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Abstract
That social capital matters is an established fact in the social sciences. Less clear, however,
is how different forms of social capital affect gender disadvantages in career advancement.
Focusing on a project-based type of labor market, namely the U.S. film industry, this study
argues that women suffer a “closure penalty” and face severe career disadvantages when
collaborating in cohesive teams. At the same time, gender disadvantages are reduced for
women who build social capital in open networks with higher degrees of diversity and
information flow. Using large-scale longitudinal data on career profiles of about one million
performances by 97,657 film actors in 369,099 film productions between the years 1929 and
2010, I analyze career survival models and interaction effects between gender and different
measures of social capital and information openness. Findings reveal that female actors have a
higher risk of career failure than do their male colleagues when affiliated in cohesive networks,
but women have better survival chances when embedded in open, diverse structures. This
study contributes to the understanding of how and what type of social capital can be either
a beneficial resource for otherwise disadvantaged groups or a constraining mechanism that
intensifies gender differences in career advancement.

Keywords
social capital, social networks, gender inequality, film, project-based labor markets, closure
penalty, diversity

Social capital has been an important concept
and an explanatory variable for a number of
issues in the social sciences. Particularly in
economic sociology and organization studies,
a burgeoning literature explains a wide range
of outcomes using this concept (for an overview, see Adler and Kwon 2002; Castilla,
Lan, and Rissing 2013a, 2013b; Payne et al.
2011; Phelps, Heidl, and Wadhwa 2012). A
central finding is that social capital has a

functional dimension for labor markets: it
reduces information and search costs, matches
supply with demand, and positively affects
a
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individual career advancement. Specifically,
it helps in acquiring new jobs, establishing
future collaborations, and creating teams
(Gabbay and Zuckerman 1998; Godechot and
Mariot 2004; Granovetter 1995; Podolny and
Baron 1997). Social capital facilitates the
sharing and transfer of knowledge within
teams and among co-workers (Inkpen and
Tsang 2005; Reagans and McEvily 2003;
Tortoriello, Reagans, and McEvily 2012;
Wei, Zheng, and Zhang 2011), hastens the
diffusion and creation of innovations (Obstfeld 2005; Rost 2011; Tsai and Ghoshal
1998), and enhances the productivity of teams
and firms (Fernandez, Castilla, and Moore
2000; Reagans and Zuckerman 2001). Moreover, social capital affects team success and
performance even in highly competitive, creative, and uncertain environments, such as
careers in arts, video game production, musicals, professional soccer, and film production
(Accominotti 2009; Becker 1982; de Vaan,
Vedres, and Stark 2011, forthcoming; Ferriani, Cattani, and Baden-Fuller 2009; Giuffre
1999, 2010; Grund 2012; Lutter 2014; Uzzi
and Spiro 2005; White 1993).
Especially in project-based labor markets
such as film, where recruitment depends on
interpersonal networks (Bielby and Bielby
1999; Blair 2009; Cattani and Ferriani 2008;
Faulkner 1983; Faulkner and Anderson 1987;
Jones 1996), social capital is highly important
for getting jobs and structuring the market.
While much of the literature on social capital
highlights its positive and functional aspects,
there is a dysfunctional, “dark” side (Gargiulo
and Benassi 1999): social exclusion. If
recruitment is to a great extent a result of
interpersonal networks, there is a tendency to
exclude and discriminate actors based on
ascriptive characteristics, regardless of talent
(Bourdieu 1984; DiMaggio and Garip 2012;
Lin 1999, 2001). Qualitative research suggests that women in particular suffer from
labor markets structured by informal recruitment practices (Christopherson 2009; Grugulis and Stoyanova 2012).
However, research has still not systematically investigated whether and how social

capital and network structures affect women’s
chances to advance their careers. The persistence of gender inequalities in project-based
labor markets is a well-studied fact (Bielby
and Bielby 1992, 1996; Lincoln and Allen
2004), but it is less clear how different forms
of social capital affect existing gender disadvantages. So far, insight has come from
knowledge generated from case-study
research (Grugulis and Stoyanova 2012), but
quantitative accounts examining how exposure to different types of network structures
affects gender disadvantages in career
advancement are rare. For instance, Petersen,
Saporta, and Seidel (2000) review the empirical literature on networks and gender segregation and conclude that systematic
knowledge is still very limited. They quote
Granovetter, who notes in his review that this
research gap is precisely the one “most in
need of filling” (Granovetter 1995:177).
The few existing studies that deal explicitly with the differential returns of social capital on careers for men and women are mixed
and inconclusive in their findings. For
instance, Burt (1998:16) argues that women
“do better with a small network of interconnected contacts” and do not profit from brokerage per se (as men do), but that women
can benefit indirectly from brokerage through
strong ties to established sponsors. Others,
however, argue that women’s close circles are
detrimental for their careers. Women’s
gender-homophilous ties (i.e., exchange
occurs mainly through ties with the same sex)
create stronger disadvantages because they
tend to be lower in status and consist of fewer
connections to important sponsors (Groysberg 2010; Ibarra 1992; McPherson, SmithLovin, and Cook 2001).
In addition, prior studies almost exclusively rely on cross-sectional data, and it is
less clear if differences in returns on social
capital are the cause or the effect of disadvantaged positions and career outcomes. As
Mouw (2006) suggests, studies should rely on
longitudinal data that take whole career patterns into account to perform stricter tests on
the causality of possible network effects.
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Consequently, as a recent review argues, “to
truly understand the causes, realities, and
implications of gender differences in social
networks, we must study them dynamically
and longitudinally” (Cabrera and ThomasHunt 2007:7).
This article attempts to fill this gap. Building on prior research, I propose that gender
inequality is particularly striking when
women are exposed to cohesive project teams
during their careers, whereas gender inequality is less severe when they are involved in
weaker, more diverse network structures.
This is because information flow in cohesive
networks is likely to be redundant and
gender-homophilous, which creates stronger
disadvantages for women compared to men,
because women’s close information networks
are lower in status and consist of fewer ties to
important (mostly male) sponsors. In diverse networks, however, information is non-redundant,
non-exclusive, and beneficial especially to
women, because women face fewer network
constraints and can more strategically exploit
external, weak tie relationships.
Using a unique panel dataset that includes
full career profiles of more than one million
performances by 97,657 film actors in the
U.S. film industry and advanced measures of
cohesion, familiarity, and different aspects of
diversity, this study sheds light on the longdiscussed but never quantitatively analyzed
idea that women are more likely to suffer
career penalties from network closure. By
analyzing interaction effects between gender
and measures of cohesion, social capital, and
information diversity, I find that, controlling
for human capital and other success-related
factors, women who are affiliated with cohesive networks during their careers face significant disadvantages. In contrast, gender
disadvantages are reduced substantially in
careers that feature collaborations with less
cohesive relations, weaker ties, and greater
information diversity. I find that if women
engage in teams with greater diversity, they
can reduce their risk of career failure to a
level indistinguishable from that of men.
Gender differences are then fully negated.

Social Capital And
Gender: Theory And
Hypotheses
The number and quality of relationships—
such as colleagues or collaborations, friends
or family—can be subsumed under the notion
of social capital if this social structure in any
way forms an asset or resource (Burt 1992).
The strength of personal ties is usually conceptualized by the amount or frequency of
contact, emotional affection, reciprocal
behavior, or trustworthiness (Granovetter
1973). Network structures can create social
capital in different ways, either through
strong, dense, and cohesive ties—network
closure (Coleman 1988)—or through “network betweenness” (Freeman 1977), that is,
networks in which weakly connected ties act
as brokers between different core groups
(Burt 2000).
The classical approach comes from Coleman (1988) and highlights the assumption
that network closure forms a beneficiary
resource of social capital. According to Coleman, actors with frequent relationships are
more likely to develop trust, conjoint identification, and shared norms, which in turn lead
to reciprocal, cooperative, and pro-social
behavior. In cohesive networks where actors
interact repeatedly, the incentive to cooperate
is relatively high, because cooperation
enhances a person’s chances to receive help
the next time it is needed. Any favor an actor
receives from a colleague imposes an obligation to reciprocate in the future. As a consequence, actors in frequent relationships invest
more in social capital, because they can
expect a higher return from this investment,
as opposed to actors in weaker relationships
or one-shot interactions.
While trust and information exchange are
enhanced within cohesive networks, information on how to get jobs or other careerrelevant information tends to be redundant,
because it resonates within the same set of
people, who potentially share similar backgrounds (Burt 1992; Granovetter 1995; Reagans and Zuckerman 2001). Moreover,
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cohesive networks might foster discrimination and exclusion, as network closure is
likely to divide actors into insiders and outsiders (Lin 1999; Portes 1998). According to
Bourdieu (1984), members of a social group
develop a specific habitus, which is socialized, shared, and maintained, often unconsciously. The habitus imparts the “feel for the
game” (Blair 2009:121), attaches members to
the group, and makes membership visible. It
creates distinctive features that signal belonging or exclusion, and restricts outsiders from
gaining access to the group or from receiving
important information.
The second approach on social capital
assumes that actors in weak or loosely connected networks benefit from social capital.
Referring to the famous “strength of weak
ties” theorem (Granovetter 1973), weak ties
are exposed to a broader range of diverse
communities because they bridge what Burt
(1992) calls “structural holes”—insular
groups of cohesive and distant networks.
Actors who maintain weak ties can benefit
from a brokerage position, because they connect otherwise separated groups and tend to
control the information flowing between
them. Most important, the position equips the
broker with access to different sorts of people, communities, and cultures. Therefore,
weak tie networks offer a much broader information variety, which is advantageous in
building and making use of social capital.1
With regard to gender inequality, women
are in danger of being disadvantaged by cohesive networks, but they can profit from open,
weaker, and more diverse network structures.
Prior research suggests two mechanisms that
explain why women are potentially disadvantaged when they work in cohesive networks.
First, women’s gender-homophilous networks
(i.e., their identity networks to other women)
tend to be negatively associated with positional power, whereas men’s homophilous
networks are positively associated to power
and authority and are larger in absolute numbers (Brass 1985; Ibarra 1992, 1993). Men
are therefore more effective in creating
career-relevant, “hard” social capital (van
Emmerik 2006). For instance, they are more

