.04
-0.01
0.08
-0.03
-0.03
0.00
-0.04
-0.01
0.29
8.34

0.08
0.32

-0.04
-1.70
-0.02
-2.03
0.03

-0.08
-0.06
-0.09
-0.02
0.02

-0.03
0.11

0.00
0.09
-0.01
-0.01
0.14

0.00
-0.01
0.15

0.00
0.06
-0.04
-0.02
0.53

-0.01
-0.03
0.02

0.04

-0.05
-0.56

1.58
6.08%%*
2.24%
778k
0.15
-1.30
-0.44
-1.84
0.07
-0.77
-0.49
0.44
-1.13
375k
-1.05
4.79% %
117
2.39%
0.47
2.40%
-0.65
5.95% %
4.68%%*
4,73 %%
2.25%
-3.50% %
3.15%*
0.92
2.69%*
1.34
4.3k
433 %%
-4.43%%%
-1.74
1.47
121
5.10%%*
0.33
5.14%%
1.41
-1.34
7245
-0.82
-1.41
8.55% %
0.13
3.86%**
0.72
-0.86
8.35% %
0.93
-1.96
3.48%%*
4.89% %
-1.62
2.05*
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Partnership emp exp 0.01 0.06 -0.04 -3.42%%*
PhD degree 0.06 0.07 -0.01 -0.73
Political emp exp 0.01 0.04 -0.03 -2.76**
President (other) 0.02 0.08 -0.05 =3.72%%*
President exp (quoted) 0.31 0.02 0.29 37.72%%*
Private firm exp (firms) 2.65 2.02 0.63 5.21%%*
Private firm exp (years) 12.45 10.77 1.68 2.18%
Professional exp (years) 23.20 21.85 1.34 2.49%
Public and private exp (firms) 4.87 3.25 1.63 9.65%**
Public firm exp (firms) 2.23 1.23 1.00 11.58*%*
Public firm exp (years) 14.10 7.88 6.22 10.27*%*
Royalty award 0.00 0.00 0.00 -1.12
Science affiliation 0.02 0.02 0.00 -0.15
Science award 0.08 0.06 0.01 1.14
Science emp exp 0.06 0.05 0.02 1.34
Secretary (other) 0.01 0.02 -0.01 -1.57
Sport affiliation 0.01 0.01 0.00 -0.75
Sport award 0.01 0.00 0.00 1.12
Sporting emp exp 0.00 0.00 0.00 -0.41
Tech emp exp 0.03 0.04 -0.01 -0.92
Total Connections (Executive Network) 21.25 24.17 -2.92 -0.85
Treasurer (other) 0.01 0.03 -0.01 -1.45
Trustee (other) 0.11 0.11 0.00 -0.05
University emp exp 0.01 0.04 -0.03 -3.04**
Upper mgt exp 0.51 0.18 0.33 16.07***
Upper mgt exp (industries) 0.47 0.12 0.35 17.10%%*
Upper mgt exp (years) 3.07 1.28 1.79 8.23%%**
Upper mgt exp Heterogeneity 4.00 1.38 2.62 10.00%**
US private firm CEO emp exp 0.35 0.11 0.24 13.89%**
Volunteer 0.00 0.01 -0.01 -1.37
Women award 0.25 0.15 0.10 5.02%%*
Women’s College 0.04 0.04 0.00 0.21
Observations 342 272,749 273,091
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Table 1 (continued): Descriptive Statistics

This table presents a two-sample t-test with unequal variances for the CEO and non-CEO subsamples for
all variables used in the data analysis. Definitions of all variables are included in Table Al.

Panel B. Male Sample

This table presents a two-sample z-test with unequal variances for the CEO and non-CEO subsamples for
male sample. The CEO subsample consists of male executives who became first-time CEOs in a given year.
Definitions of all variables are included in Table Al. *p < 0.10; **p < 0.05; ***p < 0.01.

CEO Non-CEO Difference T-stat
Academic affiliation 0.10 0.12 -0.02 -3.49%%*
Academic award 0.06 0.06 0.00 0.11
Academic emp exp 0.03 0.08 -0.04 -10.82%%*
Advisor (other) 0.02 0.03 -0.01 -2.80%*
Africa emp exp 0.00 0.01 0.00 -3.04**
Americas emp exp 0.01 0.01 0.00 -1.57
Art affiliation 0.02 0.02 0.00 -1.63
Asia emp exp 0.05 0.06 -0.01 -2.23%
Audit committee chair exp 0.04 0.04 0.01 2.30*
Audit committee exp 0.11 0.09 0.02 4.72%%*
Author 0.01 0.02 -0.01 -3.72%%*
Award 0.19 0.25 -0.05 -8.13%%*
Bachelor’s degree 0.79 0.75 0.04 5.95%%*
Betweenness 57.01 32.18 24.83 46.62%**
Board exp (firms) 2.07 1.34 0.72 17.68%%*
Board exp (years) 9.50 8.13 1.37 4.92%%*
Board exp Heterogeneity 48.05 51.28 -3.23 -0.40
Board member (other) 0.02 0.02 0.00 -1.89
Business affiliation 0.03 0.04 -0.01 -2.58%*
Business award 0.08 0.05 0.02 7.33%%%
Canada emp exp 0.06 0.12 -0.06 -12.15%%*
CFO emp exp 0.19 0.13 0.06 12.09%**
Chair exp (quoted) 0.21 0.08 0.12 29.91*%*
Chairwoman (other) 0.07 0.08 0.00 -0.63
Charity emp exp 0.00 0.01 -0.01 -4.87%%*
Child affiliation 0.01 0.01 0.00 -0.39
City award 0.00 0.00 0.00 -1.61
Closeness 58.69 35.38 23.31 46.51%**
Clubs emp exp 0.00 0.00 0.00 -1.21
Committee (other) 0.01 0.04 -0.02 -8.56%**
Committee chair exp 0.11 0.09 0.02 4.17%%*
Committee exp 0.24 0.19 0.06 10.12%%*
Community college degree 0.00 0.00 0.00 -0.67
Compensation committee chair exp 0.04 0.03 0.01 2.66**
Compensation committee exp 0.12 0.09 0.03 7.28%%*
COO emp exp 0.41 0.10 0.31 69.51%**
Countries exp 1.35 1.32 0.03 2.38%*
CPA 0.07 0.05 0.03 8.09%**
CTO emp exp 0.01 0.03 -0.01 -5.62%%*
Degree 59.27 34.18 25.09 49.75%%*
Eigenvector 56.69 33.65 23.04 44.25%**
Employment exp (types) 1.53 1.45 0.09 7.27%%*
Employment exp Heterogeneity 58.12 59.10 -0.98 -1.65
Europe emp exp 0.09 0.09 0.00 0.34
Exec VP exp (quoted) 0.04 0.01 0.02 15.29%**
Female affiliation 0.00 0.00 0.00 -1.32
Female network (proportion) 0.11 0.12 -0.01 -3 11
Finance emp exp 0.19 0.18 0.01 1.69
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Foreign affiliation

