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Signaling Diversity Debt: Startup Gender Composition and the Gender Gap in Joiners’ 
Interest  

ABSTRACT 

Women are underrepresented in startups, but research on “joiners” – non-founder employees 
attracted to startup work – offers limited explanations for why such underrepresentation occurs 
and how it persists. We argue that, even among joiners, women are less interested than men in 
applying to startup jobs and that this gender gap is associated with differential reactions to 
information about the gender composition of prospective employers. We analyze unique field data 
obtained from a job-matching mobile-application platform for startups, finding the hypothesized 
gender gap and showing that women, but not men, are sensitive to information about 
organizational gender composition, especially for startups signaling diversity debt – i.e., no or only 
a token representation of women. A preregistered experiment further reveals that women’s identity 
threat concerns mediate these effects. Gender disparities in startups are reproduced in a vicious 
cycle as existing underrepresentation deters women from applying. Our findings have implications 
for research and practice concerning joiners, the underrepresentation of women in 
entrepreneurship, and startups’ ability to shape the gender composition of their applicant pools. 
 

INTRODUCTION 

Women are underrepresented in entrepreneurship not only as investors or founders 

(Ewens & Townsend, 2020; Guzman & Kacperczyk, 2019; Huang, Joshi, Wakslak, & Wu, 2021; 

Miric, Yin, & Fehder, 2022), but also as startup employees (Campero & Kacperczyk, 2020; 

Honoré & Ganco, 2020; Nisen, 2014). Problems ensuing from a skewed organizational gender 

composition (e.g., Fernandez-Mateo & Kaplan, 2018; Kanter, 1977a; Reskin, McBrier, & Kmec, 

1999) are particularly relevent in startups that tend to initially form gender homogenous teams 

(Lazar et al., 2020; Ruef, Aldrich, & Carter, 2003) and often rapidly scale their workforce by 

reproducing demographic inequalities (Amis, Mair, & Munir, 2020; DeSantola & Gulati, 2017). 

That is, startups may accrue “diversity debt” (e.g., Wu, 2017) – an initially skewed gender 

composition that endures through growth and demands costly engagement with diversity at scale. 

We argue that like other forms of debt (e.g., financial, technical; Banker, Liang, & Ramasubbu, 

2021; Samuelsson, Söderblom, & McKelvie, 2021) diversity debt has self-reinforcing properties 

whereby existing underrepresentation deters women from entering the candidate pool, 



 

exacerbating gender disparities in a vicious cycle. Understanding why such self-reinforcing 

patterns arise and how they get locked-in requires an understanding of gender sorting into the 

candidate pool.  

Despite growing attention to research on “joiners” – those that are attracted to the startup 

work setting but do not desire to be a founder (Roach & Sauermann, 2015: 2162; e.g., Choi, 

Goldschlag, Haltiwanger, & Kim, 2021; Chung & Parker, 2022; Rocha & van Praag, 2020; Kerr, 

Kerr, & Dalton, 2019) –answering questions about gender sorting in startups based on prior 

research remains surprisingly difficult. First, efforts to distinguish joiners from founders and 

other types of employees tend to treat joiners as a homogenous group of individuals and startups 

as a uniform category of organizations (e.g., Roach & Sauermann, 2015; Sauermann, 2017). 

These assumptions are useful when setting joiners apart from other workers, but inadequate 

when seeking to address why different joiners might be interested in different startups. Second, 

studies recognizing that what startups tell, show, or do (demand-side drivers) affects how men 

and women self-sort into the candidate pool (supply-side drivers) still focus on examining job 

seekers’ choices as a function of the characteristics and decisions of startup founders (e.g., 

Abraham & Burbano, 2022; Campero & Kacperczyk, 2020; Snellman & Younkin, 2021). These 

recent efforts, grounded in the rich literature about organizational gender segregation (e.g., 

Barbulescu & Bidwell, 2012; Fernandez-Mateo & Kaplan, 2018), are valuable in advancing a 

plausible theoretical rationale for the inception of diversity debt, specifically, that job seekers 

favor startups with demographically similar founders. However, empirical tests of this 

hypothesis yield mixed results; whereas some find evidence that “female candidates target 

startups with female founders” (Campero & Kacperczyk, 2020: 344), others do not (Snellman & 

Younkin, 2021), and yet others propose that it takes more than gender congruence with the 



 

founder for women to apply (Abraham & Burbano, 2022). Further, this approach falls short in 

explaining why the the gender composition of the candidate pool may change, even as the 

founding team remains stable. In other words, to the extent that diversity debt is self-reinforcing, 

founder-centric explanations for gender sorting in startups remain limited.  

To move forward, the present study builds on these insights to examine how joiners react 

to information about company-wide gender composition. This composition represents a startup’s 

track record in hiring and retaining men and women and, therefore, is not just a proximal 

outcome of joiners’ choices (e.g., Fernandez & Campero, 2017), but, as we argue, also their 

antecedent. To set up our baseline hypothesis that startup jobs are, on average, less appealing for 

women than for men, we first draw on the lack of fit model (Heilman, 1983) to theorize that the 

societal gender-typing of startups and the ubiquitous manifestations of masculine defaults in this 

context lead men and women to hold different expectations about fitting in and thus diverging 

levels of interest in applying. Adding the logic that job seekers use information about specific 

employers to update their fit or lack of fit expectations (Devendorf & Highhouse, 2008; Heilman, 

Manzi, & Caleo, 2019), we predict that women are sensitive to information about a startup’s 

current gender composition; the larger the proportion of women already in a startup, the more 

women are interested in applying. Accordingly, we use insights from work on tokenism (Kanter, 

1977b) to theorize that startups signaling diversity debt, that is, depicting a skewed gender 

composition in which women are severely underrepresented, are particularly less appealing to 

women joiners. We argue that this occurs because signaling diversity debt triggers identity threat 

concerns in women – a set of worries about the value of one’s gender identity in a particular 

setting (Kroeper, Williams, & Murphy, 2022) – thereby magnifying gender disparities in the 



 

candidate pool. We expect that men, as the dominant majority and default in this setting, remain 

largely unaffected. 

We test our hypotheses in two studies using both field and experimental data. First, using 

field data obtained from a job-matching mobile-application platform for startups, we analyze a 

sample of 522,451 decisions made by 8,340 job seekers who evaluated 1,978 job advertisements 

from 311 startups in the Netherlands. These data are unique because they allow us to overcome a 

formidable empirical challenge by observing those job seekers who never entered the candidate 

pool in addition to those who did. This feature of our data is important because job seekers who 

viewed a job advertisement but did not express interest typically remain invisible to both 

researchers and employers. Furthermore, our sample strictly reflects decisions made by joiners, 

job seekers that have already demonstrated their openness to startup employment by 

downloading an app and creating a profile on a job-matching platform dedicated to tech startups. 

Investigating joiners, rather than all job seekers, represents a conservative test of our hypotheses 

and facilitates a cleaner identification strategy. In our second study, we conducted a preregistered 

online experiment, randomly assigning joiners in the U.S. (n = 597) to evaluate an identical 

startup employer profile that shows gender composition information with or without a diversity 

debt signal. Across these studies, we find support for our hypotheses that a gender gap in joiners’ 

interest exists, that it is most severe when startups signal diversity debt, and that the operative 

mechanism is women’s, but not men’s, identity threat concerns. 

Our work contributes to several related areas of research. First, we contribute to the 

ongoing study of “joiners” (e.g., Choi et al., 2021; Kerr et al., 2019; Roach & Sauermann, 2015; 

Rocha & van Praag, 2020; Sauermann, 2017) by offering a well-grounded theoretical 

explanation for how and why joiners’ interest in different startup employers varies between men 



 

and women. As Sauermann (2017: 3) notes, startup employees are a “distinct group” of 

“important entrepreneurial actors” – at once different from founders (e.g., lower risk tolerance 

and need for achievement; Kerr et al., 2019) as well as from employees in established firms (e.g., 

higher desire for autonomy and challenge; Roach & Sauermann, 2015; Sauermann, 2017). 

“Distinct” as they are, the population of joiners is not as homogeneous as past studies implicitly 

assume, nor are all startups equally attractive to all joiners, making it crucial to understand why a 

gender gap arises, even among those who have demonstrated openness to working at startups.  

Second, we contribute to research on gender sorting more broadly by examining a unique 

form of the interplay between its supply-side and demand-side drivers in startups (Abraham & 

Burbano, 2022; Barbulescu & Bidwell, 2012; Brands & Fernandez-Mateo, 2017; Fernandez-

Mateo & Kaplan, 2018; Kossek, Su, & Wu, 2017). We find that women’s interest in applying (a 

supply-side driver) incorporates expectations about the nature of work in specific startups and 

that information underlying such expectations is effectively signaled when employers reveal 

their existing gender composition (a demand-side driver). We extend the past focus on founder-

employee gender congruence and can therefore address mixed empirical findings in prior 

research using this supply-demand framework (e.g., Abraham & Burbano, 2022; Campero & 

Kacperczyk, 2020; Snellman & Younkin, 2021).  

Finally, by integrating theory about the type of negative expectations that perceived lack 

of fit leads to among joiners, we position identity threat concerns as a primary mechanism 

driving the gender gap in startup employment (Georgeac & Rattan, 2022; Kroeper et al., 2022; 

Murphy, Steele, & Gross, 2007). Put differently, identity threat is a core component of the self-

reinforcing cycle linking diversity debt signals to women’s lower interest in applying. Regardless 

of founder characteristics or any hiring practices that have been implicated in the reproduction of 



 

organizational demographic composition (e.g., Amis et al., 2020; DeSantola & Gulati, 2017; 

Honoré & Ganco, 2020), once startup gender composition is both skewed and visible to job 

seekers, it may trigger identity threat concerns and gather a momentum all of its own. Taken 

together, these contributions provide a novel explanation for women’s continuing 

underrepresentation in startups and a solid foundation to guide future work in this area. 

THEORY AND HYPOTHESES 

Lack of Fit Expectations and the Gender Gap in Joiners’ Interest 

Seminal work by Heilman (1983, 2012) on the lack of fit model suggests that, when 

evaluating employment opportunities, job seekers assess the fit between their own gender 

identity and the gender-typing of the work environment they consider applying to. Net of all 

other relevant considerations, lack of such fit – when a woman evaluates a masculine work 

environment or a man evaluates a feminine work environment – leads to negative expectations 

about the prospect of working in a such setting and therefore results in lower interest (e.g., 

Cheryan, Plaut, Davies, & Steele, 2009; Cheryan, Ziegler, Montoya, & Jiang, 2017; Hentschel, 

Braun, Peus, & Frey, 2021; Hentschel, Horvath, Peus, & Sczesny, 2018; Schmader, 2022). 