likely to take up leadership positions within
informally occurring, close entrepreneurial
groups (Yang and Aldrich 2014).
Gender-segregated informal, personal networks seem to be reflected in segregated
workgroups (Fernandez and Sosa 2005).
Research finds that job-seekers in white/male
networks receive more relevant job information than do those in minority/female networks, because of the white/male networks’
higher-status contacts (McDonald 2011;
Petersen et al. 2000; Stainback 2008). In
addition, women with children might be at a
particular disadvantage, because they tend to
have fewer work-related ties, or less time to
invest in building beneficial strong ties
(Munch, McPherson, and Smith-Lovin 1997).
As a consequence, women tend to be concentrated in “pink collar” jobs (Burt 1998:19),
where they find fewer career opportunities
and meager returns on their network resources
(Bielby and Baron 1986).
Second, women’s careers tend to suffer
from poor mentorship. Burt (1998) shows that
women need to “borrow” social capital with
the help of a powerful mentor, and if they do,
the effects are strong. Groysberg (2010),
however, points out that most women have
difficulty finding sponsors, have generally
fewer sponsors than men, or receive less support from their (mostly male) sponsors. Lin
(2001), in addition, argues that disadvantaged
labor market groups (such as women) receive
fewer benefits from high-status ties simply
because they lack the experience to appropriately mobilize beneficial social capital. This
is supported by McGuire (2002), who finds
that women face disadvantages even when
they have ties to powerful employees.
Applied to careers in film, these mechanisms might be especially dominant because
the main decision-makers—the producers,
directors, and stars in leading roles—are 80 to
90 percent male (Bielby and Bielby 1996;
Christopherson 2009; Levy 1989). Hence,
cohesive network structures within a team are
likely to cause gender- and status-biased
information flow in which women receive
lesser quality information. Men in cohesive
circles also suffer from information
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redundancy, but men do better than women
because their identity networks tend to consist of more ties to positions of higher status.
Taken together, gender-homophilous
information flow, low-status identity networks, poor returns on mentorship, and, as a
consequence, redundant and narrow information on future possible projects can result in
cumulative disadvantages for women building their careers in cohesive networks. Particularly in project-based labor markets,
initial differences in success likely trigger
future success (DiPrete and Eirich 2006;
Faulkner and Anderson 1987; Rossman,
Esparza, and Bonacich 2010). Therefore,
exclusion from access to important information burdens those who already face information penalties, giving rise to the accumulation
of disadvantages over the course of a career
(Fernandez-Mateo 2009).
Hypothesis 1: If women are more often attached
to cohesive teams during their careers, their
chances for career survival decrease relative
to men’s career survival chances.

While women might suffer from exclusion
and information penalties in cohesive networks, they can take advantage of weaker and
more diverse networks. This is supported by
three insights from the sociology of social
capital. First, Burt (1997) argues that the benefits of brokerage through weak ties—
although beneficial in general—increase if
actors are less constrained and have less
legitimacy. Women benefit more from diversity precisely because they are less embedded
in job-relevant cohesive circles (i.e., fewer
mentors and less powerful identity networks).
Facing fewer network constraints, women are
free to exploit and take advantage of diversity. This view is supported by Ibarra
(1997:93), who argues that “women may
respond to the limited availability of homophilous contacts by reaching beyond their
immediate work groups.” Consequently, she
concludes, “broad-ranging networks . . . offer
greater benefits to women than to men by
linking them to peer and senior women in
other subunits.” In the same way, Lin (2001)

argues that diversion of ties is a better strategy for disadvantaged groups (see also Son
and Lin 2012), because diversity makes them
less dependent on a few (mostly male) decisionmakers who decide whether they are to be
included in the in-group.
Second, Podolny (2001) suggests that the
benefits of brokerage increase with high egocentric uncertainty. Women face higher market uncertainties due to their higher drop-out
rates. Hence, while men benefit from internal
sponsors and gender-homophilous, highstatus identity networks, women must rely on
external and diverse network ties to survive
(Ibarra 1993). Accordingly, Groysberg (2010)
argues that women profit from external ties
because they are much more cautious, strategic, and selective than men when making
choices on future projects. Indeed, Ibarra
(1997) shows empirically that network diversity pays off for women: women with high
potential in career advancement have widerranging information networks than do their
male counterparts.
Finally, as Burt (2004) shows, network
diversity enhances not only the generation of
good ideas, but also how performance is
evaluated by others. This is especially beneficial to women, as it increases their visibility
and reduces opportunities for discrimination
(Petersen and Saporta 2004). Accordingly,
research on valuation finds that creative
actors at the periphery receive more attention
from external, professional critics, whereas
actors at the core receive recognition from
their peers (Cattani, Ferriani, and Allison
2014).
In summary, women suffer a “closure penalty” in cohesive projects, because their identity relationships (multiplex ties to the same
sex) are more likely to be less powerful,
whereas men’s identity ties tend to be of
higher status. However, being “unbound,”
women benefit from diversity because they
are free to exploit it. They also have little
choice other than to exploit diversity, because
they do not naturally profit from internal
sponsors as men do. Consequently, women
are more cautious and strategic in making
choices.
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A non-representative but illustrative example of women’s careers in film can be seen in
the acting careers of Mia Farrow and Diane
Keaton. Relatively early in their careers, both
were in a relationship with director Woody
Allen. Their careers, however, evolved very
differently. Diane Keaton, on the one hand,
built her career very successfully by working
in diverse genres with different directors and
producers. Mia Farrow, on the other hand,
narrowed her network during her relationship
with Woody Allen by working almost exclusively in his productions. After they split up,
Farrow was much less successful and
appeared in only a handful of movies, whereas
Keaton managed to become one of the most
successful female actors to date.
Hypothesis 2: If, during their careers, women
are more often attached to open teams with
regard to diversity of ties, information flow,
and genre background, their chances for career survival are increased relative to men’s
career survival chances.

Data And Method
This study uses data from the Internet Movie
Database, which is currently the most complete database on movies, filmmakers, and
the film industry worldwide. At present, it
contains information on approximately two
million film and TV productions, as well as
more than four million individuals (e.g.,
actors, producers, directors, cinematographers, writers, and designers). The database
has a relatively high degree of validity,
because users can report errors to an editorial
team; actors, their representatives, or other
people listed in the database can provide
information as well. Several sociological
studies have used these data, confirming their
validity (Hsu 2006; Rossman et al. 2010;
Rossman and Schilke 2014; Zuckerman and
Kim 2003; Zuckerman et al. 2003).
From these raw data, which is provided by
imdb.com for noncommercial use,2 I generated career profiles of male and female actors
by their performances in film productions
listed in this database. I include individuals’