Foreign firm CEO emp exp
Foreign Nationality

Foreign private firm CEO emp exp

Foreign public firm CEO emp exp

Founder (other)

Founder emp exp

Gov award (US)

Gov emp exp

Governance committee chair exp
Governance committee exp
Graduate degree

Health affiliation

Honorary Degree
Humanities affiliation
Humanity award

Industries exp

Industry exp Heterogeneity
Insider exp (firms)

Insider exp (years)
International affiliation
International emp (years)
International emp exp
International exp Heterogeneity
Ivy degree

JD

Law affiliation

Law award

Law emp exp

Leader award

Master’s degree

MBA

MD

Media award

Medical emp exp

Mentor

Mgt emp exp

Military award

Military emp exp

Mkt emp exp

Nomination committee chair exp
Nomination committee exp
Num of academic degree
Number of continents emp
Number of different committees
Oceania emp exp

Other awards

Other committee chair exp
Other committee exp
Outsider exp (firms)
Outsider exp (years)
Partnership emp exp

PhD degree

Political emp exp

President (other)

President exp (quoted)
Private firm exp (firms)
Private firm exp (years)
Professional exp (years)
Public and private exp (firms)
Public firm exp (firms)
Public firm exp (years)

0.00
0.06
0.03
0.04
0.02
0.00
0.04
0.00
0.00
0.03
0.09
0.44
0.03
0.02
0.04
0.04
1.56
59.95
0.41
2.21
0.02
9.41
0.20
8.13
0.15
0.06
0.01
0.05
0.02
0.02
0.42
0.28
0.01
0.04
0.00
0.00
0.98
0.00
0.03
0.17
0.03
0.10
1.25
0.23
0.75
0.01
0.04
0.02
0.06
0.21
0.92
0.02
0.04
0.01
0.02
0.35
2.73
14.56
37.29
4.69
1.96
12.84

0.01
0.07
0.04
0.05
0.03
0.00
0.04
0.01
0.02
0.03
0.08
0.51
0.03
0.01
0.05
0.04
1.35
55.30
0.11
0.84
0.02
11.70
0.26
11.67
0.17
0.13
0.05
0.13
0.05
0.02
0.47
0.24
0.02
0.03
0.00
0.00
0.84
0.00
0.03
0.09
0.03
0.08
1.28
0.30
0.42
0.02
0.05
0.01
0.02
0.17
1.24
0.09
0.06
0.03
0.04
0.06
2.28
14.12
40.11
3.57
1.29
8.79

-0.01
-0.01
-0.01
0.00
-0.01
0.00
0.00
0.00
-0.02
0.00
0.02
-0.06
-0.01
0.01
-0.01
-0.01
0.21
4.65
0.30
1.37
0.00
-2.29
-0.07
-3.53
-0.02
-0.07
-0.04
-0.08
-0.03
0.00
-0.05
0.05
-0.01
0.00
0.00
0.00
0.14
0.00
0.00
0.08
0.00
0.02
-0.03
-0.08
0.33
0.00
-0.01
0.00
0.04
0.03
-0.32
-0.07
-0.02
-0.01
-0.02
0.29
0.45
0.45
-2.82
1.12
0.67
4.05

-3.53 %%
-1.95
-3.947%*
-0.70
-4.39%%*
-1.92
-0.18
2.20%
8,73 %%
-0.22
4.83%%x
R EEE
2.16*
4.16%**
2.97%*
-1.91
16.26%**
7.19%%*
41.58%%*
22.02%%%
2.27*
5.1 7%
9,94
-6.02% %%
2.91%x
-14.35%#x
11.18%#*
-15.86%**
9.27k¥x
0.60
-6.40%%*
7.37 %%
4255w
1.05
-4 10%%*
-1.75
26.36%%*
0.41
1.49
18.40%
0.09
4.74%%%
-2.49%
9. 15%%*
21.08%+
2.33%
-4.24%%x
2.71%*
16.64%%*
3.01%*
3435w
17.23%%x
-5.75% %
-5.88% ¥
-6.77%%*
83.16%**
11.81%%*
1.62
-16.05%**
21.56%**
27.01%%*
19,547
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Royalty award 0.00 0.00 0.00 -3.13%*
Science affiliation 0.01 0.01 -0.01 -2.82%*
Science award 0.02 0.04 -0.01 -3.82%%*
Science emp exp 0.06 0.09 -0.03 -6.30%**
Secretary (other) 0.00 0.01 0.00 -2.74%*
Sport affiliation 0.00 0.01 0.00 -0.64
Sport award 0.00 0.00 0.00 -1.56
Sporting emp exp 0.00 0.00 0.00 -0.35
Tech emp exp 0.03 0.06 -0.03 -9.62%**
Total Connections (Executive Network) 15.58 40.88 -25.29 -18.03%**
Treasurer (other) 0.01 0.01 0.00 -2.31*
Trustee (other) 0.06 0.05 0.01 3.38%%**
University emp exp 0.00 0.02 -0.02 -8.70%**
Upper mgt exp 0.62 0.26 0.36 54.50%%*
Upper mgt exp (industries) 0.37 0.12 0.25 45.33%**
Upper mgt exp (years) 3.26 1.71 1.56 9.,72%%*
Upper mgt exp Heterogeneity 4.18 1.96 2.22 12.99%%*
US private firm CEO emp exp 0.48 0.18 0.30 51.25%**
Volunteer 0.00 0.00 0.00 -2.47*
Women award 0.00 0.00 0.00 0.35
Women’s College 0.00 0.00 0.00 -1.00
Observations 4,457 2,011,920 2,016,377
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Table 2: T-test of Sample Means — Comparison of Male and Female CEOs

This table presents a two-sample #-test with unequal variances for the female and male CEO subsamples.
Definitions of all variables are provided in Table Al. *p <0.10; **p < 0.05; ***p < 0.01.