Gender-typing of an environment as stereotypically masculine or feminine often emerges 

when such a setting becomes numerically or normatively dominated by one gender (Clarke, 

2020; Ely, 1995; Heilman, 1983; Perry, Davis-Blake, & Kulik, 1994). This process is primarily 

driven by the historical representation of men and women (Cheryan & Markus, 2020; Eagly & 

Koenig, 2021; Eagly, Miller, Nater, Kaufmann, & Sczesny, 2020; Heilman & Eagly, 2008) such 

that when people observe men occupying certain work environments more often than women do, 

masculine traits are increasingly seen as vital for this work (Cejka & Eagly, 1999; Ellemers, 

2018; Heilman, 2012). Indeed, considerable evidence shows that women and men differentially 

sort into various employment settings and that this variation, even beyond essentialist 



 

explanations for innate gender differences, is aligned with the gender typing of these settings 

(e.g., Barbulescu & Bidwell, 2012; Cejka & Eagly, 1999; Chapman, Uggerslev, Carroll, 

Piasentin, & Jones, 2005; Cheryan et al., 2017; Schmader, 2022). 

We propose that startup work, like entrepreneurship more broadly, is strongly associated 

with masculine characteristics (e.g., Gupta, Turban, Wasti, & Sikdar, 2009; Thébaud, 2010, 

2015; Thébaud & Charles, 2018). For example, because entrepreneurial role models are typically 

men (e.g., Bill Gates, Steve Jobs, Mark Zuckerberg or Elon Musk; Murnieks, Cardon, & Haynie, 

2020; Rocha & van Praag, 2020), being ‘entrepreneurial’, a disposition startup employees are 

often required to possess (Prüfer & Prüfer, 2020; Roach & Sauermann, 2015; Sauermann, 2017) 

is usually described using masculine terms (e.g., aggressive), whereas feminine traits appear 

antithetical (e.g., gentle) (Cheryan & Markus, 2020; Gupta et al., 2009). Startup jobs are also 

disproportionally created in traditionally masculine functions such as computer engineering, 

product development, and sales, whereas feminine-typed positions like human resources or 

administrative services are relatively rare early on (Campero & Fernandez, 2019; Fernandez & 

Campero, 2017; Nisen, 2014). This skewed distribution of job functions not only corresponds to 

a skewed numerical representation in the supply of men and women at the occupational level 

(e.g., Campero, 2020; Cheryan et al., 2017) but it also defines the prototypical image of an ideal 

startup employee. Indeed, core positions in the early days of a technology startup (e.g., engineers 

and developers) are often occupied by STEM graduates and are already imbued with a variety of 

“geek” or “brogrammer” stereotypes (e.g., Cheryan et al., 2009; Schmader, 2022; Thébaud & 

Charles, 2018; Wynn & Correll, 2018). The content of these stereotypes (e.g., coding all night or 

playing video games at the expense of social-emotional connection to others) is often at odds 

with communal or other feminine traits, which women more than men tend to internalize into 



 

their self-concepts (Eagly & Koenig, 2021; Hentschel, Heilman, & Peus, 2019; Schmader, 2022; 

Thébaud & Charles, 2018).  

To the extent that startups are indeed gender-typed as masculine, the lack of fit model 

(Heilman, 1983, 2012) predicts that, on average, women would be more likely than men to form 

negative expectations about the prospect of applying for and working in such organizations. This 

reasoning also leads us to expect an observable gender gap in joiners’ interest1. We therefore 

posit the following baseline hypothesis: 

Hypothesis 1. There is a gender gap in interest for startup jobs such that, all 
else equal, women joiners are less interested in applying than men joiners.  
 

The Moderating Influence of Organizational Gender Composition Information 

In addition to the gender-typing of startups overall, how a job seeker responds to a certain 

job by a certain employer also depends on “what that person knows, or thinks that she knows, 

about the organization” (Cable & Turban, 2001: 117). Because internal operations like company 

culture and working environment are not easily observable from the outside, job seekers must 

rely on company-specific recruitment material such as job advertisements when forming their 

initial fit perceptions with a prospective employer (Lievens & Slaughter, 2016; Walker & 

Hinojosa, 2014). The information gap that company materials are set to bridge is particularly 

large in the case of young startups that suffer from limited public recognition, lack reputation as 

employers, and for which no other information source yet exists (Abraham & Burbano, 2022; 

 

1 We acknowledge that gender sorting might begin even earlier such that it shapes entry into the population of 
individuals that are open to, targeted by, and exposed to startup employment opportunities in the first place (i.e., 
joiners; Roach & Sauermann, 2015). Still, even for those joiners who are willing to trade off job security or salary for 
the challenge, independence, and responsibility that startups provide (Sauermann, 2017; Sorenson, Dahl, Canales, & 
Burton, 2021), the basic lack of fit prediction of a gender gap in interest still holds. In other words, that some women 
are open to considering or are even enthusiastically seeking employment in a masculine-typed context is not at odds 
with lack of fit predictions about general differences in perceptions, expectations, and decisions between men and 
women. 



 

Moser, Tumasjan, & Welpe, 2017). Moreover, because not all relevant details can appear in a 

brief company description or job advertisement, job seekers make inferences from signals or 

cues that stand to represent employer characteristics indirectly (Lievens & Slaughter, 2016). 

A great number of relevant informational signals have been examined in past research 

and the literature coalesced into several organizing frameworks (for reviews see Lievens & 

Slaughter, 2016; Theurer, Tumasjan, Welpe, & Lievens, 2016; van Vianen, 2018). Within this 

line of research, Cable and Turban (2001) presented an influential categorization of information 

that job seekers usually care about: (1) employer information; (2) job information; and (3) people 

information. Accordingly, in addition to employer characteristics like size or industry affiliation, 

and job-specific information like job title, job level, pay, or location, job seekers are also 

sensitive to information about the type of individuals who would be their potential co-workers 

(Cable & Turban, 2001; Devendorf & Highhouse, 2008; Schmader, 2022). Simply put, “the 

individuals that currently reside in an organization send powerful signals to job seekers about 

how it would be to work in the organization, and how well they would fit in” (Cable & Turban, 

2001: 126).  

The primary reason that such signals are relevant for decisions involving fit 

considerations is that they provide an immediate and familiar basis for social comparison (Del 

Carpio & Guadalupe, 2022; Devendorf & Highhouse, 2008; Schmader, 2022). By comparing 

themselves to others using a set of observable markers such as gender, age, or race, individuals 

are quick to update their assumptions about fitting in (Ashforth & Mael, 1989; Cohen, Broschak, 

& Haveman, 1998; He & Kang, 2021; Heilman, 1983; Riordan, 2000). A foundational concern 

here is how the numerical representation of one’s social category within a group determines how 

attractive it would be to join that group (Cohen et al., 1998; Kanter, 1977b; Riordan, 2000). 



 

Where women are underrepresented, gender becomes more salient for them, further unsettling fit 

perceptions (Heilman, 1983; Heilman & Caleo, 2018). Startup gender composition signals are 

therefore salient for women because “minorities who are generally underrepresented in 

entrepreneurship will be particularly concerned with their fit within the new startup” (Campero 

& Kacperczyk, 2020: 333). Moreover, if gender composition signals credibly convey past hiring 

decisions, they go beyond more simplistic associations between the gender of founders and the 

gender of job seekers. That organizational gender composition reflects a realized behavior (i.e., 

past hiring) is likely crucial in light of job seekers’ use of such signals to infer future 

organizational behavior, setting expectations about the type of people that are valued in that 

environment and how one should expect to fit in (e.g., Cohen et al., 1998).   

In sum, next to more standard information about prospective employers and specific job 

attributes, in evaluating their fit, job seekers are also sensitive to “people information” (Cable & 

Turban, 2001; Devendorf & Highhouse, 2008; Schmader, 2022) and women, being 

underrepresented in this context, are particularly attentive to signals about startups’ existing 

gender composition (Campero & Kacperczyk, 2020; Gaucher, Friesen, & Kay, 2011; Heilman, 

1983; Hentschel et al., 2021). This logic leads us to expect that signals about a startup’s current 

gender composition will inform women’s perceptions about fitting in and their expectations, 

positive or negative, about how it would be to eventually join. Accordingly, the higher their 

proportional representation within the organization, the more likely women joiners are to be 

interested in applying, relative to men.  

While this prediction appears straightforward when applied to women, the evidence 

suggests that we cannot expect a symmetrical relationship for men (e.g., Cohen & Broschak, 

2013; Gaucher et al., 2011; Hentschel et al., 2021; King, Hebl, George, & Matusik, 2010; 



 

Riordan & Shore, 1997). Particularly in entrepreneurship, where women are almost always at a 

numerical minority (e.g., Brush, Edelman, Manolova, & Welter, 2019; Guzman & Kacperczyk, 

2019), gender is likely to be much more salient for them than for men (Abraham & Burbano, 

2022; Cheryan & Markus, 2020). In other words, men are not likely to use gender related signals 

“as a critical indicator of organizational values and climate in the same way that women do 

because men do not experience marginalization or stigmatization for their gender identity” 

(Madera, et al., 2019: 93). Thus, we expect: 

Hypothesis 2. Startup gender composition information moderates the gender gap in 
joiners’ interest in applying. The proportion of women in a startup is positively 
associated with interest for women joiners while men joiners remain unaffected.  

Signaling Diversity Debt and the Mediating Role of Identity Threat Concerns 

Whereas company gender composition information can influence lack of fit perceptions 

and generate a wide variety of job seeker expectations and decisions, at its extreme – i.e., when a 

skewed gender composition signals diversity debt – it may engender a more focused set of 

concerns for women. From an organizational perspective, diversity debt can represent the future 

obligations and costs associated with growing a gender homogenous workforce. However, 

diversity debt might mean something more specific to job seekers as it signals information about 

past hiring decisions as well as whether one is expected to encounter bias or discrimination once 

they join the organization. Simply put, given that the gender distribution within a company tells 

job seekers something about how they would fit, then the more extreme the distribution, the 

louder and more meaningful the signal becomes.  

To define diversity debt signals more precisely, we build on Kanter’s seminal work on 

the tokenism hypothesis (1977a, 1977b), predicting that women can expect to suffer particularly 

adverse consequences when they are not just underrepresented but extremely underrepresented in 

a particular organizational context (e.g., Farh et al., 2020; Pfeffer & Davis-Blake, 1987; Watkins, 



 

Simmons, & Umphress, 2018). What is meant by extreme underrepresentation? Most studies on 

tokenism operationalize it along with Kanter (1977b: 966) as a skewed gender distribution that 

reflects “up to a ratio of perhaps 85:15” (for a recent review see Watkins et al., 2018).2 Such 

scarce presence enhances women’s visibility, emphasizes differences between them and men, 

and thus traps women in a set of constrained expectations and stereotyped social roles (King et 

al., 2010; Watkins et al., 2018).  