full career profile if they appeared at least
once in a film produced in the United States.
A career profile includes all of a person’s
roles that were recorded in the database
between the years 1929 and 2010. Although I
have data from 1900 onward, I begin the
analysis with the year 1929, yielding a more
time-robust analysis.3 Smith-Doerr (2010)
shows that after 1929 (the beginning of the
sound film era and development of the Hollywood studio system), the film industry
matured and professionalized. As the industry
matured, it became more attractive for male
professionals as a legitimate labor market.
Consequently, more males entered the business, which affected women’s chances in this
labor market. Starting the analysis in 1929
produces a much more representative picture
of the film business in its current form.
I only include performances in films and
thereby exclude television productions,
video-only movies, and pornographic movies.
The final dataset contains a total of 1,072,067
performances by 97,657 actors (of which
31,124, or 32 percent, are female) in 369,099
film productions.
In a project-based labor market such as the
film business, the most basic measure for
career advancement is survival. As Faulkner
and Anderson (1987) show for producers and
directors in Hollywood, the majority drop out
after one or two movie productions. Only a
small fraction actually “survives” for more
than two movies. Simply to stay in the business means to advance a successful career.
Accordingly, I use event history methods to
estimate factors that influence career survival
(Cleves, Gould, and Gutierrez 2004). In particular, I use Cox regression to estimate hazards for career failure, that is, the risk of
dropping out of the business.
Career failure is a binary variable that
takes the value 1 at an actor’s last entry in the
database—which constitutes an actor’s last
performance.4 Otherwise, it is zero. Because
the time frame of the study ends in 2010, I do
not know whether a career continues after
2010. This points to the common problem of
censoring in survival data (Cleves et al. 2004).
To handle this problem, I treat only actors
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who were inactive within the 10 years prior to
2010 as having failed careers.5 In other words,
if actors were not involved in a production
since 2000, I treat their last production as
career failure = 1. If there is a record after
2000, I treat the career as ongoing, hence,
career failure status = 0.
Out of a total of 97,657 actors, I count
36,490 careers that failed (37 percent). The
median survival time is seven years (mean =
13); seven years for women (mean = 12) and
eight years for men (mean = 13). This corresponds to an overall median of four productions (mean = 11); four for women (mean =
nine) and three for men (mean = 12). KaplanMeier estimates reveal that women have a
higher risk of career failure, especially at the
beginning of their careers, but once women
manage to survive the early career stage, their
risk of dropping out becomes slightly lower
than men’s. Women also have slightly longer
career breaks than men (about 1.3-times
longer, i.e., 1.24 years on average).
I fit Cox proportional hazard models
because the literature suggests these as the
most flexible instrument to estimate survival
data (Cleves et al. 2004). Previous tests of the
proportionality assumption suggest that Cox
modeling is appropriate. To surmount possible violations in the regression assumptions,
such as error independence among observations, all estimations rely on robust standard
errors clustered by actors. I also present
results of a few alternative model specifications and sensitivity analyses to test the
robustness of the discussed findings (see
Table S4 in the online supplement and note
8). In particular, these models include different specifications of time to control for possible heterogeneity due to unobserved time
trends that might affect both dependent and
independent variables.

structures rather than in weaker structures. To
measure the cohesion of a film production
team, I follow de Vaan and colleagues (2011)
and rely on their two related but distinct measures of social capital: interpersonal team
familiarity and recurring cohesion. Interpersonal familiarity, developed by Newman
(2001) in its core form, measures the intensity
of prior relations between each pair of collaborators within a film production team. In a
dataset sorted by the release date of each film,
the strength of collaboration between individual i and j (if any) is given by the
following:

Measurement of Variables

Team familiarity conceptualizes social
capital at the dyadic, person-to-person level.
It measures the degree to which people in a
current team know each other from past collaborations. Naturally, this variable includes
both weak and strong ties. To better capture

Table 1 presents descriptive statistics for all
variables used in this study. Hypothesis 1
assumes that women face disadvantages when
they work more often in cohesive team

wij =

δ i f δ jf

∑n
f

f

−1

f

where δi is 1 if i was part of film f and zero
f
otherwise; likewise, δj equals 1 if individual j was
part of film f and zero otherwise. If there has
been any collaboration between i and j in any
f f
film production, then δi δj will count as 1, and
zero otherwise. ηf is the number of crew
members in film f. By dividing by ηf – 1, I
give collaborations in smaller productions a
greater weight, assuming that members know
each other better if they worked together in
crews of a smaller size as opposed to larger
crews. wij then gives us a number of prior collaborations over all film productions for each
pair of individuals in the dataset. I then calculate the sum of the off-diagonal, lower triangular values of wij for each film crew c in the
dataset, and adjust it by crew size nc. Note
that taking the lower triangle elements prevents the same collaboration from being
counted twice. The sum yields a measure of
interpersonal team familiarity:
Team familiarityc =
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Table 1. Descriptive Statistics for All Variables Used in This Study
Variable

Mean

Dependent Variable
Career failure
Career duration
Predictors
Female
Age
Number of movies produced
Cumulative number of awards
Cumulative billing position
Number of roles not credited
Origin USA
Origin UK
Origin Germany
Origin France
Origin Italy
Titles in English
Titles in German
Titles in French
Titles in Italian
Productions USA
Productions Germany
Productions France
Productions Italy
Has been producer
Has been director
Major titles
Sequels
Novels
Crew size
Genre: thriller/crime
Genre: family/adventure/comedy
Genre: action/adventure/Western
Genre: drama/romance/history
Person per movie ratio
Team familiarity
Recurring cohesion
Share of newcomers
Niche width
Genre diversity

SD

.03
13.27

.18
11.49

.26
41.57
40.16
.21
161.42
19.14
.55
.05
.02
.03
.02
30.76
1.32
1.98
1.20
31.34
.69
1.72
1.38
.21
.67
37.67
1.29
5.48
48.50
.05
.11
.04
.27
14.68
.14
2.20
.19
2.13
.31

.44
14.67
65.73
1.51
221.06
45.17
.50
.22
.15
.17
.15
59.28
6.99
8.15
6.04
64.93
5.86
8.59
7.34
4.25
7.57
64.36
2.93
8.72
44.83
1.06
1.06
1.08
.99
3.64
1.09
6.70
.18
1.13
.05

Min.
0
0
0
3
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
–3.52
–1.64
–3.36
–7.70
6.84
0
0
0
0
0

Max.
1
85
1
86
1456
93
11444
1402
1
1
1
1
1
1005
246
234
195
1449
256
237
216
1094
619
1448
287
140
1311
4.95
8.50
11.36
3.74
22.84
73.02
310.24
1
10
.42

Note: Calculated on all observations (N = 1,072,067 actor-film data).

possible closure tendencies from cohesion, I
follow de Vaan and colleagues (2011) and
calculate their measure of recurring cohesion.
Recurring cohesion considers cliques of at
least three people who have repeatedly collaborated in past productions. For instance, if
actors A, B, and C worked together in a
movie and repeat their collaboration in a later

production, this later production is considered
more cohesive because a full clique, rather
than just a dyadic relationship, reassembles
itself in a new team. Recurring cohesion is
calculated as follows: for each film team in
the dataset, I identify all cliques of three or
more members who collaborated in a prior
film. Having identified qc cliques ranging
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from clique v = 1 to qc for each team c, I
measure the overlap of individuals recurring
in these cliques. This results in a nonsymmetric qc × qc matrix Lc, in which each entry
Lcvw contains the number of people appearing
in both clique v and w, recorded as a share of
the number of persons in clique v. If Sv is the
number of individuals of the current film
crew c in clique v, and Sc is the number of
individuals in film crew c, then recurring
cohesion is given by the following:

Recurring cohesionc =

S
∑ (1 + L ) S
v≠ w

c
vw

2 ( qc − 1)

v
c

The variable can be read as a team’s average
degree of cohesion, measured as the extent to
which past cliques of at least three people
reassemble in the current production. The
quantity takes the value 0 if no cohesion
exists, that is, no clique of recurring collaboration is present in the focal team; it takes a
positive value if there is cohesion in a team.
Higher values indicate a greater degree of
recurring cliques.
The second hypothesis assumes that gender disadvantages become less severe in
careers in which a person associates more
often with teams structured by open and
diverse networks. These networks should
facilitate the flow of information in a way that
benefits otherwise disadvantaged groups. To
test this, I rely on three measures of team
openness and information diversity. The first
is simply the share of newcomers within a
film team c. I follow Perretti and Negro
(2006) as well as March (1991) and assume
that the higher the percentage of newcomers
within a team, the more likely that fresh ideas
will be brought into the production, as well as
new perspectives, new combinations of relationships, and heterogeneous information
pools.
The second diversity measure takes into
account individual exposure to different genre
backgrounds. Each film in the database is
described by a total of 28 genre dummies (for
a list, see Table A1 in the Appendix), the

combination of which determines the genre of
the film. For example, the Spielberg movie
E.T. (1982) is described by the three genre
dummies adventure, drama, and family;
Zemeckis’s Back to the Future (1985) is
adventure, comedy, and sci-fi. I calculate
Hsu’s (2006) measure of niche width, which
is the total number of distinct genre categories that each film production addresses,
accumulated over an actor’s career. In line
with Hsu (2006) and Zuckerman and colleagues (2003), I assume that the broader an
actor’s genre identity, the greater the likely
exposure to diverse categories, genre cultures, different schools of thought, and diverse
information pools.
While this measure takes individual genre
diversity into account, I also calculate a teambased diversity measure. In line with Stark
(2009), I assume that different genre backgrounds among crew members generate stylistic dissonance between different genre
standards and the way cultural products are
produced. This creates an atmosphere of productive friction in which innovation and creative synergy within a team reaches an optimal
level. Women can profit from this diversity
because the exposure to various people with
different cultural genre backgrounds provides
access to various sources of information and
opens up beneficial opportunities in job
searches—as opposed to uniform, homogenous film teams sharing basically the same
artistic standards and the same channels of
knowledge.
To measure the genre diversity of a team, I
calculate the distance measure used by de
Vaan and colleagues (2011), which is based
on Jaffe’s (1986) well-known measure of
proximity/dissimilarity (see also Rodan and
Galunic 2004; Phelps 2010). This distance
measure calculates the stylistic distance
between each team member of a focal team
based on their genre backgrounds from past
productions. To construct this measure, I first
quantify each actor’s genre history using the
28 distinct genre dummies. In doing this, I
count the number of movies in each of the 28
genres in which an actor performed, up to