Female CEO  Male CEO Difference T-stat
Academic affiliation 0.16 0.10 0.06 3.80%**
Academic award 0.11 0.06 0.05 3.54%**
Academic emp exp 0.02 0.03 -0.01 -1.28
Adyvisor (other) 0.07 0.02 0.05 5.55%**
Africa emp exp 0.01 0.00 0.00 0.58
Americas emp exp 0.01 0.01 0.00 -0.74
Art affiliation 0.03 0.02 0.01 1.68
Asia emp exp 0.03 0.05 -0.02 -1.82
Audit committee chair exp 0.05 0.04 0.01 0.90
Audit committee exp 0.16 0.11 0.06 3.34%%*
Author 0.01 0.01 0.00 0.16
Award 0.41 0.19 0.22 9.66%**
Bachelor’s degree 0.79 0.79 0.01 0.24
Betweenness 77.50 57.01 20.49 11.53%%*
Board exp (firms) 1.61 2.07 -0.46 -3.28%*
Board exp (years) 6.53 9.50 -2.97 -3.75%**
Board exp Heterogeneity 27.80 48.05 -20.25 -1.97*
Board member (other) 0.06 0.02 0.04 5.37%%*
Business affiliation 0.05 0.03 0.02 2.06%*
Business award 0.23 0.08 0.16 9.92%%**
Canada emp exp 0.07 0.06 0.00 0.21
CFO emp exp 0.20 0.19 0.00 0.19
Chair exp (quoted) 0.07 0.21 -0.14 -6.15%**
Chairwoman (other) 0.11 0.07 0.03 2.20%
Charity emp exp 0.00 0.00 0.00 -0.73
Child affiliation 0.01 0.01 0.00 -0.48
City award 0.00 0.00 0.00 -0.28
Closeness 68.42 58.69 9.73 6.23%**
Clubs emp exp 0.00 0.00 0.00 -0.62
Committee (other) 0.04 0.01 0.03 4.13%**
Committee chair exp 0.13 0.11 0.02 1.25
Committee exp 0.34 0.24 0.10 4.02%%*
Community college degree 0.01 0.00 0.01 1.81
Compensation committee chair exp 0.04 0.04 0.00 -0.09
Compensation committee exp 0.20 0.12 0.07 3.78%**
COO emp exp 0.32 0.41 -0.09 -3.18%*
Countries exp 1.31 1.35 -0.04 -0.98
CPA 0.08 0.07 0.01 0.59
CTO emp exp 0.01 0.01 -0.01 -1.25
Degree 76.81 59.27 17.54 11.16%**
Eigenvector 65.32 56.69 8.63 5.08%**
Employment exp (types) 1.61 1.53 0.08 2.05%
Employment exp Heterogeneity 38.19 58.12 -19.93 -11.27%**
Europe emp exp 0.09 0.09 0.00 -0.11
Exec VP exp (quoted) 0.05 0.04 0.01 1.31
Female affiliation 0.04 0.00 0.04 12.17%%*
Female network (proportion) 0.17 0.11 0.06 6.83***
Finance emp exp 0.19 0.19 0.00 0.01
Foreign affiliation 0.01 0.00 0.00 0.36
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Foreign firm CEO emp exp
Foreign Nationality

Foreign private firm CEO emp exp
Foreign public firm CEO emp exp
Founder (other)

Founder emp exp

Gov award (US)

Gov emp exp

Governance committee chair exp
Governance committee exp
Graduate degree

Health affiliation

Honorary Degree

Humanities affiliation
Humanity award

Industries exp

Industry exp Heterogeneity
Insider exp (firms)

Insider exp (years)
International affiliation
International emp (years)
International emp exp
International exp Heterogeneity
Ivy degree

D

Law affiliation

Law award

Law emp exp

Leader award

Master’s degree

MBA

MD

Media award

Medical emp exp

Mentor

Mgt emp exp

Military award

Military emp exp

Mkt emp exp

Nomination committee chair exp
Nomination committee exp
Num of academic degree
Number of continents emp
Number of different committees
Oceania emp exp

Other awards

Other committee chair exp
Other committee exp

Outsider exp (firms)

Outsider exp (years)

Partnership emp exp

PhD degree

Political emp exp

President (other)

President exp (quoted)

Private firm exp (firms)

0.02
0.02
0.02
0.00
0.01
0.03
0.01
0.00
0.02
0.17
0.47
0.04
0.01
0.08
0.10
1.70
41.63
0.14
0.73
0.01
1.74
0.17
1.45
0.19
0.08
0.01
0.08
0.04
0.10
0.44
0.30
0.02
0.20
0.00
0.00
0.98
0.00
0.00
0.27
0.03
0.15
1.39
0.19
1.02
0.01
0.06
0.04
0.06
0.07
0.30
0.01
0.15
0.01
0.02
0.31
2.65

0.06
0.03
0.04
0.02
0.00
0.04
0.00
0.00
0.03
0.09
0.44
0.03
0.02
0.04
0.04
1.56

59.95

0.41
221
0.02
9.41
0.20
8.13
0.15
0.06
0.01
0.05
0.02
0.02
0.42
0.28
0.01
0.04
0.00
0.00
0.98
0.00
0.03
0.17
0.03
0.10
1.25
0.23
0.75
0.01
0.04
0.02
0.06
0.21
0.92
0.02
0.04
0.01
0.02
0.35
2.73

-0.04
-0.01
-0.02
-0.02
0.01
-0.01
0.00
0.00
-0.01
0.07
0.03
0.01
-0.01
0.04
0.06
0.13
-18.32
-0.27
-1.48
-0.01
-7.67
-0.02
-6.68
0.04
0.02
0.00
0.02
0.02
0.07
0.02
0.01
0.01
0.17
0.00
0.00
0.00
0.00
-0.03
0.10
0.00
0.05
0.15
-0.03
0.27
-0.01
0.02
0.02
0.00
-0.14
-0.63
0.00
0.11
0.00
0.01
-0.05
-0.08

-3.02%*
-0.55
-2.08*
-2.41*
1.81
-1.08
0.50
-1.24
-0.67
4.44%**
0.94
1.58
-0.66
3.63%%*
5.78%**
2.59%*
-7.51%**
-5.69%**
-4.80%**
-0.98
-7.52%%*
-1.02
-5.44%**
1.95
1.47
0.57
1.87
2.70%*
8.26***
0.84
0.53
1.62
14.18***
-0.28
-0.48
-0.33
-0.92
-3.35%**
4.64***
-0.14
2.92%%*
3.45%%*
-1.24
3.95%**
-1.12
2.12%*
2.48*
0.03
-3.38%**
2271
-0.31
9.60%**
-0.31
0.90
-1.73
-0.64