Employers that signal such an extreme gender imbalance will likely affect women’s 

expectation of becoming a token themselves. Therefore, we propose that a startup signaling 

diversity debt may elicit specific identity-related threats – “a set of psychological concerns 

pertaining to the value of one’s identity in a setting” (Kroeper et al., 2022: 2). These concerns 

typically involve worries about the prospect of being singled out, disrespected, stereotyped, 

marginalized, or mistreated (Georgeac & Rattan, 2022; Kroeper et al., 2022; Murphy et al., 

2007).  

Several studies demonstrate that particularly where a cue of numerical representation is 

involved, being outnumbered activates identity threat and leads to negative fit evaluations (e.g., 

Hentschel et al., 2021; Kroeper et al., 2022; Murphy et al., 2007). This is because such signals 

seem to confirm the possibility of a lack of fit; that men are preferred and that women can expect 

to be judged through the lens of their stereotyped gender identity rather than on the attributes that 

define them as individuals (Georgeac & Rattan, 2022; Kanter, 1977b; Murphy et al., 2007). 

 

2 There is no clear consensus about a specific proportional threshold that defines a token status and operationalizations 
vary somewhat between solo group membership, single-digit percentage, up to 15 percent – as in Kanter’s original 
definition, and sometimes even 20% or 25% of the group (Watkins, Simmons, & Umphress, 2018). Still, a common 
thread is that groups featuring tokens have “a large preponderance of one type over another” (Kanter, 1977b: 966) or 
“maximum disparity” (Madera, Ng, Sundermann, & Hebl, 2019) 
 



 

Importantly, this has been shown to occur even when people are interested, confident, and 

proven achievers in the relevant domain (Murphy et al., 2007; Schmader, 2022). A recent study 

sharply illustrates this point; in searching for a job, women in a prestigious MBA program, but 

not their men counterparts, were found to engage in gender-based “scouting” where they actively 

assessed aspects of employer fit related to existing gender dynamics in order to “avoid 

professional contexts unhospitable to women or to their needs and concerns” (Obukhova & 

Kleinbaum, 2022: 5). When job seekers worry about being devalued or threatened based on their 

gender, they are less interested in applying. 

In sum, startups signaling diversity debt are expected to trigger identity threat concerns in 

women but not in men, and in turn, such concerns are expected to be negatively associated with 

joiners’ interest. Put another way, whereas identity threat concerns are likely to be negatively 

associated with interest in applying for both men and women, a diversity debt signal – indicating 

severe underrepresentation of women – should only induce identity threat concerns for women, 

but not for men. On that basis, we expect3: 

Hypothesis 3. Startup gender composition information moderates the indirect effect of 
joiner gender on interest in applying through identity threat concerns. When the 
proportion of women in a startup indicates diversity debt (vs. no diversity debt), identity 
threat concerns are triggered for women joiners (but not for men joiners); In turn, 
identity threat concerns are negatively associated with joiners’ interest (for both men and 
women).  

OVERVIEW OF STUDIES 

To test our hypotheses, we conducted a field study (Study 1) and an experiment (Study 

2). Our purpose in Study 1 was to examine, in a field setting, whether women and men are 

 

3 At the advice of the AMJ review team and with approval from the editor we slightly adapted the preregistered 
formulation of Hypotheses 3 by replacing the labels for our sample descriptors (from “job seeker” to “joiner”) and 
dependent variable (from “application” to “interest in applying”). These post-hoc clarifications are restricted to these 
labeling changes alone, no changes are derived from the findings, nor do these changes influence our interpretations 
and conclusions. 



 

differentially interested in startup jobs (Hypothesis 1) and how information about the existing 

gender composition of a startup moderates this relationship (Hypothesis 2). These real-world 

observations provided us with the basis for Study 2, where we could test in a more controlled 

experimental setting the mechanisms driving these effects (Hypothesis 3). To be clear, we first 

theorized and developed Hypotheses 1 and 2, then conducted Study 1 to test them. Our 

theorizing for Hypothesis 3 was developed after we had already analyzed Study 1 but before we 

designed, preregistered, and conducted Study 2. Both studies were approved by the Research 

Ethics Committee at the University of Amsterdam. For both studies, we report all measures, 

methods, and sample size determinations either in the main text or in the Appendix4. To comply 

with data protection requirements, the proprietary data used in Study 1 cannot be made publicly 

available. Preregistration files for Study 2 as well as all study materials, data, and code are 

accessible on our Open Science Framework (OSF) project page: https://osf.io/rkxbp 

STUDY 1 

We first examined if there is a gender gap in joiners’ interest in applying for startup jobs 

and how company gender composition information might moderate this gap. To test our 

hypotheses, we needed to observe joiners, both men and women, as they made decisions about 

different job advertisements from startups with varying levels of gender composition. Data of 

this type is incredibly challenging to come by because employers are typically unable to observe 

job seekers who viewed their job ad but did not indicate interest, and since companies rarely 

disclose their existing gender composition in job ads. Online recruitment platforms, however, 

maintain detailed archives of interactions between job seekers and job ads, including those 

interactions where job seekers decided to skip an ad rather than pursue it. Crucially, the specific 

 

4 The appendix is also available at: https://osf.io/rkxbp 



 

platform we obtained data from required by default that all employers present their existing 

gender composition on each of their job ads. This setup enables a rare opportunity to test our 

theory in a real-world setting.  

Data and Settings 

The data for this study was obtained from a job-matching mobile-application platform 

including its activity between 2015 and 2017. The platform’s stated mission was to connect job 

seekers and startup companies and, while it was available and used internationally, its primary 

coverage was in the Netherlands (97 percent of the jobs posted). Once job seekers downloaded 

the app on their mobile device, they created a basic profile by connecting their LinkedIn account. 

They further reported their job preference, skills, and languages spoken and were given the 

opportunity to update any profile information that was not available via LinkedIn. Similarly, 

startups created an employer profile that included company characteristics and could then 

proceed to post their open vacancies. Company characteristics – presented at the top of each job 

advertisement using icons and text – included the following information on all job 

advertisements: Company name and tagline (typically a short sentence describing what the 

company does), average employee age, gender composition5, industry, and company size. The 

rest of the advertisement consisted of a background photo6, brief text about the company, the 

required job qualifications, and a job description. Job seekers could “swipe” through the Tinder-

 

5 Information about gender composition was reported by startups on each of their job advertisements as a standard in 
this app. We acknowledge the uniqueness of this standard reporting, which is rare on most recruitment platforms and 
in most countries but point readers to the growing trend of companies to advertise their gender diversity figures as a 
key component of their corporate communication and recruitment strategy (e.g., in annual diversity reports or on 
their careers webpage). Crucially, this unique reporting standard is precisely the data feature that we exploited to test 
our hypotheses. 
6 Company background photos that accompanied each job posting were comprised of a variety of images uploaded by 
the employer. These photos mostly depicted founder(s) and/or employees but sometimes also office spaces, buildings, 
or other graphics (e.g., logos or avatars).  



 

like user interface by deciding whether to express their interest (press ✓) or not (press X) in 

response to each viewed job ad7 (illustrations of the interface are provided in Figure 1).  

----- INSERT FIGURE 1 ABOUT HERE ----- 
Sample  

In line with the view of startups as both young and small firms (Sorenson, Dahl, Canales, 

& Burton, 2021), we limited our sample to jobs posted by employers no older than 10 years (83 

percent of companies) and with up to 500 employees (93 percent of companies). Our choice of 

these specific cut off points is consistent with the definition of a startup in the literature on firm 

dynamics, showing that firms younger than 10 years and with fewer than 500 employees 

experience higher employment growth rates and lower survival rates in comparison to their more 

mature and larger counterparts (e.g., Haltiwanger, 2022)8. In addition to employers excluded on 

that basis (n = 76), we further excluded four companies that exclusively advertised jobs outside 

of the Netherlands and two companies for which we could not retrieve data about gender 

composition or the founders’ gender. Our final sample consists of 522,451 decisions made by 

8,340 job seekers (mean decisions per job seeker = 63) that evaluated 1,978 job advertisements 

(mean decisions per advertisement = 264) posted by 311 startups (mean decisions per company = 

1,676). Job seekers (44 percent women) were predominantly early in their careers with an 

average work experience of five years9. On average, startups in our sample had 29 percent (SD = 

0.20) women in their workforce and the average employee age in these companies was 30 (SD = 

 

7 The same was done by employers as they evaluated job seeker profiles, but employer decisions are beyond the scope 
of this paper.  
8 These inclusion criteria are also justified based on our explicit assumptions about information asymmetries between 
startups and job seekers; older and more established firms are more likely to have information about them beyond 
what job seekers could observe in the app, potentially inserting noise into our estimation of how job seekers respond 
to such signals.  
9 We imputed missing values with sample mean values (Aguinis, Hill, & Bailey, 2019) for job seeker years of work 
experience (3.4% of observations) and average age of employees (0.15% of observations).  



 

2.75). Most job postings were for mid-level positions (54 percent) and the sample is dominated 

by IT and engineering (39 percent) and marketing (21 percent) jobs.  

Measures 

Dependent variable. Job seekers were presented with job advertisements on the app and 

were prompted to express their interest in applying (press ✓) or not (press X) for each 

advertisement10. It was only possible to view the next job advertisement after selecting one of 

these options and job seekers could rate each unique job only once11. Interest in applying is a 

binary variable that captures whether a job seeker indicated interest in a viewed job posting 

(pressed “✓” = 1) or not (pressed “X” = 0).  

Independent variable. Job seeker’s gender (0 = man; 1 = woman) was coded 

algorithmically from job seekers’ first names using the genderize.io API which compares each 

name with a database including over 200,000 distinct names across 89 languages. The 

genderize.io API also provides a parameter for the probability that each name-gender attribution 

(man or woman) was correct. We used a threshold of 85 percent to assign gender as has been 

implemented in previous work (for a similar approach see Campero & Kacperczyk, 2020; 

Greenberg & Mollick, 2016).  

Moderator variable. The gender composition of the company (proportion of men and 

women) was reported by startups on each of their job advertisements. We capture the proportion 

of women employed by the startup as ranging from 0 (0% women) to 1 (100% women).  

 

10 In the context of this platform, pressing ✓is not only a necessary condition for contact between employers and job 
seekers but in fact represents the moment in which the job seeker formally enters the candidate pool (see Campero, 
2020; Gee, 2018; Abraham & Burbano, 2021 for similar measures). 
11 In some rare cases (0.46% of observations), we have multiple records of the same job seeker and job combination. 
Upon close inspection, we determined that such duplicate records were generated within seconds of each other, which 
we assume reflects some type of network connectivity problem with the app while a rating session was in progress. 
As a precaution, in these cases, we retained only the first decision for that job seeker-job dyad. 