Downloaded from asr.sagepub.com at Max Planck Society on May 2, 2016

American Sociological Review 80(2)

338		

each time point t. In a second step, I focus on
the team level and calculate the sum of genre
histories for all members of a focal film crew.
I do this for all film teams in the dataset and
for each of the 28 genres. This gives a distribution showing the degree to which each
genre k is represented within the experience
background of the whole crew. I now calculate K-dimensional vectors fi = ( fi1, …, fiK),
where fik is the fraction of crew member i’s
genre history in genre category k. Based on
Jaffe (1986), the genre distance d between
team members i and j is derived by the
following:



dij = 1 − 
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That is, dij is one minus the length of the projection of the normed vector fi onto the
normed vector fj. fi and fj have only nonnegative entries, hence, the distance measure
can take values between 0, representing complete similarity in the genre backgrounds of
members i and j, and 1, which stands for the
maximum possible dissimilarity in genre history between i and j. I then sum this index for
all members of a crew and adjust for team
size. For each film crew c, genre diversity is
defined as follows:
genre diversityc =

1
nc

∑d

ij

i> j

where dij is the genre distance measure of
crew member i from j, and nc is the number of
crew members of focal film crew c. Again,
note that the measure takes the off-diagonal
elements of the lower triangle of the distance
matrix into account and adjusts for crew size.

Controls
I control for a number of variables at the filmand person-specific level that should have an
effect on career survival chances. Age (in

years) is calculated from the birth year information in the database. I assume that the
hazard rate for career failure increases with
age. Number of movies produced is a human
capital variable reflecting job experience, as
measured by the number of movies an actor
has been associated with by time point t.
Greater job experience should decrease the
risk of career failure. Cumulative number of
awards measures prior critical success. In
constructing this variable, I record all award
nominations and winnings an actor received
personally (e.g., best male or female actor,
best supporting role) for a film production at
an important film festival. I use awards data
from the 45 most important film festivals
worldwide (see Table A2 in the Appendix),
including the 14 most important U.S. film
awards, all 14 international “A” film festivals, and another 17 “B” film festivals.6
Cumulative billing position represents the
ranking position occupied by an actor within
a production’s credits. Billing position is
available in the database for each film production that offers a competitive role ranking.
The lower this number, the better the position:
billing position number 1 represents the leading role, position 2 the second leading role,
position 3 the main supporting role, and so
on. Rankings are usually a competitive part of
the contract and reflect an actor’s star power
or ability to negotiate a starring role within a
production. A better ranking is usually associated with greater visibility, pay, and audience
recognition, and should therefore positively
affect an actor’s reputation and ability to
acquire future roles. I accumulate this variable over all roles to reflect past experiences
and leading roles that might still affect future
projects. Not all roles within a production are
ranked by billing position. Roles below the
top-10 or top-20 cast are often not listed in the
credits. Number of roles not credited records
the cumulative number of movies an actor
worked on without having a credited role.
Career survival chances should be higher if
this variable is lower on average.
The following variables account for
regional heterogeneity in the sample. The five
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dummy variables for origin (USA, UK, Germany, France, and Italy) control for an actor’s
country of origin. They reflect the five most
frequent birthplaces in the database. All
remaining birthplaces act as the reference
category. Titles in English (German, French,
Italian) measure the number of Englishlanguage productions an actor appeared in
(and German-, French-, and Italian-language,
respectively). Productions USA (Germany,
France, Italy) count the number of U.S.produced movies an actor appeared in (and
German, French, and Italian productions,
respectively).
Actors also work as directors or producers,
which normally demonstrates a stronger and
more stable career position (Baker and
Faulkner 1991). I include two measures, has
been producer/director, that count the cumulative number of movies at time point t in
which an actor has worked as a producer or
director, respectively. Major titles is the number of major movie productions in which an
actor performed. Compared to independent
movies, major productions have a higher
budget, a greater number of theater screenings, and eventually, more box-office returns.
Sequels represents the cumulative number of
sequels in which an actor appeared. Sequels
(e.g., Rocky III ) often attract large audiences
and return much higher profits than do nonsequels. Similarly, productions based on novels often yield higher returns. Novels
represents the number of times an actor
appeared in films with a novel-based script.
Crew size shows the number of crew members for each production. Because costly productions usually have larger crews, this
represents a proxy for a movie’s budget (see
Rossman et al. 2010).
To control for genre effects, four variables—
thriller/crime; family/adventure/comedy;
action/adventure/Western; and drama/romance/
history—represent the factor scores from a
principal component analysis on the 28 genre
dummies that classify every film production
in the dataset. Table A1 in the Appendix displays the varimax-rotated solution of the factor analysis. Person per movie ratio reflects

the opportunity structure for each actor in the
business. If a greater number of actors compete for fewer available jobs in a particular
year, I assume that the hazard rates of career
failure are increased. This variable is defined
as the total number of actors in a given year,
divided by the total number of movies
released in that year.

Results
Table 2 presents results of a set of nested
model estimations. For all metric variables, I
use logged values to control for skewness and
to account for diminishing marginal returns
of success.7 I begin with a covariate baseline
model in which I enter the female dummy and
all control variables (Model 1). Controlling
for all other factors in the model, women drop
out of the business much earlier than do men.
According to Model 1, the risk of failure for
female artists is about 8 percent higher than
that for their male counterparts.
The controls are all in line with my expectations. Age has a significant positive effect.
The risk of failure increases with seniority. At
the same time, job experience lowers the risk
of ending a career. The same holds true for
number of awards: the more awards an actor
receives, the lower the hazard of failure. In the
same way, having a portfolio of higher-ranked
billing positions, having worked as a producer, appearing in English-language productions, having a major distributor, and having a
part in a sequel all increase survival chances.
However, productions based on novels
decrease survival chances. This is probably
because scripts based on novels are often “arthouse”-type productions and less appealing to
large audiences. Hence, these productions do
not increase an actor’s visibility, which can be
detrimental to a career. The same holds true
for actors appearing in U.S. productions, compared with actors working in other countries.
Actors based in the United States have less
chance for survival, probably because the U.S.
business is more competitive than film industries in other countries. The effects of the origin variables point in the same direction—actors
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Titles in Italian (ln)

Titles in French (ln)

Titles in German (ln)

Titles in English (ln)

Origin Italy

Origin France

Origin Germany

Origin UK

Origin USA

Number of roles not credited (ln)

Cumulative billing position (ln)

Cumulative number of awards (ln)

Number of movies produced (ln)

Age (ln)

Female

(2)
Social Capital
Measures
.073***
(6.228)
.110***
(6.413)
–.355***
(–14.611)
–.946***
(–22.752)
.072***
(13.939)
.191***
(17.078)
.044**
(3.129)
.115***
(4.624)
.030
(.677)
.100*
(2.157)
–.018
(–.373)
–.104***
(–5.591)
.130***
(8.382)
–.063***
(–3.895)
–.148***
(–7.623)

(1)

Covariate
Baseline Model
.081***
(6.858)
.102***
(5.877)
–.303***

(–12.457)
–.967***
(–23.059)
.055***

(10.793)
.214***
(19.128)
.028*

(2.036)
.127***
(5.103)
.040
(.896)
.119*
(2.544)
.018
(.356)
–.146***
(–7.971)
.124***

(7.947)
–.065***
(–4.027)
–.161***

(–8.205)

Table 2. Main Results: Cox Regressions on Career Failure Hazards

(–8.128)

(8.351)
–.074***
(–4.609)
–.158***

(2.706)
.123***
(4.959)
.032
(.731)
.113*
(2.419)
–.010
(–.208)
–.126***
(–6.828)
.129***

(13.464)
.205***
(18.424)
.038**

(–12.652)
–.956***
(–22.854)
.069***

.073***
(6.211)
.108***
(6.229)
–.307***

Diversity
Measures

(3)

(–7.746)

(8.437)
–.070***
(–4.378)
–.151***

(3.216)
.119***
(4.795)
.031
(.704)
.105*
(2.259)
–.022
(–.433)
–.098***
(–5.296)
.130***

(15.002)
.188***
(16.923)
.045**

(–14.260)
–.944***
(–22.673)
.077***

.073***
(6.244)
.110***
(6.361)
–.347***

Full Model

(4)

(–7.708)

(8.494)
–.072***
(–4.458)
–.150***

(3.082)
.118***
(4.714)
.030
(.688)
.107*
(2.306)
–.020
(–.398)
–.096***
(–5.175)
.131***