75



Private firm exp (years) 12.45 14.56 -2.12 -2.52%
Professional exp (years) 23.20 37.29 -14.09 -23.46%**
Public and private exp (firms) 4.87 4.69 0.19 1.05
Public firm exp (firms) 2.23 1.96 0.27 2.98**
Public firm exp (years) 14.10 12.84 1.26 1.88
Royalty award 0.00 0.00 0.00 -0.28
Science affiliation 0.02 0.01 0.01 2.52%
Science award 0.08 0.02 0.05 5.49%**
Science emp exp 0.06 0.06 0.00 0.26
Secretary (other) 0.01 0.00 0.01 2.02%*
Sport affiliation 0.01 0.00 0.00 0.23
Sport award 0.01 0.00 0.00 2.50%
Sporting emp exp 0.00 0.00 0.00 -0.39
Tech emp exp 0.03 0.03 0.00 0.01
Total Executive Network 21.25 15.58 5.67 2.87%%*
Treasurer (other) 0.01 0.01 0.01 0.94
Trustee (other) 0.11 0.06 0.05 3.89%=*
University emp exp 0.01 0.00 0.00 0.58
Upper mgt exp 0.51 0.62 -0.11 -4.00%**
Upper mgt exp (industries) 0.47 0.37 0.10 3.22%*
Upper mgt exp (years) 3.07 3.26 -0.19 -0.62
Upper mgt exp Heterogeneity 4.00 4.18 -0.18 -0.38
US private firm CEO emp exp 0.35 0.48 -0.13 -4.71%%*
Volunteer 0.00 0.00 0.00 -0.28
Women award 0.25 0.00 0.24 36.50%**
Women’s College 0.04 0.00 0.04 11.84***
Observations 342 4,457 4,799
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Table 3: Comparison of Model Performance

This table presents the out-of-bag and out-of-sample performance metrics for all the models. Out-of-bag
performance is assessed on the resampled training data, and out-of-sample performance is based on the test
subsample data. We split the sample into training data based on rolling window, with the initial 6 years as
training subsample, and the following 3 years as validation subsample rolling throughout 2001 to 2015; and
test sample for 2016-2018. AUC is the area under the ROC curve. Sensitivity is the ratio of true positive
cases to all positive cases identified by the model. Specificity is the ratio of true negative cases to all negative
cases identified by the model. Accuracy assesses the model’s overall ability to identify true cases among
all of the data. Balanced Accuracy measures the model’s average ability to identify true cases and is the
sum of sensitivity and specificity divided by two. Random Forest is the best-performing model based on
the highest test AUC among all models.

Panel A. Female Sample

AUC Accuracy Sensitivity Specificity  Balanced Accuracy

Out-of-Bag Performance

Logistic Regression 0.80 0.52 0.93 0.52 0.73
Lasso 0.86 0.93 0.55 0.93 0.74
GLM Net 0.87 0.93 0.56 0.93 0.74
Boosted GLM 0.86 0.93 0.55 0.93 0.74
KNN 0.85 0.94 0.43 0.94 0.68
Decision Tree 0.90 0.91 0.70 0.91 0.81
Bagged Decision Trees 0.99 0.94 0.99 0.94 0.97
Random Forest 0.99 0.95 1.00 0.95 0.97
Gradient Boosting 0.91 0.94 0.57 0.94 0.76
XGBoost 0.93 0.94 0.69 0.94 0.81
Out-of-Sample Performance

Logistic Regression 0.69 0.51 0.75 0.51 0.63
Lasso 0.77 0.93 0.37 0.93 0.65
GLM Net 0.78 0.92 0.41 0.92 0.66
Boosted GLM 0.78 0.93 0.37 0.93 0.65
KNN 0.75 0.94 0.30 0.94 0.62
Decision Tree 0.84 0.91 0.53 0.91 0.72
Bagged Decision Trees 0.88 0.94 0.48 0.94 0.71
Random Forest 0.91 0.95 0.54 0.95 0.75
Gradient Boosting 0.89 0.95 0.42 0.95 0.68
XGBoost 0.89 0.94 0.49 0.94 0.72
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Table 3 (continued): Comparison of Model Performance

This table presents the out-of-bag and out-of-sample performance metrics for all the models. Out-of-bag
performance is assessed on the resampled training data, and out-of-sample performance is based on the test
subsample data. We split the sample into training data based on rolling window, with the initial 6 years as
training subsample, and the following 3 years as validation subsample rolling throughout 2001 to 2015; and
test sample for 2016-2018. AUC is the area under the ROC curve. Sensitivity is the ratio of true positive
cases to all positive cases identified by the model. Specificity is the ratio of true negative cases to all negative
cases identified by the model. Accuracy assesses the model’s overall ability to identify true cases among
all of the data. Balanced Accuracy measures the model’s average ability to identify true cases and is the
sum of sensitivity and specificity divided by two. Random Forest is the best-performing model based on
the highest test AUC among all models.

Panel B. Male Sample

AUC Accuracy Sensitivity Specificity  Balanced Accuracy

Out-of-Bag Performance

Logistic Regression 0.83 0.69 0.81 0.69 0.75
Lasso 0.84 0.80 0.74 0.80 0.77
GLM Net 0.82 0.67 0.81 0.67 0.74
Boosted GLM 0.84 0.79 0.75 0.79 0.77
KNN 0.83 0.90 0.51 0.90 0.71
Decision Tree 0.90 0.89 0.75 0.89 0.82
Bagged Decision Trees 0.99 0.92 1.00 0.92 0.96
Random Forest 0.99 0.92 0.99 0.92 0.96
Gradient Boosting 091 0.93 0.61 0.93 0.77
XGBoost 091 0.93 0.61 0.93 0.77

Out-of-Sample Performance

Logistic Regression 0.75 0.72 0.66 0.72 0.69
Lasso 0.81 0.81 0.68 0.81 0.75
GLM Net 0.75 0.70 0.67 0.70 0.69
Boosted GLM 0.81 0.81 0.68 0.81 0.75
KNN 0.76 0.92 0.33 0.92 0.62
Decision Tree 0.81 0.92 0.42 0.92 0.67
Bagged Decision Trees 0.85 0.94 0.43 0.94 0.69
Random Forest 0.88 0.96 0.35 0.96 0.66
Gradient Boosting 0.89 0.97 0.38 0.97 0.67
XGBoost 0.89 0.96 0.40 0.96 0.68
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Table 4: T-test of Sample Means — Comparison of Male and Female CEOs

This table presents a two-sample #-test with unequal variances for the female and male CEO subsamples.
Definitions of all variables are provided in Table Al. *p < 0.10; **p < 0.05; ***p < 0.01.