 

Control variables. We used control variables related to job seekers, job advertisements, 

and companies. Specifically, we used the following variables as controls: the presence of a 

woman (co)founder, gender composition depicted in the company background photo12, the 

industry gender composition, company size, company age (at posting), average employee age, 

whether the company obtained external investment prior to posting the job, the advertised job 

title, job level, and job commitment (i.e., full-time, part-time, or internship opportunity), 

proportion of feminine (relative to masculine) wording in the job advertisement, job seeker work 

experience, degree of alignment between a job seeker’s skills and the required job tasks (skills 

fit; see Appendix 2, Table A.2 for a more detailed description of this variable), match between 

user’s language(s) and the language(s) indicated as “must haves” in the job advertisement 

(language fit), the time (in weeks) between initial job posting and job rating, and the year in 

which the job was initially evaluated. We provide a more detailed description and justification of 

each of our control variables in Appendix 1 (see Table A.1).  

Empirical Model 

Given our binary dependent variable, we estimated linear probability models (LPM) with 

cluster-robust standard errors (see Gomila, 2021 for a recent review of reasons to prefer LPM 

over logistic regression under these conditions). We also confirmed that our results are robust to 

the use of a logit specification (see Appendix 4; Table A.4).  

Our aim was to estimate the effects of job seeker gender and the proportion of women in 

the advertising startup on joiners’ interest in applying. In all models, we use robust standard 

 

12 We use variables such as gender representation in the company background photo and gendered wording in job ads 
as controls because they too, like our main predictor, represent gender relevant signals, albeit weaker and noisier than 
information about organizational gender composition. Indeed, photos and wording are easy to manipulate (e.g., 
Hentschel, Braun, Peus, & Frey, 2021; Kroeper, Williams, & Murphy, 2020), are less tightly correlated with past 
hiring decisions, and are unstandardized in format and content (e.g., with background photos employers choose 
whether to depict the founding team, all employees, the product, building they are located in, or no photo at all). 



 

errors clustered simultaneously by job advertisement and job seeker as this approach corrects for 

correlations across observations that belong to the same cluster (e.g., Fernandez-Mateo & Coh, 

2015; Li & Wibbens, 2022). In addition to our main analyses, we also present fixed-effects 

models that hold time-invariant job advertisement and job seeker characteristics constant 13. 

Using fixed-effects models addresses concerns about job seeker and job advertisement 

unobserved heterogeneity (Abowd, Kramarz, & Woodcock, 2008).  

Results 

Table 1 presents the descriptive statistics for all variables. Correlations between key 

variables are reported in Table 2 and correlations between all variables in our models are 

reported in the appendix (see Appendix 3; Table A.3).  

------- INSERT TABLES 1 AND 2 ABOUT HERE ----- 

Tests of Hypothesis 1 are presented in Table 3. Model 1 is without controls. Model 2, 

with controls, represents our main test for this hypothesis. In Model 3, we include job fixed 

effects. Across these model specifications, we find a consistently significant effect of job seeker 

gender on interest in applying. With all other factors held constant, the probability of expressing 

interest in applying is 3 percent lower for women than for men (see Table 3, Model 2, and Figure 

2). Although the coefficients reported here might seem small, they are sizeable relative to the 

baseline sample mean for application interest (17 percent), providing support for Hypothesis 1.  

------- INSERT TABLE 3 AND FIGURE 2 ABOUT HERE ----- 

As expected, other variables also emerge as significant predictors and, even if these 

 

13 Because job seeker fixed-effects would also hold job-seeker gender constant, we use only job-level fixed-effects 
when estimating job-seeker gender effects (H1). In addition, as fixed effects require at least two observations per 
unit (job seeker or job advertisement) to allow for a within-unit comparison, all singleton observations are discarded 
(Brands & Fernandez-Mateo, 2017; Fernandez-Mateo & Coh, 2015).  
 



 

control variables are unlikely to have a causal interpretation themselves (Hünermund & Louw, 

2020), several patterns are of note given our theoretical assumptions. First, the alignment 

between the skills requirements in the job advertisement and skills possessed by the job seeker is 

positively associated with joiners’ interest. Further, a fit between the language requirement 

requested by the employer and the language(s) spoken by the job seeker is positively associated 

with the probability of expressing interest. These findings support the basic expectation that fit 

between job seekers’ abilities and job demands is associated with interest in applying. Second, 

interest from job seekers located in the Netherlands was significantly lower than from those 

located outside of the Netherlands but within the European Economic Area as well as those 

located elsewhere. This might reflect the desirability of the Netherlands and its thriving startup 

ecosystem for foreign tech talent (e.g., Egusa & Cohen, 2015). Third, we find differences in 

joiners’ interest associated with differences in the job function advertised. Jobs in the 

IT/Engineering category are significantly less attractive to job seekers in our sample than jobs in 

other categories including design, production/operations, marketing, sales, client services, and 

HR/administration. Full-time jobs were, overall, more attractive than part-time jobs and 

internships. Other variables, including job level (i.e., entry level vs. mid-level or experienced), 

gendered wording, the presence of women in company background photos, the presence of a 

woman (co)founder, company size and age, the average age of a company’s employees, external 

investment, and industry gender composition, were rarely significant predictors of joiner’s 

interest across our analyses. Overall, these descriptive patterns provide some confidence in the 

quality of our data and variable coding, as well as our theoretical assumptions underlying their 

inclusion as control variables (see also Appendix 1; Table A.1). 

In line with Hypothesis 2, we find that job advertisement information about the gender 



 

composition of a startup moderates the gender gap in joiners’ interest (see Table 3, Model 5; 

Figure 3). The interaction between job seeker gender and the proportional representation of 

women employees is significant (b = 0.04; SE = 0.01; p < .001). To further unpack this 

interaction, we calculated marginal effects14, confirming that at very low levels of women’s 

proportional representation (0-20% women), the gender gap in joiners’ interest goes up to about 

4 percent. This gap closes and becomes statistically insignificant as the proportional 

representation of women reaches about 60 percent. Further, the slope of the relationship between 

the representation of women and joiners’ interest is positive and significant for women (b = 0.05; 

SE = 0.01; p < .001) but not for men (b = 0.01; SE = 0.01; p = .612) (see Figure 3). This positive 

interaction effect remains significant in a fixed-effects specification that accounts for all time-

invariant observed and unobserved heterogeneity in both job seekers and jobs (Table 3, Model 

6). These findings provide support for Hypothesis 2, showing that women joiners respond more 

positively as their proportional representation among employees rises while men joiners are 

unaffected by startups’ gender composition. 

------- INSERT FIGURE 3 ABOUT HERE ------- 
 

Robustness Checks. We performed several robustness checks. First, given our focus on 

the gender-typing of startups as masculine, the logic of our theory based on the lack of fit model 

(Heilman, 1983, 2012), and prior research indicating industry variation in both gender-typing 

and lack of fit perceptions (e.g., Kanze, Conley, Okimoto, Phillips, & Merluzzi, 2020; Miric et 

al., 2022), we tested whether the effects we identify change across more and less masculine 

 

14 Marginal effects summarize the changing effect of X on Y at different values of the moderator and depict whether 
this change in Y is statistically different from 0. As Busenbark et al. (2021: 6) explain, “this technique is likely the 
most precise way to interpret a main effect in the presence of a moderator because it addresses the disadvantages of 
looking at only the main effect in isolation as well as of using just conventional simple slopes analyses”.  



 

industries15. We find that the gender gap in joiners’ interest (Hypothesis 1) and the moderating 

role of startup gender composition information (Hypothesis 2) do not significantly vary between 

masculine, feminine, and gender-neutral industries (see Appendix 5; Table A.5). We interpret 

this to suggest that startups, across different industries, are likely classified by job seekers as 

masculine work settings and that in the presence of gender composition signals at the company-

level, industry-based signals are less relevant.  

Second, although for Hypotheses 2 we hypothesize and find a significant linear 

interaction effect indicating that information about the gender composition of a startup moderates 

the gender gap in joiners’ interest, it is also possible that this relationship is nonlinear or changes 

at a certain threshold. Rather than hypothesizing a specific threshold of gender representation, 

which past research has shown to be quite problematic (e.g., Watkins et al., 2018), we estimated 

this tipping point within our empirical context. We utilized three different ways to assess 

nonlinear effects. First, we estimated models with a quadratic term for the proportion of women 

to identify whether a curvilinear relationship exists. Next, we estimated models with women 

representation across different thresholds corresponding to Kanter’s (1977b) original grouping 

by constructing a set of dummy variables for: (1) 0-15% women (skewed), (2) 15-35% women 

(tilted), (3) 35-50% women (balanced), and (4) above 50% women. Third, we estimated 

threshold models (Arin, Minniti, Murtinu, & Spagnolo, 2022), which allow for regression 

coefficients to vary across different regions of the distribution for the gender composition 

variable. Results from these analyses are reported in Appendix 6. The quadratic term fails to 

reach statistical significance, indicating no evidence for a curvilinear effect (see Table A.6.1). 

However, using Kanter’s (1977b) four categories of women’s proportional representation, we did 

 

15 We thank an anonymous reviewer for this suggestion.  



 

find evidence for a nonlinear relationship between startups’ gender composition and the gender 

gap in joiners’ interest (see Tables A.6.2 and A.6.3). Specifically, when startups’ proportion of 

women is within the 0-15% range, the predicted probability of interest in applying for women 

joiners (12 percent) is significantly lower compared to when startups signal higher proportions of 

women employees at the 15-35% range (predicted probability of interest = 17 percent), the 35-

50% range (predicted probability of interest = 15 percent), and the 50-100% range (predicted 

probability of interest = 17 percent). Because men joiners are relatively unaffected by these 

signals (see Table A.6.3), the gender gap follows the same trend, being largest when startups 

signal diversity debt, narrowing for startups that show 15-35% women, and remaining quite 

stable at the higher end of the gender composition distribution. Finally, threshold analysis 

similarly indicates that when the proportional representation of women crosses 30 percent, the 

relationship between gender composition information and the gender gap in joiners’ interest 

flattens. That is, there seems to be a specific tipping point when startups’ gender composition 

reaches 30 percent after which higher representation of women does little to affect the gender 

gap in joiners’ interest (see Table A.6.4).  

Overall, our main findings in study 1 establish a linear relationship regarding the 

interaction between startups’ gender composition and the gender gap in joiners’ interest. Yet, 

findings from our robustness tests suggest that nonlinearity in the relationship may also exist. 

Given the exploratory nature of our robustness checks, we are careful to draw any strong 

conclusions based on these analyses, but we nonetheless offer the following tentative points: (1) 

the gender gap appears most severe when startups clearly signal diversity debt (up to 15 percent 

women) and (2) the efficacy of this signal reaches a tipping point at about the 30 percent 

threshold.  



 

Discussion of Study 1 

In this study, we leverage unique field data to examine the gender gap in joiners’ interest. 