(15.199)
.193***
(17.330)
.043**

(–14.370)
–.942***
(–22.606)
.078***

.010
(.656)
.110***
(6.404)
–.350***

Interaction
Effects 1

(5)

(continued)

(–7.706)

(8.594)
–.071***
(–4.410)
–.150***

(3.082)
.116***
(4.636)
.030
(.681)
.107*
(2.288)
–.019
(–.388)
–.094***
(–5.060)
.133***

(15.253)
.195***
(17.430)
.043**

(–14.537)
–.945***
(–22.619)
.079***

.536***
(4.904)
.108***
(6.274)
–.355***

Interaction
Effects 2

(6)
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Person per movie ratio

Genre: drama/romance/history

Genre: action/adventure/Western

Genre: family/adventure/comedy

Genre: thriller/crime

Crew size (ln)

Novels (ln)

Sequels (ln)

Major titles (ln)

Has been director (ln)

Has been producer (ln)

Productions Italy (ln)

Productions France (ln)

Productions Germany (ln)

Productions USA (ln)

Table 2. (continued)

.544***
(32.517)
–.326***
(–11.915)
–.092***
(–4.420)
.248***
(10.727)
–.392***
(–12.676)
–.004
(–.236)
–.180***
(–9.905)
–.183***
(–13.421)
.157***
(13.212)
–.069***
(–8.226)
–.037***
(–7.391)
.015**
(3.255)
–.003
(–.602)
.073***
(13.108)
.058***
(32.317)

(–5.645)
.245***
(10.599)
–.416***

(–13.348)
–.011
(–.668)
–.108***

(–5.945)
–.176***
(–12.714)
.142***

(11.840)
.030***
(3.821)
–.042***

(–8.483)
.022***
(4.701)
.002
(.387)
.072***
(13.291)
.043***

(25.148)

Social Capital
Measures

Covariate
Baseline Model

.554***
(33.444)
–.374***
(–13.327)
–.117***

(2)

(1)

(31.613)

(–5.919)
.035***
(6.067)
–.001
(–.321)
.106***
(16.741)
.056***

(11.473)
.075***
(9.250)
–.031***

(–9.703)
–.185***
(–13.472)
.137***

(–13.112)
.001
(.066)
–.176***

(–4.282)
.248***
(10.719)
–.405***

.534***
(32.097)
–.344***
(–12.507)
–.089***

Diversity
Measures

(3)

(33.527)

(–4.768)
.034***
(5.924)
–.003
(–.560)
.103***
(15.811)
.061***

(12.472)
–.016
(–1.781)
–.026***

(–10.873)
–.189***
(–13.806)
.149***

(–12.592)
.003
(.196)
–.197***

(–3.753)
.250***
(10.772)
–.389***

.533***
(31.795)
–.317***
(–11.664)
–.079***

Full Model

(4)

(33.530)

(–4.535)
.035***
(6.089)
–.002
(–.471)
.104***
(15.985)
.061***

(12.387)
–.017*
(–1.992)
–.024***

(–10.882)
–.187***
(–13.676)
.148***

(–12.672)
.008
(.447)
–.197***

(–3.704)
.249***
(10.716)
–.393***

.533***
(31.826)
–.318***
(–11.679)
–.077***

Interaction
Effects 1

(5)

(continued)

(33.487)

(–4.540)
.035***
(6.146)
–.003
(–.749)
.105***
(16.088)
.061***

(12.601)
–.018*
(–2.061)
–.024***

(–10.855)
–.185***
(–13.540)
.151***

(–12.565)
.012
(.671)
–.197***

(–3.753)
.250***
(10.775)
–.390***

.532***
(31.746)
–.318***
(–11.707)
–.079***

Interaction
Effects 2

(6)
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–373499.215
8325.125
747068.430
36,490
97,657
1,072,067

–373466.797
8376.814
747007.593
36,490
97,657
1,072,067

–.833***
(–8.370)
–.107**

Note: Cox proportional hazard regressions; t statistics in parentheses; robust standard errors clustered by actor id; Breslow method for tied events.
*p < .05; **p < .01; ***p < .001 (two-tailed tests).

–373445.738
8365.011
746967.476
36,490
97,657
1,072,067

–373782.722
7711.736
747631.444
36,490
97,657
1,072,067

(7.261)

(–15.536)

(–8.566)
–.185***
(–7.455)
–2.952***

–.504***
(–7.149)
.355***
(21.744)
–.633***

Interaction
Effects 2

(6)

Log-likelihood
Chi2
AIC
Number of failures
N (actors)
N (actor-film observations)

–373675.611
7960.990
747415.223
36,490
97,657
1,072,067

(–19.006)

(–29.591)

(–18.827)
–.586***
(–3.871)
.190***

(–13.664)
–.220***
(–9.804)
–3.176***

(–13.829)
–.216***
(–9.642)
–3.204***

–1.756***
(–32.725)
–.264***
(–11.887)
–4.523***

Interaction
Effects 1

(5)

–.324***
(–4.389)
.294***
(16.784)
–.908***

Full Model

(4)

–.498***
(–7.105)
.353***
(21.696)
–.918***

Diversity
Measures

(3)

(–3.194)
–.594*
(–1.990)

–374323.440
6437.017
748706.880
36,490
97,657
1,072,067

Social Capital
Measures

Covariate
Baseline Model
–.574***
(–8.274)
.442***
(30.680)

(2)

(1)

Female x genre diversity

Female x niche width

Female x newcomers

Female x cohesion

Female x familiarity

Genre diversity (ln)

Niche width (ln)

Share of newcomers (ln)

Recurring cohesion (ln)

Team familiarity (ln)

Table 2. (continued)
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born in English-speaking countries face
greater career hazards.
Models 2, 3, and 4 add the main predictors
to the model. Model 2 enters the first set of
predictors: familiarity and cohesion. Model 3
includes the second set (share of newcomers,
niche width, and genre diversity). In Model 4,
all main predictors are included together.
These results show that interpersonal familiarity reduces the likelihood of failure, whereas
recurring cohesion considerably increases it.
The diversity coefficients all point in the
same direction and show negative signs. This
means that chances for career survival
increase if actors pursue their careers in open
teams with greater genre diversity and a
higher percentage of newcomers, and when
they establish a broader genre portfolio.
How do these effects vary between female
and male actors? Can women reduce their
disadvantaged position through open network
structures? Is there a female closure penalty?
Models 5 and 6 specify interaction effects
between the female dummy and the main
predictors. The female dummy as well as the
signs of the interaction terms support both
hypotheses—a result that remains robust
under different model specifications.8
Because of the interaction term, the main
coefficient of the female dummy now refers
to the case in which both interacted variables
are zero. As seen in Model 5, if familiarity
and cohesion are completely absent, the
female dummy becomes insignificant. In that
case, there is no difference in survival between
the genders anymore. By contrast in Model 6,
the coefficient of the female dummy increases
as compared to the full model (Model 4). This
coefficient refers to the case in which all
diversity variables are zero. This means gender differences are large if a career has not
been exposed to diversity.
To facilitate interpretation of the interaction effects, Figures 1 and 2 display the entire
range of values of the interaction effects in a
marginal effects plot.9 This allows us to examine how and with what statistical precision the
effect of the female dummy changes across
the full range of the interacted predictors.

Figures 1 and 2 show point estimates of
the model-based conditional marginal effects
of the female dummy on the relative hazards
of career failure, conditional on the values of
the interacted predictor. All covariates are
constant at their means. The figures also
graph the upper and lower bounds of the 95
percent confidence interval (see the two
dashed lines). The effects are significant
when the y-zero line is outside the interval. If
the effect is positive, this means women have
lower survival chances than men. The dotted
vertical reference lines on the x-axis display
the 25th, 50th (the median), 75th, and 90th
percentiles. This shows the distribution of the
interacted predictor and tells to what extent
the interaction matters, that is, to how many
cases the interacted effect applies. As seen in
the right panel of Figure 1, the differences in
the likelihood of career survival between
male and female actors clearly become
stronger as the cohesion variable increases.
Hypothesis 1 is well supported by the figure.
At the same time, gender disadvantages are
reduced with higher degrees of familiarity,
after controlling for cohesion and all other
variables in the model. Familiarity, as it turns
out, is a measure of weak ties, once the models control for cohesion. Figure 2 graphs the
interaction effects of the diversity variables.
Again, results strongly support Hypothesis 2.
The differences between males and females in
career survival become less strong as information diversity and team openness increase.
The broader the niche width, the more newcomers in a team, and the greater a team’s
genre diversity, the better the chances become
for women, or, to put it differently, the more
equal is career duration between males and
females.
Figures 3 and 4 explore how men’s and
women’s survivor functions change with different levels of cohesion and diversity—again
based on the full covariate model and including the interaction effects.10 Figure 3 compares men’s and women’s survival curves for
the case of zero cohesion (i.e., complete
absence of any cohesive team within an
actor’s career) versus cohesion at average and
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Figure 1. Change of Female Effect with Increasing Familiarity and Cohesion; Model-Based
Marginal Effects of the Female Dummy on the Risk of Career Failure (Based on Model 5),
Conditional on Familiarity and Cohesion