Panel A. Top 20 Most Important Variables (Female Model)

Female CEO Male CEO Difference T-stat
Upper mgt exp Heterogeneity 4.00 4.18 -0.18 -0.38
Upper mgt exp (years) 3.07 3.26 -0.19 -0.62
Social network (Betweenness) 77.50 57.01 20.49 11.53%%*
Board exp (years) 6.53 9.50 -2.97 -3.75%**
Social network (Degree) 76.81 59.27 17.54 11.16%**
Board exp Heterogeneity 27.80 48.05 -20.25 -1.97*
Public firm exp (years) 14.10 12.84 1.26 1.88
Social network (Female connections) 0.17 0.11 0.06 6.83%**
Social network (Closeness) 68.42 58.69 9.73 6.23%**
Social network (Total Executive Network) 21.25 15.58 5.67 2.87%*
Private firm exp (years) 12.45 14.56 -2.12 -2.52%
Master’s degree 0.44 0.42 0.02 0.84
Insider exp (years) 0.73 2.21 -1.48 -4.80%**
Graduate degree 0.47 0.44 0.03 0.94
Social network (Eigenvector) 65.32 56.69 8.63 5.08%**
Finance emp exp 0.19 0.19 0.00 0.01
International emp (years) 1.74 9.41 -7.67 =7.52%%*
Employment exp Heterogeneity 38.19 58.12 -19.93 -11.27%**
Academic affiliation 0.16 0.10 0.06 3.80%**
International emp exp 0.17 0.20 -0.02 -1.02

Panel B. Top 20 Most Important Variables (Male Model)

Female CEO Male CEO Difference T-stat
Public and private exp (firms) 4.87 4.69 0.19 1.05
Private firm exp (firms) 2.65 2.73 -0.08 -0.64
Number of continents emp 0.19 0.23 -0.03 -1.24
Public firm exp (firms) 2.23 1.96 0.27 2.98**
Canada emp exp 0.07 0.06 0.00 0.21
Num of academic degree 1.39 1.25 0.15 3.45%**
Master’s degree 0.44 0.42 0.02 0.84
Employment exp (types) 1.61 1.53 0.08 2.05%
Bachelor’s degree 0.79 0.79 0.01 0.24
Employment exp Heterogeneity 38.19 58.12 -19.93 -11.27%**
Finance emp exp 0.19 0.19 0.00 0.01
Europe emp exp 0.09 0.09 0.00 -0.11
Social network (Closeness) 68.42 58.69 9.73 6.23%**
Asia emp exp 0.03 0.05 -0.02 -1.82
Upper mgt exp 0.51 0.62 -0.11 -4.00%**
MKkt emp exp 0.27 0.17 0.10 4.64%**
Upper mgt exp Heterogeneity 4.00 4.18 -0.18 -0.38
CFO emp exp 0.20 0.19 0.00 0.19
Professional exp (years) 23.20 37.29 -14.09 -23.46***
Partnership emp exp 0.01 0.02 0.00 -0.31
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Table S: Logistic Models with Most Important Variables

This table presents the prediction of first-time CEOs from logistic models. The variables for the logistic models were
selected based on the top 20 most important variables predicted by the best-performing model for each sample.
Definitions of all variables are provided in Table Al. Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1.

Panel A. Female CEOs
) 2
First-time Female CEO First-time Female CEO
Upper mgt exp Heterogeneity 0.036%*** 0.036%**
(0.013) (0.013)
Upper mgt exp (years) -0.017 -0.017
(0.019) (0.019)
Social Network (Betweenness) 0.033%%** 0.033***
(0.004) (0.004)
Board exp (years) -0.041%%* -0.041%**
(0.008) (0.008)
Social Network (Degree) 0.023%*%*%* 0.023%**
(0.005) (0.005)
Board exp Heterogeneity 0.000 0.000
(0.001) (0.000)
Public firm exp (years) 0.014%%** 0.014%**
(0.003) (0.003)
Female network (proportion) 1.324%** 1.362%**
(0.314) (0.316)
Social Network (Closeness) -0.002 -0.002
(0.007) (0.007)
Total Executive Network -0.004%%** -0.004**
(0.002) (0.002)
Private firm exp (years) 0.010%* 0.011%**
(0.005) (0.005)
Master’s degree -0.232 -0.229
(0.281) (0.281)
Insider exp (years) 0.035%* 0.034*
(0.018) (0.019)
Graduate degree -0.031 -0.038
(0.283) (0.283)
Social Network (Eigenvector) -0.006 -0.007
(0.006) (0.006)
Finance emp exp -0.357** -0.361%*
(0.154) (0.154)
International emp exp -0.486%** -0.470%%*
(0.151) (0.151)
Employment exp Heterogeneity -0.005** -0.005*
(0.003) (0.003)
Academic affiliation -0.639%** -0.636%**
(0.153) (0.153)
Constant -9.410%** -9.658%**
(0.244) (0.411)
Year fixed effects No Yes
Observations 273,091 273,091
Pseudo R-squared 0.106 0.109
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Table 5 (continued): Logistic Models with Most Important Variables
This table presents the prediction of first-time CEOs from logistic models. The variables for the logistic models were

selected based on the top 20 most important variables predicted by the best-performing model for each sample.
Definitions of all variables are provided in Table Al. Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1.

Panel B. Male CEOs

M @
First-time Male CEO First-time Male CEO
Public and private exp (firms) 0.033%%* 0.041%**
(0.008) (0.007)
Private firm exp (firms) -0.036*** -0.033%%**
(0.011) (0.010)
Number of continents emp -0.191** -0.167*
(0.094) (0.094)
Canada emp exp -0.708*** -0.691%%*
(0.114) (0.113)
Education degree (count) -0.303%*%** -0.326%**
(0.077) (0.077)
Master’s degree 0.151%* 0.182%%*
(0.084) (0.084)
Employment exp (types) -0.099 -0.136*
(0.068) (0.073)
Bachelor’s degree 0.513%** 0.494%**
(0.087) (0.087)
Employment exp Heterogeneity -0.005%** -0.004**
(0.002) (0.002)
Finance emp exp 0.157*** 0.170%***
(0.053) (0.053)
Europe emp exp 0.114 0.100
(0.110) (0.110)
Social Network (Closeness) 0.018%%** 0.017%%**
(0.001) (0.001)
Asia emp exp 0.109 0.110
(0.119) (0.119)
Upper mgt exp 1.714%%* 1.705%**
(0.035) (0.035)
Mkt emp exp 0.889%** 0.903***
(0.048) (0.048)
Upper mgt exp Heterogeneity 0.001 0.001**
(0.000) (0.000)
CFO emp exp -0.802%*%* -0.792%%*%*
(0.050) (0.050)
Professional exp (years) -0.014%** -0.008***
(0.003) (0.003)
Partnership emp exp -1.149%** -1.096%**
(0.118) (0.118)
Constant -6.707%** -6.565%**
(0.107) (0.125)
Year fixed effects No Yes
Observations 2,016,377 2,016,377
Pseudo R-squared 0.090 0.096
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Table 6: Cross-Model Fit

This table presents the prediction of first-time CEOs from cross-fitted models where the female sample is fitted for
the final male prediction model and vice versa.

Panel A. Predictions on Cross-Model Fit

In this panel, we propose an alternative measure of cross-model fit. We look at observations correctly identified as
CEOs by cross-model fit (best-performing model for the other sample) and compare them to the actual number of
respective CEOs.