In line with our expectations, we find women joiners are on average 3 percent less likely than 

men joiners to express interest in applying to startup jobs. We also find that information about 

the gender composition of the startup moderates this gender gap. Specifically, when startups 

show higher representation of women, more women express interest in joining, and because 

men’s decisions are not sensitive to such information, the gender gap narrows. Correspondingly, 

the gender gap is most severe when employers show information indicating extremely low 

representation of women. These findings point to the interaction of both supply-side and 

demand-side factors shaping the ability of startups to recruit women (Fernandez-Mateo & 

Kaplan, 2018). This is consistent with theories predicting that interest in applying is dependent 

on job seekers’ evaluation of the fit between their own characteristics and identities and those of 

prospective employers, with the latter often being evaluated on the basis of gender stereotypes 

(e.g., Heilman, 2012; Schmader, 2022). Moreover, these findings provide empirical support for 

the idea that startup gender composition is self-reinforcing, with existing underrepresentation 

deterring women joiners from entering the candidate pool and thus reproducing gender 

disparities in a vicious cycle. Such evidence of differential responses by men and women to 

employer information by startup companies is particularly relevant to the literature about joiners, 

which has yet to consider gender as a predictor of interest in startup employment (e.g., Roach & 

Sauermann, 2015).  

This study has many strengths, including the granular yet sizable data documenting real-

world decisions by joiners, the unique access to information about startup gender composition 

signals, as well as the evidence that startups can purposefully influence the gender composition of 



 

their candidate pools. However, we were unable to directly test the mechanism driving women’s 

reactions to different gender composition signals based on data available in this study. We test the 

mechanism for these effects in Study 2.  

STUDY 2 

In Study 2, we take an experimental approach to further examine how startup gender 

composition information moderates the gender gap in joiners’ interest. We specifically test our 

theory (Hypothesis 3) that employers signaling diversity debt trigger identity threat concerns for 

women, but not for men, explaining why gender differences in joiners’ interest are conditional on 

the type of signal they are exposed to. We pre-registered this experiment on the Open Science 

Framework (OSF): https://osf.io/x7f8y 

Design and Sample  

This is a 2 (Job seeker gender: men; women) x 2 (Startup gender composition signal: 

diversity debt; no diversity debt) between-subjects design. Participant gender was self-reported 

whereas startup gender composition was randomly assigned. Participants were recruited from 

Prolific (Palan & Schitter, 2018; Peer, Rothschild, Gordon, Evernden, & Damer, 2021) using 

several prescreening filters to ensure high data quality and relevance for our research question. 

First, we recruited a gender-balanced (50% men; 50% women) sample of working age adults 

(age 18-55) who reside in the U.S., have a Prolific approval rating of at least 90%, and have not 

participated in our pretest (more on this pretest below, under ‘Experimental manipulations’). 

Second, because of our specific interest in joiners, we prescreened for participants reporting 



 

openness to working at a startup16.  

To determine the required sample size, we conducted an a-priori power analysis in 

G*Power v. 3.1 (Faul, Erdfelder, Lang, & Buchner, 2007) based on the following parameters: 

test family = F test, ANOVA (fixed effects, special, main effects and interactions); f = .15 (small 

effect size); ⍺ = .05, Power (1 – β) = 0.95; numerator df = 1; number of groups 4. This revealed a 

minimum sample size of 580 participants. To account for expected exclusions and attrition, we 

oversampled by about 40% and requested Prolific to recruit 800 participants. Of the 1017 people 

who followed our study link from prolific, 420 (41%) were excluded based on our pre-registered 

criteria (see exclusions by criteria in Appendix 7; Table A.7). These exclusion criteria were set 

(and preregistered) to address concerns about data quality (e.g., failed attention checks, too 

short/long duration to complete the study, self-reported data quality problems, missing data on 

key measures), and were further designed to increase the relevance of this sample to our study 

(e.g., identifying job seekers specifically interested in startup employment17).  

Our final sample comprised 597 participants (49% women, 95% American, 68% 

White/Caucasian, 67% with college degree) who were on average 32 years old (SD = 9.26 

years). Participants worked primarily full-time (62%), with some working part-time (13%), some 

self-employed (9%), and some were not employed at the time of the study (15%).  

 

16 Openness to work at a startup was indicated by any “yes” answer to the Prolific pre-screener question: “Have you 
ever considered a career move as a (paid) employee in a startup?” (Answer options: “No, I've never considered it,” 
“Yes, I've considered it,” “Yes, I've looked into it seriously,” “Yes, I've applied but it didn't happen,” “Yes, I've 
done it in the past,” “Yes, I'm doing it now”).  
17 In addition to validating Prolific pre-screeners within our survey, we also asked participants to report their job 
seeker status, excluding those that selected “none of the above” (other multi-select options are: “I've been looking 
for a job within the past 12 months”; “I am currently looking for a job”; “I expect to look for a job within the next 12 
months”; “I am not looking, but am open for opportunities in case they come up”). We further measured general 
interest in startup jobs using a five-item scale (based on Highhouse, Lievens, & Sinar, 2003; Moser, Tumasjan, & 
Welpe, 2017; e.g., “A job at a startup company is very appealing to me”) and excluded participants who had average 
scores below 3 on a 5-point agreement scale (α = .90).  



 

Procedure 

After providing informed consent and confirming their prolific information (pre-screener 

validation), participants were told that the purpose of this study was to examine how job seekers 

evaluate startups as potential employers. They were then asked to imagine that they were looking 

for a position in a startup and that, as they browsed through a variety of profiles on one of the 

popular recruitment platforms online, they encountered the following employer profile. Here, 

participants were randomly shown one of two identical profiles where we manipulated only the 

gender composition signal (5% women in the ‘diversity debt signal’ condition vs. 40% women in 

the ‘no diversity debt signal’ condition; see more detail about study materials below). 

Immediately after reviewing the employer profile, participants reported their application 

intentions (primary dependent variable), whether they would apply (application decision), and if 

they would like to be forwarded to the company’s career page at the end of the survey 

(behavioral interest). We used application decision and behavioral interest in our robustness 

checks (see below). We also asked participants to explain their decision using a sentence or two 

in an open text box. The instructions leading to this battery of questions specifically asked 

participants to make their evaluations based on the assumption that this company offers a 

specific position that meets their basic requirements in terms of geographic location, 

compensation, required skills, and education/work experience. In short, we aimed for this 

employer profile to be evaluated for the information it contained, net of any other expectations 

that might vary among participants. On the following screens, we measured perceptions of 

identity threat concerns (our mediator), anticipated fairness, and startup viability perception (for 

our robustness checks, see below). We also asked participants to report which factors in the 

profile influenced their decisions most (in randomized order, e.g., text description, company 

name, company size, gender composition, etc.), the extent to which the materials were perceived 



 

as realistic, and our manipulation check items gauging whether participants could accurately 

recall the gender composition information they viewed (this specific item was presented among 

filler items about other elements in the profile to mask gender as our main interest). Before 

debriefing them, we asked participants to report demographic information and whether they 

experienced any technical issues with our survey. The complete questionnaire is available on our 

OSF project page: https://osf.io/rkxbp 

Materials 

We used examples from our Study 1 data as well as other popular recruitment platforms 

for startups to create a realistic employer profile as the basis for our experimental manipulation 

(see Appendix 8; Figure A.8). This profile featured a graphical layout modeled on a real 

company page on https://angel.co/jobs, infused with information based on our Study 1 job ads. It 

presented a fictitious company called ‘ScaleIT’ and contained a brief company description 

(where it was also mentioned that the company offers job opportunities across all areas and 

roles). The profile further indicated, just as our Study 1 data, the company founding year (2019), 

size (11-50 employees), industry (software), average employee age (30 years), and gender 

composition (either “95% men / 5% women” in the ‘diversity debt signal’ condition or “60% 

men / 40% women” in the ‘no diversity debt signal’ condition).  

Several considerations guided our choice of these specific gender composition signals. 

First, given our theory about diversity debt signal as an extremely skewed gender distribution, 

corresponding to a potential token status (Kanter, 1977b), we opted for the condition 



 

representing it to show the lowest non-zero18 proportion of women reasonable under the 

assumption that the company in question has 11-50 employees (cf. Madera, Ng, Sundermann, & 

Hebl, 2019 who use 3% women for their manipulation in the context of top managers in large 

organizations). Second, given our moderated mediation hypothesis, we thought to enhance our 

“manipulation strength” (Highhouse, 2009: 561), or ability to accentuate differences between the 

conditions and detect a meaningful effect. Third, the results of our final robustness test in Study 

1 suggested that a gender composition threshold exists whereby startups that signal over 30 

percent of their employees are women no longer benefit from attracting more women job 

seekers. We therefore opted for the ’no diversity debt signal’ condition to show 40% women, 

which is above the 30% threshold and also far away enough from the 5% women indicated in the 

‘diversity debt signal’ condition. A gender composition of 40% is also quite realistic in the 

startup context whereas a completely balanced gender representation with 50% women is still 

quite rare and might therefore trigger some suspicion among participants.  

 To validate our materials before using them for our main study, we conducted a pretest 

with an independent sample of 154 participants recruited via Prolific using identical pre-

screening filters and exclusion criteria as in our main study (47% women, 95% American, 69% 

White/Caucasian, 67% with a college degree, average age = 33, SD = 9.29, 72% employed full 

time). Our analyses (see Appendix 8; Tables A.8.1 and A.8.2) indicated that the material was 

perceived as highly realistic with no significant differences in realism between conditions. 

 

18 While startups with no women at all are certainly not rare (e.g., these represent about 17% of our Study 1 sample), 
we were concerned that showing 0% women would be perceived as unrealistic by our participants, would test a 
slightly different version of our hypotheses (no women vs. diversity debt), and would hint too strongly for 
participants that our study is indeed about gender, thus risking demand effects – i.e., the possibility that participants 
would change their behavior when realizing that a manipulation is occurring or what the manipulation is about 
(Highhouse, 2009).  



 

Compared to other signals, the only manipulated information – the company gender composition 

signal – was not evaluated differently across conditions in terms of its self-reported influence on 

interest (slightly more important than information about employees’ average age or company 

name but slightly less important than industry or company size). Finally, we confirmed that the 

gender composition information was memorable; 93% of participants in the ‘diversity debt 

signal’ condition and 88% of participants in the ‘no diversity debt signal’ condition exhibited 

accurate recall with no significant differences across conditions. 

Measures 

Unless otherwise noted, all scale items used a 5-point Likert-type agreement scale in which 

1 = “strongly disagree” and 5 = “strongly agree”. Items comprising each scale were averaged to 

create composite measures for each variable. The complete list of scales, items, and answering 

options is available within our Study 2 codebook file on: https://osf.io/rkxbp 

Dependent variables. To measure joiners’ interest in applying, our primary dependent 

variable was operationalized using Highhouse et al.’s (2003) 5-item Application Intentions scale. 