Note: All covariates fixed at their means. Dashed curves: 95 percent confidence interval of female effect.
Dotted vertical lines: 25th, 50th, 75th, and 90th percentile of interacted predictor.

one to three standard deviations above its
mean. If cohesion is absent, there is virtually
no difference between men’s and women’s
career survival. If cohesion increases to values above the average, gender differences
start to grow. In the same way, Figure 4 compares scenarios for the three diversity variables. In the case of high-diversity careers (all
diversity measures one standard deviation
above their means), there is no difference in
survival between men and women. However,
in careers moving from high to average to
lower-than-average diversity, differences in
career survival increase sharply.
These model-based scenarios offer substantial evidence that the hypotheses hold for
a majority of people. For instance, if cohesion
takes the median value (see Figure 1, right
panel)—that is, 50 percent of cases have
cohesion values higher than the figure’s p-50
dotted reference line—differences in survival
between men and women start to become

significant and steadily increase after that
point. If cohesion increases to one standard
deviation above the mean (applies to approximately 25 percent of all cases), survival
chances for women are constantly about 10
percent lower than for men. These scenarios
also show that women can significantly
reduce their failure hazards to a level indistinguishable from men’s. About 25 percent of
cases lie at or very close to zero, meaning an
absence of or very little cohesion. For these
cases, there is virtually no difference in dropout hazards between men and women. In the
same vein, Figure 4 shows that if diversity is
as high as one standard deviation above the
average, gender inequalities disappear (this is
true in 20 to 30 percent of cases). In summary,
if women build their careers within diversity
structures that are slightly above the average
or within team structures of low or absent
recurring cohesion, they can significantly
reduce their disadvantageous position:
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Figure 2. Change of Female Effect with Increasing Diversity; Model-Based Marginal Effects
of the Female Dummy on the Risk of Career Failure (Based on Model 6), Conditional on
Diversity Measures

Note: All covariates fixed at their means. Dashed curves: 95 percent confidence interval of female effect.
Dotted vertical lines: 25th, 50th, 75th, and 90th percentile of interacted predictor.

women’s survival rates then become essentially the same as men’s.
To further examine possible mechanisms
that explain the female closure penalty, such
as the role of poor mentorship, female penalties through male-dominated circles, and the
role of high- versus low-status careers, Table
3 estimates additional models. Model 1 tests
an interaction effect between the female
dummy and the percentage of females among
the team of producers and directors. Gender
differences are high if the percentage of males
in the team of producers and directors
increases. This supports the assumption that
women, as opposed to men, are probably at a
greater disadvantage in building important
mentorship ties to male sponsors. Model 2
tests whether gender differences in survival
increase or decrease if a career moves through
typically female or male genres.11 The negative interaction coefficient indicates that

women have lower career prospects if they
work in male-dominated genres, but they do
better in female-dominated genres. This suggests that women are more able to develop
beneficial contacts, probably of higher status,
when they work in female environments. In
both instances, the female-cohesion penalty
remains significant (see the female-cohesion
interaction in Model 4) but is slightly reduced
(compare with Model 5 in Table 2). This suggests that at least part of the cohesion-penalty
effect is captured through these mechanisms.
However, the cohesion penalty remains a significant effect, suggesting that information
penalties through dense network attachments
do matter even if these mechanisms are taken
into account. A further analysis compares
high- and low-status careers (Models 5 and
6). Model 5 replicates the main results and the
female-cohesion effect for actors who have
zero awards throughout their careers (n =
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Figure 3. Career Survival for Men and Women Comparing Different Levels of Cohesion;
Plotted Survivor Function after Model Estimation (Based on Model 5 of Table 2) for Male
(m) and Female (f) Actors, Varying Different Levels of the Cohesion Variable
Note: All covariates fixed at their means.

94,853), and Model 6 for actors with at least
one award (n = 2,822). The female-cohesion
penalty is especially strong in lower-status
careers (Model 5) but insignificant in higherstatus careers (Model 6). Again, this result
supports the assumption that women suffer
more than men from lower status, and that
this mechanism could possibly contribute to
explaining the female closure penalty.

Conclusions
On the basis of a large-scale, longitudinal
career database consisting of full career profiles of almost one hundred thousand film
actors and covering more than one million
film roles, this study analyzed how measures
of cohesion, social capital, and information
diversity moderate gender disadvantages in
pursuing careers in film. Building on prior
research, I argued that women likely suffer
from cohesive social structures but can take
advantage of less cohesive, weaker structures

that are more open with regard to job-relevant
information flow. Results from career survival
models confirm the proposed assumptions:
gender disadvantages grow significantly with
increases in team cohesion, but differences are
reduced in careers that move through weaker
social ties and have higher degrees of information diversity. If women pursue their
careers in open and diverse network architectures, they can reduce their disadvantaged
position and the risk of dropping out of the
business to a level that is statistically indistinguishable from the risk men run. The more
open and diverse team structures become, the
more gender equality can be expected in
project-based career advancement.
The findings contribute to the literatures
on gender inequality and networks in several
ways. First, to the best of my knowledge, this
study is the first to examine differential
returns to men and women on their social
capital based on large-scale longitudinal data,
using sophisticated measures of network
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Figure 4. Career Survival for Men and Women Comparing Different Levels of Diversity;
Plotted Survivor Function after Model Estimation (Based on Model 6 of Table 2) for Male
(m) and Female (f) Actors, Varying Different Levels of the Three Diversity Measures
Note: All covariates fixed at their means.

closure and diversity. In doing this, I explore
a unique dataset covering a labor market in its
entirety, including almost all products that
have ever been produced in that market, all
actors who have ever been involved in making these products, and their complete collaboration networks. Seldom in sociological
research has it been possible to gain insight
into an almost complete social network structure from a full population of labor market
actors.
Second, prior research shows that women
remain disadvantaged at the network periphery and need to “borrow” social capital
through ties to important brokers (Burt 1998;
Ibarra 1992). This study builds on these findings and argues that in the context of projectbased labor markets, within which recruitment
largely depends on informal ties, job-relevant
information flow is generally low and redundant in cohesive structures, but high and various in diverse and open network structures.
At the same time, cohesive networks tend to

exclude actors from relevant sources of information. As this study shows, if women attach
themselves more often within cohesive teams,
their likelihood for career failure becomes
much higher than if men are attached to cohesive teams. The fact that women experience a
greater failure hazard indicates they are at a
greater job-relevant information disadvantage, which could point to possible male closure tendencies occurring within cohesive
teams. This is supported by the finding that
women’s failure hazard increases if they work
in teams with a higher percentage of males at
the managerial level (directors and producers). Moreover, women’s failure hazards also
increase if they work in male-dominated film
genres, and the female closure penalty is
especially strong among low-status careers.
Therefore, while prior research argues that
women could potentially benefit if they attach
in dense, interconnected teams (Burt 1998),
this study highlights the possibility of exclusion and information penalties, which are
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Titles in Italian (ln)

Titles in French (ln)

Titles in German (ln)

Titles in English (ln)

Origin Italy

Origin France

Origin Germany

Origin UK

Origin USA

Number of roles not credited (ln)

Cumulative billing position (ln)

Cumulative number of awards (ln)

Number of movies produced (ln)

Age (ln)

Female

(2)
.076***
(6.519)
.107***
(6.176)
–.344***
(–14.124)
–.944***
(–22.662)
.077***
(15.011)
.188***
(16.831)
.043**
(3.059)
.123***
(4.948)
.031
(.693)
.103*
(2.214)
–.021
(–.420)
–.100***
(–5.378)
.131***
(8.462)
–.069***
(–4.290)
–.150***
(–7.720)

(1)
.105***
(7.996)
.108***
(6.192)
–.347***
(–14.251)
–.943***
(–22.612)
.081***
(15.565)
.190***
(17.056)
.046***
(3.318)
.115***
(4.626)
.017
(.384)
.090
(1.931)
–.027
(–.547)
–.090***
(–4.855)
.121***
(7.819)
–.071***
(–4.401)
–.149***
(–7.680)

Table 3. Additional Results: Exploring the Female Closure Penalty

(–7.662)

(7.840)
–.070***
(–4.335)
–.149***

(3.195)
.118***
(4.749)
.017
(.378)
.088
(1.894)
–.026
(–.538)
–.091***
(–4.920)
.121***

(15.565)
.189***
(16.989)
.045**

(–14.137)
–.943***
(–22.598)
.081***

.106***
(8.101)
.105***
(6.058)
–.345***

(3)

(–7.626)

(7.870)
–.071***
(–4.382)
–.149***

(3.084)
.117***
(4.696)
.016
(.367)
.089
(1.921)
–.025
(–.514)
–.090***
(–4.850)
.122***

(15.676)
.192***
(17.243)
.043**

(–14.193)
–.942***
(–22.559)
.081***

.055**
(3.215)
.106***
(6.093)
–.346***

(4)