Female CEOs Male CEOs
Number of CEOs predicted by the cross-model fit 244 1,344
Actual number of CEOs 342 4,457
Rate of Prediction 0.71 0.30

Panel B. Adjusted Prediction Models on Cross-Samples

In this panel, we propose an alternative measure of cross-model fit. We look at observations correctly identified as
CEOs by cross-models (best performing model for the other sample) and compare them to the actual number of
respective CEOs. About 1% of the predicted male CEOs who meet the overall criteria to become a CEO identified by
the model actually become CEOs. In fitting the female sample for the male CEO prediction model, we use this
percentage as a proxy of how many of the predicted female CEOs who meet the male criteria of becoming a CEO
would plausibly become CEOs in real life (matching 1% of qualified males who become CEOs). For the female CEO
model, about 2% of the predicted female CEOs who meet the overall criteria to become a CEO identified by the model
actually become CEOs. In fitting the male sample for the male CEO prediction model, we use this percentage as a
proxy of how many of the predicted male CEOs who meet the male criteria of becoming a CEO would plausibly
become CEOs in real life (matching 2% of qualified females who become CEOs).

Female CEOs Male CEOs
Adjusted Number of CEOs predicted by the cross-model fit 526 1,389
Actual number of CEOs 342 4,457
Adjusted Rate of Prediction 1.54 0.31

82



Table 6 (continued): Cross-Model Fit

This table presents the prediction of first-time CEOs from cross-fitted models where the female sample is fitted for
the final male prediction model and vice versa.

Panel C. Cross-Model Fit Predictions by Industry on Female Sample with Male Model

Predicted Actual
CEO Not CEO Total Prediction Rate (%)

Pharmaceuticals and Biotechnology 19 24 43 44
General Retailers 25 15 40 63
Health 13 11 24 54
Business Services 10 10 20 50
Banks 11 8 19 58
Leisure & Hotels 9 5 14 64
Real Estate 9 5 14 64
Software & Computer Services 8 6 14 57
Publishing 9 2 11 82
Telecommunication Services 8 2 10 80
Clothing & Personal Products 4 5 9 44
Electronic & Electrical Equipment 5 4 9 56
Food Producers & Processors 5 4 9 56
Insurance 7 2 9 78
Utilities - Other 5 4 9 56
Chemicals 3 5 8 38
Household Products 4 4 8 50
Media & Entertainment 1 7 8 13
Oil & Gas 4 4 8 50
Engineering & Machinery 4 3 7 57
Specialty & Other Finance 4 3 7 57
Investment Companies 0 6 6 0

Electricity 3 1 4 75
Food & Drug Retailers 1 3 4 25
Information Technology Hardware 2 2 4 50
Construction & Building Materials 1 2 3 33
Steel & Other Metals 2 1 3 67
Transport 1 2 3 33
Aerospace & Defense 2 0 2 100
Consumer Services 0 2 2 0

Education 2 0 2 100
Leisure Goods 2 0 2 100
Automobiles & Parts 0 1 1 0

Beverages 1 0 1 100
Diversified Industrials 0 1 1 0

Forestry & Paper 1 0 1 100
Renewable Energy 1 0 1 100
Tobacco 1 0 1 100
Wholesale Trade 1 0 1 100
Total 188 154 342 55
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Table 6 (continued): Cross-Model Fit

Panel D. Cross-Model Fit Predictions by Industry on Male Sample with Female Model

Predicted Actual
CEO Not CEO Total Prediction Rate (%)

Banks 88 311 399 22
Software & Computer Services 64 298 362 18
Electronic & Electrical Equipment 94 224 318 30
Pharmaceuticals and Biotechnology 59 239 298 20
Health 64 191 255 25
Oil & Gas 45 164 209 22
Business Services 37 160 197 19
Specialty & Other Finance 35 153 188 19
Engineering & Machinery 31 135 166 19
General Retailers 59 98 157 38
Leisure & Hotels 33 120 153 22
Information Technology Hardware 43 107 150 29
Real Estate 38 111 149 26
Transport 34 74 108 31
Telecommunication Services 19 84 103 18
Utilities - Other 41 60 101 41
Insurance 28 70 98 29
Food Producers & Processors 21 74 95 22
Construction & Building Materials 25 69 94 27
Chemicals 24 64 88 27
Media & Entertainment 18 65 83 22
Clothing & Personal Products 17 50 67 25
Automobiles & Parts 10 38 48 21
Household Products 13 33 46 28
Renewable Energy 6 40 46 13
Food & Drug Retailers 14 31 45 31
Steel & Other Metals 19 25 44 43
Acrospace & Defense 11 29 40 28
Consumer Services 5 33 38 13
Mining 3 35 38 8

Investment Companies 2 35 37 5

Forestry & Paper 12 21 33 36
Publishing 8 24 32 25
Electricity 9 22 31 29
Education 6 18 24 25
Beverages 10 11 21 48
Containers & Packaging 9 11 20 45
Diversified Industrials 1 17 18 6

Blank Check / Shell Companies 0 16 16 0

Leisure Goods 4 11 15 27
Life Assurance 0 10 10 0

Private Equity 0 9 9 0

Tobacco 2 2 4 50
Wholesale Trade 3 1 4 75
Total 1,064 3,393 4,457 24

84



Table 7: Placebo Test

This table presents the prediction of first-time female CEOs from placebo models where the most important predictor
variable (social network) is switched for female executives with CEO-level social network assigned to non-CEO
female executives and vice versa. This table shows the resulting changes in prediction.

Panel A. Differences in Social Network Predictors for CEO and Non-CEO Executives

This panel displays the difference in means in social network variables between CEO and non-CEO female executives.
In the placebo sample, statistically significantly different social network variables were replaced by the mean values
of the opposite group (CEO for non-CEO and vice versa).

CEO Non-CEO
N Mean N Mean Difference T-stat
Betweenness 342 77.50 272,749 43.36 34.14 17.47%%*
Closeness 342 68.42 272,749 50.46 17.96 11.50%**
Degree 342 76.81 272,749 48.36 28.46 17.16%%*
Eigenvector 342 65.32 272,749 48.61 16.71 9.84%**
Female network (proportion) 342 0.17 272,749 0.11 0.06 7.78%%*
Total Connections (Executive Network) 342 21.25 272,749 24.17 -2.92 -0.85

Panel B. Predicted CEO Rates for CEO and Non-CEO Executives — Placebo Social Network

This panel presents prediction results for the actual full sample and the placebo full sample. In the actual sample, our
best-performing model accurately identifies 89% of the actual CEOs as CEOs, while in the placebo sample where we
replace key social network measures with the median measures for non-CEO sample, it only identifies 34%. This
result may imply that with a lowered placebo social network, less than half of female executives who actually became
CEOs would be able to get appointed. For the non-CEO sample with their actual social network, only 5% of the pool
can meet the prediction expectation of becoming a CEO, while 11% of the non-CEO sample with a placebo (higher)
social network can meet such prediction. This translated to doubling in the probability prediction of becoming CEOs
for non-CEO executives if they increase their social network to match the average social network of female executives
who actually become CEOs.