Scale items were: “I would accept a job offer from this company,” “I would make this company 

one of my first choices as an employer”, “If this company invited me for a job interview, I would 

go”, “I would exert a great deal of effort to work for this company”, and “I would recommend 

this company to a friend looking for a job” (α = .89). In addition, we also asked participants to 

indicate whether they would apply (Application Decision: yes = 1; no = 0) and behaviorally, 

“Would you like to be forwarded to this company's career page to view all their job openings 

after finishing filling in this survey?” (Behavioral Interest: yes = 1; no = 0). Consistent with our 

preregistration, we report our main analyses based on assessment of application intentions and 



 

use these two secondary measures for exploratory analyses where we aim to further validate our 

results (see Robustness checks below).  

Independent variables. Job Seeker’s Gender was self-reported in response to the question 

“what is your gender” with answer options being “man”, “woman”, “Another identity not listed”, 

and “Prefer not to answer”. Consistent with our preregistered exclusion criteria and in line with 

our theoretical interest in differences between men and women, these were the only answers 

retained for analysis (0 = man; 1 = woman).  

Mediator variables. Identity Threat Concerns was measured using a scale by Kroeper et 

al. (2022) [rated on a 5-point Likert scale ranging from 1 “not at all” to 5 “an extreme amount.”] 

with the items: “How much might you worry that you won’t belong at the company?”, “How 

much might you worry that others will not respect you at the company?”, “How much might you 

worry that others will not value your opinion or contributions at ScaleIT?”, “How much might 

you worry that you cannot be your true self at ScaleIT?”, “How much might you worry about 

being left out or marginalized at ScaleIT?”, and “How much might you worry about being 

stereotyped because of your gender at ScaleIT?”  (α = .95). 

We measured two other potential mediators (see Robustness checks below): Anticipated 

Fairness and Perceived Startup Viability. Anticipated Fairness was measured with four items 

from Hurst et al. (2022): “ScaleIT has fair procedures for evaluating performance”, “ScaleIT has 

fair procedures for determining pay”, “ScaleIT has fair procedures for determining promotion”, 

and “ScaleIT has fair procedures for resolving conflicts among employees” (α = .92). Perceived 

Startup Viability was measured with five items: “ScaleIT will grow to have 100+ employees at 

some point in the future”, “ScaleIT will be successful in getting the financial investment it needs 



 

to grow” (Lee & Huang, 2018) and “ScaleIT has a large growth potential”, “ScaleIT has long- 

term revenue potential”, “ScaleIT is highly scalable” (Huang et al., 2021) (α = .88).  

Control Variables. To check that randomization into the experimental conditions was 

successful and to facilitate robustness tests for our models using demographic covariates, we 

asked our participants to report their Age (in years), Race (recoded as white/Caucasian = 0; non-

white = 1), Education (recoded as no college degree = 0; college or higher = 1), Nationality 

(recoded as U.S. =  0 non-U.S. = 1) and Employment Status (recoded as not employed full-time 

= 0; employed full-time = 1). 

Manipulation check. To ensure that participants perceived the gender composition signal 

they were assigned to, we asked whether they could “recall the gender composition at ScaleIT?” 

(Answer categories: I don't remember; 100% men / 0% women; 95% men / 5% women; 60% 

men / 40% women; 50% men / 50% women; 40% men / 60% women; 5% men / 95% women; 

0% men / 100% women).  

Results 

Table 4 provides means, standard deviations, and pairwise zero-order correlations. Table 

5 shows descriptive statistics by condition and gender.  

------- INSERT TABLES 4 AND 5 ABOUT HERE ------- 

Preliminary tests. Results from a confirmatory factor analysis (CFA) examining the 

psychometric validity of our scale measures are reported in Appendix 9 (Table A.9.1). To check 

that randomization into the experimental conditions was successful, we conducted a series of 

tests (i.e., independent t-tests and Pearson chi-square tests) confirming no significant differences 

across conditions for gender, age, race, education, nationality, and employment status (Appendix 

9; Table A.9.2). Our manipulation check shows that, as intended, participants perceived the 



 

gender composition information differently across the conditions (χ2(5, n = 597) = 537.79; p < 

.001) and this was aligned with the profile they were assigned to view. There were no significant 

differences in the accuracy with which participants recalled the specific gender composition 

viewed (χ2(1, n = 597) = 0.02; p = 0.890). In each condition, about 94 percent of participants 

recalled this information accurately and there are no significant differences on recall either 

between men and women (χ2(1, n = 597) = 3.14; p = .08) or between men and women within 

each of the conditions (No diversity debt signal: χ2(1, n = 297) = 0.59; p = .44; Diversity debt 

signal: χ2(1) = 3.08; p = .08). Details are provided in Appendix 9 (see Tables A.9.3 and A.9.4). 

In line with our preregistration, we did not exclude participants who failed to remember the 

gender composition signal they were assigned to. 

Hypotheses testing. The results of two-way ANOVAs testing the paths (main effects and 

interaction) from job seeker gender and startup gender composition to (1) identity threat 

concerns and (2) application intentions show, in line with our expectations, significant 

interaction effects of gender and the gender composition signal on both identity threat concerns 

(F(1, 593) = 48.65, p < .001, ηp2 = .08) and application intentions (F(1, 593) = 8.00, p = .005, ηp2 

= .01). Probing these interactions (with Bonferroni-corrected tests) revealed that the statistically 

significant main effects of gender on identity threat concerns (F(1, 593) = 170.79, p < .001, ηp2 

= .22) and application intentions (F(1, 593) = 20.07, p < .001, ηp2 = .03) were qualified by the 

gender composition information presented such that women anticipated more identity threat and 

showed lower application intentions when evaluating a startup signaling diversity debt (Midentity 

threat concerns = 3.37, SD = 1.23; Mapplication intentions = 3.18, SD = 1.05) than a startup showing no 

diversity debt signals (Midentity threat concerns = 2.14, SD = .83, p < .001, d = 1.18; Mapplication intentions = 

3.81, SD = .63, p < .001, d = 0.74). In response to our open-text question, women often echoed 



 

this quantitative finding when explaining their decisions qualitatively; for example, one 

participant stated: “Given the gender composition, I'd be worried of not being taken seriously, or 

being requested to do gender-stereotypical tasks (like pour coffee) instead of my skillset because 

I'm a woman”. Another wrote: “ScaleIT seems like a very male dominated company. As a 

woman, I would feel out of place.” Men, however, did not show a significant difference in 

identity threat concerns either quantitatively or qualitatively across the conditions (No diversity 

debt signal: Midentity threat concerns = 1.69, SD = .59; Diversity debt signal: Midentity threat concerns = 1.91, 

SD = .83, p < .246, d = .29). While we found a statistically significant difference in application 

intentions for men across the conditions (No diversity debt signal: M application intentions =3.92, SD = 

.64; Diversity debt signal: M application intentions = 3.65, SD = .80, p < .022, d = .37), this difference is 

substantially smaller than the differences observed for women. Appendix Tables A.10.1 and 

A.10.2 provides more detail on these analyses. Figure 4 graphically depicts these results that, 

taken together, provide initial support for our theorizing.  

------- INSERT FIGURE 4 ABOUT HERE ------- 

To formally test our hypothesis (H3), we conducted a moderated mediation analysis that 

allows us to analyze the entire conceptual model, including all direct and indirect paths 

simultaneously. We tested for an indirect effect of job seeker gender (X), via identity threat 

concerns (M) on application intentions (Y), dependent on the experimental condition (W), which 

we proposed moderates the X–M path. Coefficients reported below are unstandardized and their 



 

percentile bootstrapped 95% confidence intervals are based on 5,000 resamples19. Table 6 

summarizes the results.  

------- INSERT TABLE 6 ABOUT HERE ------- 

Whereas the negative indirect effect of job seeker gender on application intentions was 

significant under both conditions (No diversity debt signal: b = -.18, SE = .04, 95% CI [-.26, -

.11]; Diversity debt signal: b = -.60, SE = .07, 95% CI [-.75, -.46]), it was significantly more 

negative in the diversity debt signal condition (Index of moderated mediation = -0.42, SE = 0.07, 

95% CI [−0.56; -0.29]. Hypothesis 3 is, therefore, supported. Overall, these findings provide 

empirical support for our argument that women joiners are less interested in applying for startups 

signaling diversity debt and that this lower interest is explained by such signals triggering 

women’s, but not men’s, identity threat concerns.  

Robustness checks. To check for the robustness of our results, we replicated our main 

moderated mediation models including demographic control variables (see Appendix 11; Table 

A.11.1) and relaxing our sample exclusion criteria (see Appendix Table A.11.2). In both cases, 

these adjusted analyses yielded similar results to our original analyses. The results also held 

when we replaced our primary outcome of application intentions with two alternative measures 

of joiners' interest: Application Decision and Behavioral Interest (see Appendix Tables A.11.3 

and A.11.4). Finally, we re-estimated our main analysis while exploring two alternative 

mediators to identity threat concerns: Anticipated Fairness and Startup Viability. The results of 

 

19 We conduct these analyses in Stata (code available on our OSF page) but also replicated them in PROCESS for R 
version 4.1 (Hayes, 2022). We explicitly opted to report percentile bootstrapped 95% confidence intervals rather than 
bias-corrected (BC) confidence intervals because this approach has been shown to better control for Type 1 error rates 
(e.g., Montoya, 2022; Tibbe & Montoya, 2022). Nevertheless, our code also produces the BC confidence intervals 
which allows readers to independently examine how this particular methodological choice does not appear to make 
any substantive difference in our results. 



 

parallel moderated mediation models are reported in Appendix Table A.11.5. While the indirect 

effect of job seeker gender on application intention via identity threat concerns is conditional on 

the startup gender composition signal, the indirect effects via anticipated fairness and startup 

viability are not. As we suspected when designing the study, anticipated fairness and startup 

viability are both key mechanisms explaining some portion of the relationship between job 

seeker gender and application intention but, unlike identity threat concerns, these indirect effects 

do not significantly vary with the gender composition information presented in startup employer 

profiles.  

Discussion of Study 2 

Study 2 replicated and extended Study 1 using a pre-registered randomized experiment. 

We again found that gender composition information moderates the gender gap in joiners’ 

interest, and then additionally show that employers who signal diversity debt trigger identity 

threat concerns for women but not for men, a primary mechanism driving gender sorting into the 

candidate pool. Our findings suggest that startup diversity debt is self-perpetuating due to women 

joiners anticipating being uncomfortable in a work environment dominated by men, hence 

reinforcing the existing gender composition. Overall, Study 2 provides strong support for our 

theory that the gender composition of startups is important in determining women’s expectations 

about fitting in, their concerns about being pushed out, and ultimately their decisions about 

whether to join or not.  