(–7.165)

(7.727)
–.062***
(–3.822)
–.143***

(3.309)
.112***
(4.483)
.043
(.965)
.113*
(2.412)
–.011
(–.210)
–.090***
(–4.833)
.122***

.070***
(13.545)
.168***
(14.845)
.046***

(–12.844)

.015
(.972)
.078***
(4.618)
–.314***

(5)

(continued)

(3.600)
–.364***
(–3.970)
–.059
(–.595)

.056
(.751)
–.164
(–1.864)
.127
(.965)
–.054
(–.201)
–.025
(–.092)
–.295
(–.771)
–.150
(–.420)
.012
(.082)
.285***

(–3.403)

–.090
(–.660)
.507
(1.341)
–.960***

(6)
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Recurring cohesion (ln)

Team familiarity (ln)

Person per movie ratio

Genre: drama/romance/history

Genre: action/adventure/Western

Genre: family/adventure/comedy

Genre: thriller/crime

Crew size (ln)

Novels (ln)

Sequels (ln)

Major titles (ln)

Has been director (ln)

Has been producer (ln)

Productions Italy (ln)

Productions France (ln)

Productions Germany (ln)

Productions USA (ln)

Table 3. (continued)
(2)
.531***
(31.682)
–.316***
(–11.646)
–.078***
(–3.738)
.249***
(10.722)
–.388***
(–12.570)
.004
(.240)
–.200***
(–11.007)
–.189***
(–13.823)
.152***
(12.699)
–.015
(–1.707)
–.046***
(–6.592)
.012
(1.591)
–.026***
(–3.854)
.102***
(15.557)
.061***
(33.540)
–.496***
(–7.018)
.346***
(21.146)

(1)
.541***
(32.493)
–.271***
(–10.241)
–.057**
(–2.704)
.244***
(10.528)
–.381***
(–12.325)
.007
(.385)
–.224***
(–12.431)
–.181***
(–13.260)
.137***
(11.423)
–.013
(–1.517)
–.041***
(–7.549)
.018**
(3.046)
–.002
(–.410)
.090***
(13.852)
.065***
(35.813)
–.454***
(–6.399)
.315***
(19.308)

(–6.353)
.310***
(18.924)

(13.646)
.065***
(35.793)
–.454***

(–13.280)
.140***
(11.601)
–.013
(–1.480)
–.057***
(–8.145)
.000
(.037)
–.021**
(–3.048)
.089***

(10.493)
–.380***
(–12.304)
.007
(.413)
–.226***
(–12.536)
–.182***

(–10.236)
–.057**
(–2.691)
.243***

(32.399)
–.271***

.539***

(3)

(–3.855)
.263***
(14.940)

(13.747)
.065***
(35.840)
–.286***

(–13.205)
.138***
(11.505)
–.014
(–1.572)
–.056***
(–8.042)
.001
(.083)
–.021**
(–3.054)
.090***

(10.438)
–.383***
(–12.362)
.010
(.550)
–.226***
(–12.527)
–.181***

(–10.248)
–.056**
(–2.657)
.242***

(32.419)
–.271***

.539***

(4)

(–4.330)
.287***
(16.322)

(17.083)
.063***
(34.397)
–.322***

(6.070)
–.001
(–.235)
.112***

(–2.140)
–.025***
(–4.597)
.035***

(–14.048)
.154***
(12.797)
–.019*

(9.857)
–.397***
(–12.283)
.009
(.525)
–.205***
(–11.263)
–.195***

(–11.024)
–.073***
(–3.401)
.235***

.533***
(31.753)
–.313***

(5)

(continued)

(–3.614)
.101***
(6.964)
.156
(.282)
.492**
(3.272)

(2.301)
–.221
(–1.796)
.091
(.849)
.451
(1.959)
–.118
(–1.520)
.318**
(3.250)
–.028
(–.374)
–.003
(–.056)
–.038
(–.683)
.008
(.199)
–.188***

(–3.198)
–.062
(–.631)
.248*

.054
(.425)
–.333**

(6)
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(–13.569)
–.197***
(–8.582)
–3.170***
(–18.765)

(–11.688)
–.176***
(–7.833)
–2.958***
(–17.469)

–372849.870
9555.073
745773.740
36,490
97,657
1,072,067

–373479.438
8371.439
747032.876
36,490
97,657
1,072,067

–.235**
(–3.190)
–.363***
(–4.338)

–.902***

–.778***

–.012***
(–24.440)
–.002**
(–2.756)

(2)

(1)

–372835.854
9576.956
745749.708
36,490
97,657
1,072,067

(–2.374)
–.329***
(–3.879)

–.012***
(–24.455)
–.002*
(–2.569)
–.174*

(–7.005)
–2.928***
(–17.262)

(–11.469)
–.160***

–.764***

(3)

–372816.185
9600.912
745714.370
36,490
97,657
1,072,067

(–2.611)
–.281***
(–3.297)
–367330.992
7839.071
734733.985
35,993
94,835
980,519

(–3.900)
.196***
(7.476)

(–3.627)
.152***
(5.613)
–.012***
(–24.804)
–.001
(–1.518)
–.192**

(–9.621)
–3.117***
(–18.411)
–.592***

(–13.604)
–.217***

–.908***

(5)

(–7.112)
–2.911***
(–17.156)
–.563***

(–11.389)
–.163***

–.759***

(4)

Note: Cox proportional hazard regressions; t statistics in parentheses; robust standard errors clustered by actor id; Breslow method for tied events.
*p < .05; **p < .01; ***p < .001 (two-tailed tests).

Log-likelihood
Chi2
AIC
Number of failures
N (actors)
N (actor-film observations)

Female x female genre

Female genre

Female x percent females directors/producers

Percent females directors/producers

Female x cohesion

Female x familiarity

Genre diversity (ln)

Niche width (ln)

Share of newcomers (ln)

Table 3. (continued)

–3115.250
284.528
6302.500
497
2,822
91,548

–.913
(–1.704)
–.297
(–1.429)
–3.221
(–1.882)
–2.004
(–1.460)
–.014
(–.054)

(6)
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likely to occur in cohesive team structures,
and which are more detrimental for women
than for men. Hence, this study moves beyond
existing knowledge and advances our understanding of how social capital and network
structures shape career trajectories differently
for men and women.
Moreover, prior research draws conclusions largely from cross-sectional datasets,
which poses problems for causal reasoning.
In a cross-sectional context, it is not clear
whether, for instance, certain network structures in which people are embedded are the
cause or the effect of career success or failure.
This study echoes Mouw’s (2006) call to
more rigorously estimate the causality of network effects by using panel data research
designs. Yet, one might argue that the proposed network causality is reversed. Women’s
careers might suffer more from being typecast (Zuckerman et. al 2003), leading to cohesive but less successful project teams, which
in turn reduces career survival. However, the
results presented here are robust to this possible scenario, because the models control for
genre, genre spanning, prior success, and
other career-relevant factors. The coefficients
of this study robustly show that if women
have been attached to cohesive teams in their
past productions—controlling for their past
success and genre identity—their chances for
future roles decrease, which substantially
reduces their career longevity.
An important further contribution lies in
the fact that this study shows how inequalities
are being reduced. While there is much
research on what factors cause increasing
gender inequalities, research on how inequalities disappear is still underdeveloped. Kalev
(2009) is important in this respect: it shows
that the organization of labor in diverse,
cross-functional teams—as opposed to classical bureaucratic work hierarchies—generally
has great potential to improve women’s visibility, and hence reduce gender differences in
career success. By focusing on a pure project
and team-based labor market, this article significantly adds to this research by showing
under exactly what conditions existing (and
persisting) gender inequalities diminish or