CEOs Non-CEOs
Actual Sample Placebo Sample Actual Sample Placebo Sample
Number of CEOs predicted 306 116 14,747 29,824
Number Actual 342 342 272,749 272,749
Rate of Prediction 0.89 0.34 0.05 0.11
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Appendix A

Table Al: Variable Definitions

Variable Definition

Affiliations

Academic affiliation Equals 1 if individual has an academic affiliation; O otherwise.

Art affiliation Equals 1 if individual has an arts affiliation; 0 otherwise.

Business affiliation Equals 1 if individual has a business affiliation; 0 otherwise.

Child affiliation Equals 1 if individual has a child organization affiliation; 0 otherwise.

Female affiliation
Foreign affiliation
Health affiliation
Humanities affiliation
International affiliation
Law affiliation
Science affiliation

Equals 1 if individual has an affiliation with a women’s organization; 0 otherwise.
Equals 1 if individual has a foreign country affiliation; 0 otherwise.

Equals 1 if individual has an affiliation with a health organization; 0 otherwise.
Equals 1 if individual has a humanities affiliation; 0 otherwise.

Equals 1 if individual has an international organization affiliation; 0 otherwise.
Equals 1 if individual has a law affiliation; 0 otherwise.

Equals 1 if individual has an affiliation with a science organization; 0 otherwise.

Sport affiliation Equals 1 if individual has a sports affiliation; 0 otherwise.
Awards
Award Equals 1 if individual has won any awards including academic, business, city, government,

Academic award
Business award
City award

Gov award (US)
Humanity award
Law award

Leadership award
Media award
Military award
Other awards
Royalty award
Science award
Sport award
Women award

humanity, law, leadership, media, military, royalty, science, sports, women, or other awards;
0 otherwise.

Equals 1 if individual has been recognized by an academic organization; 0 otherwise.
Equals 1 if individual has been recognized by a business organization; 0 otherwise.

Equals 1 if individual has been recognized by a municipal government; 0 otherwise.

Equals 1 if individual has been recognized by the U.S. government; 0 otherwise.

Equals 1 if individual has been recognized by a humanities organization; 0 otherwise.
Equals 1 if individual has been recognized by the legal field including JD, admission to
courts, law awards; 0 otherwise.

Equals 1 if individual has been recognized as a leader; 0 otherwise.

Equals 1 if individual has been recognized by a media organization; 0 otherwise.

Equals 1 if individual has been recognized by a military organization; 0 otherwise.

Equals 1 if individual has won any other award; O otherwise.

Equals 1 if individual has been recognized by a royal organization; 0 otherwise.

Equals 1 if individual has been recognized by a scientific organization; 0 otherwise.

Equals 1 if individual has been recognized by a sports organization; 0 otherwise.

Equals 1 if individual has been recognized by a women’s organization; 0 otherwise.

Board Experience

Audit committee chair
exp

Audit committee exp
Board exp (firms)
Board exp (years)
Board exp
Heterogeneity

Board member (other)

Chairwoman exp
(quoted)
Committee chair exp

Committee exp
Committee (other)

Compensation
committee chair exp

Equals 1 if individual has experience as a chair of the audit committee; 0 otherwise.

Equals 1 if individual has experience as a member of the audit committee; 0 otherwise.
Cumulative number of unique firms i the individual’s board experience.

Cumulative number of years of the individual’s board experience.

Number of boards served multiplied by number of years of board experience.

Equals 1 if individual has board member experience in organizations other than publicly
listed or private companies; 0 otherwise.
Equals 1 if individual has chairwoman experience in a quoted (public) firm; 0 otherwise.

Equals 1 if individual has audit/compensation/governance/nomination/other committee chair
experience; 0 otherwise.

Equals 1 if individual has committee experience; 0 otherwise.

Equals 1 if individual has committee experience in organizations other than publicly listed or
private companies; 0 otherwise.

Equals 1 if individual has compensation committee chair experience; 0 otherwise.
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Compensation
committee exp
Governance committee
chair exp

Governance committee
exp

Insider exp (firms)
Insider exp (years)
Nomination committee
chair exp

Nomination committee
exp

Number of different
committees

Other committee chair
exp

Other committee exp

Outsider exp (firms)
Outsider exp (years)

Equals 1 if individual has compensation committee experience; 0 otherwise.
Equals 1 if individual is chair of the governance committee; 0 otherwise.
Equals 1 if individual is a member of the governance committee; 0 otherwise.

Cumulative number of unique firms for the individual’s insider board experience.
Cumulative number of years of the individual’s insider board experience.
Equals 1 if individual is chair of the nomination committee; 0 otherwise.

Equals 1 if individual is a member of the nomination committee; 0 otherwise.
Number of different committees on which the individual has served.

Equals 1 if individual is chair of a committee other than compensation, audit, governance, or
nomination; 0 otherwise.

Equals 1 if individual is a member of a committee other than compensation, audit,
governance, or nomination; 0 otherwise.

Cumulative number of unique firms for the individual’s outsider board experience.
Cumulative number of years of the individual’s outsider board experience.

CEO Appointment

First-time CEO

Equals 1 in the year a female executive becomes a CEO in a publicly traded U.S. firm for the
first time; O otherwise.

Education

Bachelor degree
Community college
degree

CPA

Graduate degree
Honorary degree
Ivy degree

JD

Master degree
MBA

MD

Number of academic
degrees

PhD

Women’s College

Equals 1 if individual has a bachelor degree; 0 otherwise.
Equals 1 if individual has a community college degree; 0 otherwise.

Equals 1 if individual holds a CPA; 0 otherwise.

Equals 1 if individual has a graduate degree (MD, Ph.D., JD, MBA, masters); O otherwise.
Equals 1 if individual had earned an honorary degree; 0 otherwise.

Equals 1 if attended an Ivy league school; 0 otherwise.

Equals 1 if individual holds a JD degree; 0 otherwise.

Equals 1 if individual holds a master’s degree; 0 otherwise.

Equals 1 if individual holds an MBA degree; 0 otherwise.

Equals 1 if individual holds an MD degtree; 0 otherwise.

Number of academic degrees.

Equals 1 if individual holds a Ph.D. degree; 0 otherwise.
Equals 1 if attended an all-women school; 0 otherwise.

Professional
Experience

Academic emp exp
Africa emp exp
Americas emp exp

Asia emp exp
Canada emp exp
Charity emp exp
Clubs emp exp
Countries exp
Europe emp exp
Employment exp
Heterogeneity
Employment exp

(types)

Equals 1 if individual has academic employment experience; 0 otherwise.