GENERAL DISCUSSION 

In this paper, we built on and extended prior work (e.g., Abraham & Burbano, 2022; 

Fernandez-Mateo & Kaplan, 2018) to integrate a gender lens into models predicting interest in 

joining a startup as an employee (e.g., Roach & Sauermann, 2015). Bringing together the lack of 



 

fit model (Heilman, 1983) with insights from research on tokenism (Kanter, 1977b) and identity 

threat (Kroeper et al., 2022; Murphy et al., 2007), we developed a theoretical argument 

explaining the self-reinforcing role of organizational gender composition in determining why 

women remain underrepresented in startups. Across two studies, using novel field data and a 

preregistered experiment, we hypothesized and found converging evidence that (1) women 

joiners are generally less interested in applying to startup jobs than men joiners; (2) that this 

gender gap is associated with women’s, but not men’s, sensitivity to information about the 

gender composition of a prospective employer, especially for startups signaling diversity debt; 

and (3) that women’s identity threat concerns explain this relationship. Taken together, our 

findings highlight how supply-side and demand-side factors interact to perpetuate gender 

inequality in this context such that existing underrepresentation of women in startups deters other 

women from entering the candidate pool and reproduces gender disparities in a vicious cycle. 

Theoretical Implications  

Our research contributes to the emerging literature about “joiners” (Chung & Parker, 

2022; Kerr et al., 2019; Roach & Sauermann, 2015; Rocha & van Praag, 2020; Sauermann, 

2017) as we shed light on how, why, and when job seekers’ gender interacts with specific startup 

attributes to either draw joiners in or push them away. Prior studies have provided a helpful but 

incomplete account of what makes this group of individuals different and why they choose to 

follow such a distinct career path (Honoré & Ganco, 2020; Kim, 2018; Ouimet & Zarutskie, 

2014; Roach & Sauermann, 2015; Sorenson et al., 2021). In their influential work, Roach and 

Sauermann (2015: 2160) declare that: “An interest in being a joiner […] is associated with both 

preferences and context, and this relationship is most pronounced for individuals with 

preferences that predispose them toward entrepreneurship”. In doing so, the authors convincingly 

position startup employees as distinct, focusing on differences between joiners, founders, and 



 

other types of employees (e.g., Kerr et al., 2019; Roach & Sauermann, 2015; Sauermann, 2017). 

To date, however, this comes at the expense of research on differences within the population of 

joiners. For example, the insight that interest in joining startups is associated with both 

preferences for entrepreneurial job attributes (e.g., autonomy, risk) and exposure to social 

contexts conducive to entrepreneurship (e.g., role models) is helpful when distinguishing joiners 

from other employees (e.g., Roach & Sauermann, 2015), but insufficient when seeking to explain 

why joiner gender may predict interest in working for different startups.  

We challenge the implicit assumption that preferences or exposure to relevant contexts 

are distributed equally across men and women and instead integrate a gender lens that allows us 

to explain how joiners’ interest in applying varies between men and women as they evaluate 

startup job opportunities. Indeed, rather than assuming that preferences or context are unrelated 

to gender, we used these key constructs from the literature about joiners as a bridge to the 

extensive body of knowledge about gender segregation at work (e.g., Barbulescu & Bidwell, 

2012; Fernandez-Mateo & Kaplan, 2018; Heilman, 1983; Kossek et al., 2017; Reskin et al., 

1999; Schmader, 2022). Our findings indicate that men and women joiners indeed make 

systematically different decisions about startup work as they exhibit different responses to 

information about the gender composition of specific employers. This perspective, which we 

ground in well-established research on gender and employment decisions (e.g., Heilman, 1983; 

Kanter, 1977b; Murphy et al., 2007), significantly broadens the scope of current theory on why 

some individuals join startups and others do not as it illuminates how aspects of the 

entrepreneurial context (e.g., gendered signals in startup recruitment materials) interact with job 

seeker’s preferences.  

Relatedly, we found that startups can reshape the interest of joiners and redefine 



 

expectations about context, even though joiners, by definition, are already “predisposed” to 

prefer entrepreneurial job attributes. Participants in both of our studies expressed an openness to 

working in startups, not just abstractly but also through demonstrated behaviors (e.g., job seekers 

in Study 1 created an account on a job-matching app for tech startups and spent significant time 

and effort evaluating employers and jobs at these startups). Yet even within this select group, we 

still found a significant gap in interest expressed by men and women, particularly when startups 

signal diversity debt. Our findings underscore that it is not only the startup context in general or 

any innate individual preference that pushes women away, but also the actions of specific 

startups that shape whether women can expect to fit in and if they will be interested in applying.  

More broadly, our findings bring together disparate conversations about women’s 

underrepresentation as being based on either supply-side or demand-side drivers. Our results 

clearly indicate that women joiners’ evaluations of potential startup employers incorporate an 

anticipation of what this work setting would be like, given available information. This notion is 

consistent with the view that supply-side and demand-side drivers of gender inequality interact in 

complex ways and answers repeated calls to unpack these interactions (Abraham & Burbano, 

2022; Barbulescu & Bidwell, 2012; Brands & Fernandez-Mateo, 2017; Fernandez-Mateo & 

Kaplan, 2018; Kossek et al., 2017). We further argued that because employer information is not 

sufficiently available, job seekers make inferences in a manner consistent with Heilman’s (1983) 

original lack of fit model, that is, comparing themselves to a set of attributes that are seen as 

prototypical for a certain work setting and generating either negative or positive expectations 

depending on their perceived fit. Under the lack of fit framework, our interest in organizational 

gender composition as a relevant informational signal represents an important extension in that 

we shift the focus from the gender-typing of startups in general, or even from industry or 



 

occupational-level stereotypes (e.g., Heilman, 2012), to consider an organization-level source of 

gendered information used by job seekers. In this way, we demonstrate the applicability of the 

lack of fit model to research on job seekers’ own fit perceptions and decisions, rather than its 

more frequent application to capture other’s (e.g., employers) decisions about job seekers’ fit (for 

an overview see Heilman, 2012; Heilman & Caleo, 2018).  

Our emphasis on organizational signals and how they are incorporated into job seekers’ 

expectations speaks to studies showing that men’s and women’s preferences and decisions are 

differentially affected by what organizations show, tell, or do, including how work is arranged 

across different organizations (Hurst et al., 2022), industries (Miric et al., 2022) and occupations 

(e.g., Barbulescu & Bidwell, 2012), the language and imagery used in recruitment materials 

(e.g., Gaucher et al., 2011; Hentschel et al., 2021; Kroeper et al., 2022), as well as the 

demographic and ideological make up of organizational leaders (e.g., Abraham & Burbano, 

2022; Windscheid et al., 2016). As Fernandez-Mateo and Kaplan (2018: 1230) explain, “it is 

women’s expectations of the lack of inclusiveness of certain jobs that leads them to look 

elsewhere, thus reinforcing job segregation by gender”. An important question is, therefore, 

which of these signals most effectively shapes women’s expectations? While we did not aim to 

provide a conclusive answer to this question, our empirical context allows us to control for many 

of the variables that past research has flagged as influential and demonstrates the impact of a 

startups’ gender composition, even if we consider industry, occupation, language, imagery, and 

the founders’ gender, next to a host of other relevant factors. For instance, our findings can 

potentially address mixed evidence in studies examining whether joiners favor startups with 

gender-congruent founders (Campero & Kacperczyk, 2020; Snellman & Younkin, 2021).  It may 

well be that gender composition at the organizational level is a comparatively more meaningful 



 

source of information for job seekers, perhaps because rather than a fixed organizational attribute 

(e.g., founder gender; Campero & Kacperczyk, 2020) or an aspirational goal (e.g., diversity 

statements; Leibbrandt & List, 2018), gender composition reveals a behavioral pattern of past 

hiring decisions, and joiners, especially women, are more likely to form their expectations on the 

basis of such unambiguous signals.   

Finally, rather than referring to women’s expectations in a general sense, we instead 

explicated a primary theoretical mechanism as we found that startups, especially those that signal 

diversity debt, push women joiners away by setting off concerns that one’s gender identity will 

be devalued or threatened in this setting (Georgeac & Rattan, 2022; Heilman, 1983; Kroeper et 

al., 2022; Murphy et al., 2007). Importantly, our finding that identity threat concerns explain why 

diversity debt signals yield lower interest from women joiners points to a vicious cycle. Diversity 

debt is not only a descriptor of numerical underrepresentation, or an indicator of historically 

skewed hiring decisions, but also a symbolic, and distinctively negative signal to women who 

perceive it as a threat to their gender identity and a concern that deters them from entering the 

candidate pool. Thus, while candidate pool demographics is accepted as a powerful predictor of 

organizational demographics (e.g., Abraham & Burbano, 2022; Fernandez & Campero, 2017), 

we showed that past hiring decisions can also shape future composition of the candidate pool. 

Our focus on this particular part of the self-reinforcing process provides a potentially 

parsimonious explanation for the persistence of gender disparities in startups, one that does not 

necessitate strong assumptions about the impact of "founding team members on later team 

composition” (DeSantola & Gulati, 2017: 648), nor about the role of “hiring practices in 

perpetuating inequality” (Amis et al., 2020: 8). Even if gender disparities are completely random 



 

at first and gender discrimination in hiring nonexistent, job seekers’ exposure to diversity debt 

signals is seemingly sufficient to instigate this self-reinforcing process.   

Limitations and Future Research 

There are important limitations to our work. First, in Study 1 job seekers were required to 

make an evaluation decision in response to each job advertisement they viewed. While this 

decision is obviously meaningful in that it reflects a behavior without which the job seeker in 

question would not enter the candidate pool, we were not able to collect data on whether 

applicants and companies followed through and reached a final employment agreement. Our 

conclusions are therefore limited to such initial expressions of interest in applying rather than the 

rest of the application process. Still, these very early decisions are important because any 

disparities already present at the start of a multistage and often self-reinforcing hiring process 

mean that the gender gap we observed can be expected to become more, rather than less 

pronounced by the time a candidate is selected (e.g., Martell, Emrich, & Robison-Cox, 2012; 

Martell, Lane, & Emrich, 1996). Indeed, prior research consistently shows that much of the 

observed gender segregation in hiring can be attributed to these early differences in job seekers’ 

interest (e.g., Barbulescu & Bidwell, 2012; Fernandez & Campero, 2017).  

Second, within our data, the gender composition information companies reported in their 

job postings was holistic and not broken down by job level (e.g., Cohen et al., 1998). We do not 

know whether women are distributed evenly within that company or clustered in higher- or 

lower-level positions. This leaves us limited in the generalizations we can make based on this 

signal. However, when making their decisions, job seekers in our sample did not have more 

specific information either, suggesting that this information, even without additional specificity 

was sufficient to influence their interest. Relatedly, we had no way of ascertaining whether the 

gender composition that employers presented on their profiles was accurate. It might well be that 



 

some of these startups intentionally manipulated this information to appear more favorably (see 

Kroeper et al., 2022; and Windscheid et al., 2016 for a discussion of “counterfeit diversity”). 