even disappear within team-organized labor. I
show that it is not the mere fact that labor is
organized in teams, but how teams are socially
composed and structured, that is important.
This study reveals that exposure to broad and
diverse social ties, different cultural genre
backgrounds, and different conventional
standards are especially beneficial factors for
women. This finding might also carry practical consequences for team design or optimal
career choices for women, and further exploring exactly why diversity has these beneficial
effects can provide a launching pad for future
case-study research.
In addition, the way different mechanisms
of inequality interact with each other has
rarely been studied. Does the simultaneous
effect of two or more mechanisms of inequality lessen or intensify the severity of inequality, and if so, how? As a consequence,
cumulative or conditional effects of inequality are poorly understood. By analyzing interaction effects on individual career data, this
study heeds the call to more seriously study
the conditional nature of inequality (DiPrete
and Eirich 2006). This study asked whether
different network structures interact with gender inequalities, and future research could
analyze whether cumulative advantages
reward males or females differently in cohesive or diverse network structures. Given the
results of this study, how do networks and
cumulative advantages interact with gender
inequalities? In other words, does the Matthew effect cancel out the negative effects of
cohesion for women? Or does it intensify
inequalities caused by network closure?
This study focuses on careers in which
gender disadvantages do not result from
direct competition between males and
females—male and female jobs are mostly
predefined with a film’s script—but rather
from disadvantages at an aggregate level. The
sociological causes of these disadvantages lie
beyond the scope of this study. Gender disadvantages might be induced through processes
of allocative discrimination (Petersen and
Saporta 2004), motherhood penalties, or discrimination based on ascriptive rather than
meritocratic judgments. Differences in careers
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between males and females might also be
induced through self-chosen changes in personal preference structures, yielding different
human capital investments across genders
(Becker 1975). Instead, this study shows how
observed career inequalities between males
and females decrease or increase through different forms of network embeddedness. In
doing this, I show that careers in cohesive
networks can be a “double jeopardy” (Lincoln and Allen 2004) for women who already
face labor market disadvantages.
One potential limitation of this study comes
from the fact that the dataset does not contain
roles other than those in film productions.
Would the results have been different had I
included roles in TV or theater productions?
Or, in the project-based labor markets for TV
and theater, would the same network mechanisms apply? If the same mechanisms are present, including those roles would not alter the
results. At the same time, omission of these
data creates an opportunity for future research
to replicate and analyze the findings presented
here in these related labor markets. I also leave
it to future case-study research to see whether
certain external shocks for which I do not have
data—such as big box-office failures, personal
troubles (e.g., drug abuse), marriage, having
children, or getting divorced—affect male and
female careers differently. Again, the study’s
design assumes that these single events are
randomly distributed across the genders and do
not affect men’s and women’s career trajectories differently.
Another limitation might be that the network measures used here do not accurately
reflect acquaintanceship or even friendship,
and hence might not accurately measure
whether job-relevant information flows. This
is not solely a problem of this study, but a
problem for all studies using affiliation or coworking data (Borgatti and Halgin 2011). I
believe, however, that this is a minor issue.
The study’s measures rely on the assumption
that co-workers who have been affiliated with
a project at least know each other, which is a
condition for job-relevant information flow.
This is reasonable because film crews often
stay together on a set for weeks, sometimes

months, often working extensive 12-hour
shifts or more, and living on the same site
(Grugulis and Stoyanova 2012; Jones 1996).
Bechky (2006) calls this a Goffman-type
“total institution” (Goffman 1961), in which
intense social ties are established. Moreover,
affiliation data is task- and work-related network data and thus directly relevant to career
advancement. One can easily assume that jobrelevant information flows first and foremost
through these collaboration networks. Future
research, however, could try to replicate these
results using different network measures,
such as calculating centrality scores on an
actor-by-actor matrix and comparing these
scores for men versus women.
Finally, the specific empirical setting of
the study, an artistic labor market, might limit
the extent to which generalities can be drawn.
However, I believe the findings can be generalized beyond this cultural industry and
expanded to other flexible, project-based
labor markets. Examples could be the labor
market for managers, architects, journalists,
designers, academics, or any other innovation
industry operating within firm- or disciplinespanning teams and networks, such as fastchanging high-tech areas or start-ups in
biotechnology (Powell, Koput, and SmithDoerr 1996). Moreover, I believe the empirical setting is important on a much broader
scale. The economy as a whole is experiencing a shift from hierarchical to network-based
organization of labor, and from physical labor
or administrative work to creative, knowledgeoriented tasks (Boltanski and Chiapello 2005;
Castells 1996). At the same time, career trajectories are shifting from internal promotion
and life-long employment within a single
company to flexible careers moving through
open organizations in a growing boundaryless
economy (Arthur and Rousseau 1996).
Future research could and should try to
apply the indicators used here to other labor
markets. This would not only prove and validate the findings presented here, but would
contribute to an advanced understanding of
how inequalities emerge, why they intensify,
and most importantly, under what conditions
inequalities disappear.
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Appendix
Table A1. Rotated Factor Loadings and Unique Variances, from Principal Component Factor
Analysis

Genre
Short
Drama
Comedy
Romance
Action
Animation
Thriller
Family
Crime
Adventure
Music
Horror
Fantasy
Mystery
Sci-fi
Western
Musical
Biography
Sport
War
History
Film noir
Adult
Reality
News
Game show
Documentary
Talk show
Factor
eigenvalue

Factor 1

Factor 2

Factor 3

Factor 4

Thriller/
Crime

Family/
Adventure/
Comedy

Action/
Adventure/
Western

Drama/
Romance/
History
–.3365
.7106

–.5792
.3886
.5413
.5289
.6741
.6406
.5547
.5193

.4661

.3881

–.3283
.5506

.5278
–.3157
.3326

.3311
.4021

1.979

1.814

1.592

.3173

1.371

Note: Blanks represent factor loadings < .3.

Downloaded from asr.sagepub.com at Max Planck Society on May 2, 2016

Uniqueness
.7626
.4466
.5295
.7658
.5851
.7039
.5137
.5704
.6134
.5102
.9357
.7309
.6872
.7197
.7256
.764
.8559
.7945
.9651
.7526
.6928
.8486
.9873
.9997
.993
.9991
.7924
.9993
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Table A2. List of Awards Used for This Study
U.S. Awards

International “A” Festivals

International “B” Festivals

Academy Awards
Broadcast Film Critics
Association Awards
Directors Guild of America
Awards
Golden Globe Awards
Independent Spirit Awards
Laurel Awards
Los Angeles Film Critics
Association Awards
MTV Movie Awards
National Board of Review
Awards
National Society of Film Critics
Awards
New York Film Critics Circle
Awards
People’s Choice Awards
Screen Actors Guild Awards
Writers Guild of America
Awards

Berlin International Film
Festival
Cairo International Film
Festival
Cannes Film Festival
International Film Festival of
India
Karlovy Vary International Film
Festival
Locarno International Film
Festival
Mar del Plata Film Festival
Montreal World Film Festival
Moscow International Film
Festival
San Sebastian International
Film Festival
Shanghai International Film
Festival
Tokyo International Film
Festival
Venice Film Festival
Warsaw International Film
Festival

European Film Awards
German Film Awards
Ghent International Film
Festival
London Critics Circle Film
Awards
London Film Festival
Miami International Film
Festival
Monaco International Film
Festival
Moondance International Film
Festival
Munich Film Festival
Norwegian International Film
Festival
Sarajevo Film Festival
Seattle International Film
Festival
Thessaloniki Film Festival
Toronto International Film
Festival
Undine Awards, Austria
Vienna International Film
Festival
Zurich Film Festival
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Notes
1.

The combination of both types of social capital is an
important feature for team success, especially for creative teams. Referring to this structure as “network
complementarity,” Uzzi (1999:491) concludes that
the simultaneous mixture between diverse sets of ties
and cohesion bolsters mutual benefits among team

members and ultimately increases team performance.
Creative teams need a certain degree of cohesion to
facilitate trust, but too much cohesion carries creative
restrictions, resulting in less innovative outcomes (de
Vaan, Vedres, and Stark forthcoming; Perretti and
Negro 2007; Reagans and Zuckerman 2001; Stark
2009; Uzzi and Spiro 2005; Vedres and Stark 2010).
2. These raw data are accessible at (ftp://ftp.fu-berlin
.de/pub/misc/movies/database/). Data and replication
material for this article are available at (http://www.
mpifg.de/projects/wta).
3. I had included the early years in a previous version
of this study. The results were essentially the same
but less pronounced than in this version. In addition,
I repeated the analysis starting in 1949, to account
for the beginning of Hollywood’s post-studio era.
The results remain the same as those presented here
(see Table S1 in the online supplement [http://asr
.sagepub.com/supplemental]).
4. This naturally includes actors who died. I assume
that the event of death is randomly distributed
across genders and should not affect the results.
5. I repeated the analysis using a less conservative
time frame of five years. The results did not differ
from those presented here (available upon request).

Downloaded from asr.sagepub.com at Max Planck Society on May 2, 2016

Lutter

355

6. The number of awards is a measure of artistic reputation. I believe the multidimensional concept of
reputation is best measured by accounting for a
full variety of awards, as in this approach. However, results do not change if I use different sets
of awards (such as U.S. awards only, or “A” festivals only, see Tables S2 and S3 in the online
supplement).
7. For all variables that have a zero value, I add the
constant 1 to enable taking the natural logarithm.
8. Table S4 (in the online supplement) tests the robustness and time sensitivity of the results. In particular,
I use discrete-time estimations using probit regressions with different specifications of time (quadratic and cubic polynomials in Models 1 through
4), as suggested by Carter and Signorino (2010).
Models 5 and 6 specify a complementary log-log
regression (e.g., as used by Dobbin, Kim, and Kalev
2011). The results remain unaffected under these
different model specifications.
9. I produced the figures using the commands margins
and marginsplot in Stata 13.
10. I created the figures using Stata’s postestimation
command stcurve after stcox.
11. The female genre variable measures the extent to
which a certain film genre is dominated by males
or females. The variable is an additive index of
weighted genre dummies, weighted by their correlation with the percentage of females within
each production. Higher values indicate femaledominated genres (typically comedy, drama, and
family); lower values indicate male-dominated
genres (typically action, adventure, and war).
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