Equals 1 if individual has employment experience in Africa; 0 otherwise.

Equals 1 if individual has employment experience in the Americas (except for Canada and
the United States); 0 otherwise.

Equals 1 if individual has employment experience in Asia; 0 otherwise.

Equals 1 if individual has employment experience in Canada; 0 otherwise.

Equals 1 if individual has charity employment experience; 0 otherwise.

Equals 1 if individul has club employment experience; 0 otherwise.

Number of home countries of the companies in which an individual has work experience.
Equals 1 if individual has employment experience in Europe; 0 otherwise.

Number of employment types multiplied by number of years of employment experience.

Number of types of employment experience including academic, law, management,
marketing, military, political, science, technology, and finance.
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Finance emp exp
Foreign co emp exp
Founder exp
Global exp

Gov emp exp
Industries exp
Industry exp
Heterogeneity
International emp exp

International emp
(years)

International exp
Heterogeneity

Law emp exp

Medical emp exp

Mgt emp exp

Military emp exp

Mkt emp exp

Number of continents
emp

Oceania emp exp
Partnership emp exp
Political emp exp
Private firm exp (firms)
Private firm exp (years)
Professional exp (years)

Public and private exp
(firms)

Public firm exp (firms)
Public firm exp (years)
Science emp exp
Sporting emp exp
Tech emp exp
University emp exp

Equals 1 if individual has finance employment experience; 0 otherwise.

Equals 1 if individual has foreign employment experience; 0 otherwise.

Equals 1 if individual has experience as a founder; 0 otherwise.

Equals 1 if individual has international or foreign work experience or international or foreign
affiliation.

Equals 1 if individual has government employment experience; 0 otherwise.

Number of industries in which an individual has experience.

Number of industries multiplied by number of years of employment experience.

Equals 1 if individual has employment experience at a company with a non-U.S. home
country; 0 otherwise.
Number of years of international employment experience.

Number of continents multiplied by the number of years of international employment
experience.

Equals 1 if individual has law employment experience; 0 otherwise.

Equals 1 if individual has medical employment experience; 0 otherwise.

Equals 1 if individual has managerial employment experience; 0 otherwise.

Equals 1 if individual has military employment experience; 0 otherwise.

Equals 1 if individual has marketing employment experience; 0 otherwise.

Number of continents in which the individual has work experience.

Equals 1 if individual has employment experience in Oceania; 0 otherwise.

Equals 1 if individual has partnership employment experience; 0 otherwise.

Equals 1 if individual has political employment experience; 0 otherwise.

Cumulative number of unique firms for the individual’s private firm experience.
Cumulative number of years of the individual’s private firm experience.

Cumulative number of years of professional experience measured from the start year of the
first job in the employment file to the current year.

Cumulative number of unique firms for the individual’s public and private firm experience.

Cumulative number of unique firms for the individual’s public firm experience.
Cumulative number of years of the individual’s public firm experience.

Equals 1 if individual has science employment experience; 0 otherwise.

Equals 1 if individual had been employed by a sports organization; 0 otherwise.
Equals 1 if individual has technology employment experience; 0 otherwise.
Equals 1 if individual had been employed by a university; 0 otherwise.

Upper Management

Experience

CFO emp exp Equals 1 if individual has CFO experience; 0 otherwise.
COO emp exp Equals 1 if individual has COO experience; 0 otherwise.
CTO emp exp Equals 1 if individul has CTO experience; 0 otherwise.

Exec VP exp (quoted)
Foreign firm CEO emp
exp

Foreign private firm
CEO emp exp

Foreign public firm
CEO emp exp
President exp (quoted)

Upper mgt exp

Upper mgt exp
(industries)

Upper mgt exp (years)
Upper mgt exp
Heterogeneity

Equals 1 if individual has executive VP experience at a publicly traded company; 0 otherwise.
Equals 1 if individual has foreign firm CEO experience; 0 otherwise.

Equals 1 if individual has foreign private firm CEO experience; 0 otherwise.
Equals 1 if individual has foreign public firm CEO experience; 0 otherwise.

Equals 1 if individual has president experience in publicly traded (quoted) company; 0
otherwise.

Equals 1 if individual has upper management (COO, CFO, CTO, President) employment
experience; 0 otherwise.

Number of industries in which the individual has upper management experience.

Number of years of upper management experience.

Number of upper management roles (CFO, COO, CTO) multiplied by the number of years
of upper management experience.
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US private firm CEO
emp exp

Equals 1 if individual has CEO experience at a U.S. private firm; 0 otherwise.

Social Network

Betweenness

Closeness

Degree

Eigenvector

Female network
(proportion)

Total Connections
(Executive Network)

Betweenness is the percentile ranking of betweenness, with 1 being the lowest value and 100
being the highest value; Betweenness captures the extent to which a node lies between others
and makes pass-through communications within the network.

Closeness is the percentile ranking of closeness, with 1 being the lowest value and 100 being
the highest value; Closeness is the inverse of the sum of the shortest distance between a node
and every other node in the network and captures the degree to which an individual is near
all other individuals in a network.

Degree is the percentile ranking of the degree, with 1 being the lowest value and 100 being
the highest value; Degree centrality counts total number of direct ties an executive has.
Eigenvector is the percentile ranking of the eigenvector, with 1 being the lowest value and
100 being the highest value; Eigenvector measures the relative importance of a node in the
network, taking into account the extent to which an individual is connected with other highly
connected individuals.

Proportion of women in the individual’s network.

Total number of connections in the executive network.

Other Experience

Advisor (other) Equals 1 if individual has experience as an advisor in organizations other than publicly listed
or private companies; 0 otherwise.

Author Equals 1 if individual is an author of a book; 0 otherwise.

Chairwoman (other)

Foreign nationality
Founder (other)

Mentor
President (other)

Secretary (other)
Treasurer (other)
Trustee (other)

Volunteer

Equals 1 if individual has chairwoman experience in organizations other than publicly listed
or private companies; 0 otherwise.

Equals 1 if individual’s nationality is not American; 0 otherwise.

Equals 1 if individual has experience as a founder in organizations other than publicly listed
or private companies; 0 otherwise.

Equals 1 if individual has experience as a mentor; 0 otherwise.

Equals 1 if individual has president experience in organizations other than publicly listed or
private companies; 0 otherwise.

Equals 1 if individual has secretary experience in organizations other than publicly listed or
private companies; 0 otherwise.

Equals 1 if individual has treasurer experience in organizations other than publicly listed or
private companies; 0 otherwise.

Equals 1 if individual has trustee experience in organizations other than publicly listed or
private companies; 0 otherwise.

Equals 1 if individual has volunteer experience; 0 otherwise.
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