Still, here too, job seekers made decisions based on the information they were presented, 

regardless of its accuracy.  

Third, our diversity debt signal manipulation in Study 2 featured an organizational gender 

composition with just five percent women, which could be considered a strong manipulation. As 

we indicated above when discussing the rationale for the materials used in Study 2, this 

particular gender composition is consistent with the field data in Study 1 and therefore represents 

a realistic situation (as also indicted by our pretest participants; see Appendix Table A.8.1). 

Indeed, the choice of using a strong manipulation was deliberate, as is common in experimental 

designs (Highhouse, 2009). Yet, we acknowledge the possibility that when manipulations are too 

strong, they might risk demand effects, as participants may infer the response researchers expect 

and change their behavior accordingly. This risk, which is generally considered inferior to 

considerations of manipulation strength (Highhouse, 2009) and has been found to pose little 

concern in online experiments (Mummolo & Peterson, 2019), is further mitigated by our 

between-subject experimental design where each participant was exposed to a single company 

profile in which various informational signals were present (e.g., company age, industry, average 

employee age, text description, etc.). In such a signal-saturated environment, and given singular 

exposure to realistic experimental material, it would be unlikely for participants to guess our 

specific hypothesis.  

Despite these limitations, our paper opens several directions for future research. Only 

through continued research on joiners and on startup employment more broadly (Burton, Fairlie, 

& Siegel, 2019; Choi et al., 2021; Roach & Sauermann, 2015; Sauermann, 2017; Sorenson et al., 



 

2021; van Lancker, Knockaert, Audenaert, & Cardon, 2022) will our understanding progress 

concerning what startups can do to become more welcoming for women. Future research in this 

area must first grapple with the reality that, across countries, men are still far more likely than 

women to start new ventures (Thébaud, 2015) and they tend to do so with other men as their co-

founders and early employees (Honoré & Ganco, 2020; Ruef et al., 2003). With the recognition 

that most startups operating today might already have some level of diversity debt, the takeaway 

of our research to hire more women early-on might seem daft; for more women to join, startups 

would need to have more women to begin with – a catch-22 situation. However, our finding that 

signaling diversity debt prompts women’s identity threat concerns also points to possible 

remedies. One promising avenue that future research can explore is the utility of “identity safe 

cues” (see Kruk & Matsick, 2021 for a recent review) in counteracting the negative impression 

left by exposing job seekers to diversity debt signals. For instance, researchers could test the 

efficacy of several interventions aimed at providing women with explicitly nonthreatening 

information conveying fair or positive expectations and accommodating a more inclusive climate 

(Nishii, 2013; Schmader, 2022). Especially for startups, these interventions might not necessarily 

refer to traditional “diversity statements”, which have been shown to backfire from time to time 

(Leibbrandt & List, 2018) but could rather be a more sincere piece of text in which the current 

lack of gender diversity is explicitly recognized (e.g., Windscheid, Bowes-Sperry, Jonsen, & 

Morner, 2018) next to a concrete commitment to change. Future research can therefore offer 

alternatives for startups that already suffer from diversity debt, which they can use to break its 

self-reinforcing cycle.  

Scholars might be interested in examining to what extent, as our studies suggest, hiring 

women early in the life of a startup also has an indirect effect, via what it signals to job seekers, 



 

on the ability to recruit women later in the startups’ life cycle. Although gender composition 

signals may not always be as easily or obviously accessible as they are on the mobile app we 

gathered our data from in Study 1, prior research suggests that job seekers often rely on other 

sources (e.g., social networks) to inform themselves about prospective employers (e.g., Rubineau 

& Fernandez, 2013), and specifically to assuage concerns about toxic gender dynamics (e.g., 

Obukhova & Kleinbaum, 2022). What we do not yet know is how the medium through which job 

seekers receive information about gender composition impacts their evaluations and decisions. 

Future research can therefore compare not only the content of such signals, as we have done 

here, but also different information sources (e.g., do women respond differently when receiving 

information about a startup’s diversity debt through a job ad or via a close friend?). 

Finally, we took a one-sided perspective in this study, examining the rationale for 

application interest from the perspective of job applicants, but not how applicants are evaluated 

by startups. In a recent study, Honorè and Ganco (2020) used a two-sided matching estimation to 

study the startup hiring process. One of their key findings is telling in its relevance to our study 

and the potential of future investigations: “startups prefer to hire male employees over female 

employees” (Honoré & Ganco, 2020: 33). Hence, research that jointly examines the perspective 

of job seekers and startups stands to make a significant contribution to the field.  

Practical Implications 

Our findings have practical implications for growth-oriented startups, the entrepreneurs 

who lead them, and also to society at large as we address the interesting and relevant question of 

how can organizations become more diverse? Indeed, that women are sorely underrepresented in 

entrepreneurship as founders, investors, and as employees is not just an operational problem for 

startups or a theoretical puzzle for scholars, but rather a societal problem with important 



 

implications for gender equity and inclusion overall. In this paper, we provide evidence that 

startups can purposefully influence the gender composition of their candidate pools. Unfortunately, 

when asked about women’s underrepresentation in their firms, entrepreneurs still often refer to the 

“pipeline problem”, citing grand societal forces and women’s innate preferences as the primary 

explanations for why fewer women enter the field (e.g., Skelton, 2020). While some of these 

explanations are certainly valid (e.g., gender stereotypes as societal-level phenomena do influence 

women’s interest in applying), they too often serve to merely excuse the passive stance that startup 

organizations take towards gender disparities. In contrast, our findings demonstrate that startups 

have an active role to play in shaping their own recruitment pipelines.  

Acknowledging that the gender gap in applications for startup jobs is also a direct product 

of organizational-level decisions should alert startups to reexamine their responsibility when 

women opt out of their hiring funnel. We suggest that entrepreneurs should consider leading 

organizational initiatives to improve the representation of women in their candidate pools. A 

potentially impactful way to do so is paying close attention to the gender composition already in 

the earliest hiring decisions, rather than ignoring this issue and letting diversity debt impose 

restrictions on the potential to attract quality candidates later on. Indeed, rather than struggle for 

years and spend ever increasing resources on diversity initiatives that rarely work (e.g., Kalev, 

Dobbin, & Kelly, 2006) and often backfire (Leslie, 2019), startups that can successfully 

demonstrate their ability to hire and retain women early on, even at a relatively modest level, 

may potentially enjoy a sustained competitive advantage in the ‘war for talent’, reducing 

wasteful efforts in their future, and attracting more diverse and relatively larger pools of 

candidates to select from. Further, our results reveal that such efforts to recruit more women 

early on would not necessarily risk alienating men, since men were largely inattentive to gender 



 

composition signals. 

Finally, and much more broadly, our findings may inform policy makers who aim to 

break the vicious cycle linking entrepreneurship context and gender stereotypes (Eagly & 

Koenig, 2021; Gupta et al., 2009; Rocha & van Praag, 2020; Thébaud & Charles, 2018). 

Changing stereotypes and reducing the prejudices that follow from them depends on the entry of 

persons from underrepresented social categories into new roles. As Eagly & Koenig (2021: 7) 

put it: “As roles diversify, stereotypes change.” For instance, the content of gender stereotypes 

associated with professions such as lawyer, physician or professor changed as women entered 

these professions in large numbers (Eagly et al., 2020). Our findings imply that to facilitate the 

entry of more women into startups, these organizations should avert initial diversity debt and 

imprint their gender composition with a more gender balanced set of role occupants. Startups, at 

least before they scale, represent a unique organizational context where self-reinforcing 

processes can still turn from vicious to virtuous. Policies to either incentivize startups to engage 

with diversity early on or remove limits on their ability to do so (e.g., Liu, 2021) are therefore 

likely to produce a “diversity dividend” (Martins, 2020) not just for organizations but for society 

at large.  

CONCLUSION  

We have shown that the gender gap in joiners’ interest in applying to startup jobs is 

exacerbated when organizations signal diversity debt. Only through developing such research 

further can we truly understand the mechanisms that help promote gender parity in 

entrepreneurship and therefore, counsel entrepreneurs on how to combat diversity debt before it 

becomes too large to handle. This is essential because diversity debt is self-reinforcing and takes 

on momentum of its own. While organizations need not engage in deliberate discrimination to 

create this vicious cycle, deliberate action to counteract or prevent diversity debt can also be self-



 

reinforcing where greater representation of women early on will enable more equitable 

recruitment of both men and women as startups scale. 
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TABLE 1 
Study 1 Summary of Descriptive Statistics 

Job Seeker-Level Variables (n = 8,340 job seekers)   
Job Seeker Gender % n   Job Seeker Location % n 
    Women 43.81 3654       The Netherlands 72.64 6058 
    Men 56.19 4686       EU/EEA   15.8 1318 
        Other   11.56 964 

  Min Max m sd   
Job Seeker Work Experience  0 50 4.72 4.2   
Decisions per job seeker 1 879 62.64 73.31   

Job-Level Variables (n = 1,978 jobs)         

Job Function % n  Job Level   % n 
IT/Engineering 39.11 772      Entry-level 16.77 331 
Design 7.90 156      Mid-level 53.75 1061 
Production/Operations 12.92 255      Experienced 22.85 451 
Marketing 20.92 413      Executive/Manager 6.64 131 
Sales 6.43 127  Job Commitment % n 
Client service 8.87 175      Full-Time 74.97 1480 
HR/Admin 3.85 76      Part-Time 3.19 63 

          Internship 21.83 431 
    Min Max m sd   

Net Share of Feminine of Wording   -9.23 5.48 -0.36 1.62   
Weeks from Job Posting to Job Rating 0 102.71 18.4 18.44   
Job seeker decisions per job 1 2727 264.66 305.3   

Company-Level Variables (n = 311 companies)   

Industry Affiliation % n       % n 
    B2B Software 9.32% 29      Payment Solutions 3.54% 11 
    Online Marketplace 8.68% 27      Sharing Economy 3.22% 10 
    Consumer App 8.04% 25      Smart Energy 3.22% 10 
    Health 6.11% 19      Consultancy 2.89% 9 
    Education 5.79% 18      Events   2.89% 9 
    Media 5.79% 18      FinTech   2.89% 9 
    Online Marketing 5.14% 16      HR   2.57% 8 
    SaaS 4.50% 14      Digital Agency 2.25% 7 
    Data Analytics 3.86% 12      Internet of Things 2.25% 7 
    Travel 3.86% 12      3D Printing 1.61% 5 
   IT Services 3.54% 11      Othera   8.04 25 
Company Size % n Gender Composition in Background Photo % n 

1-10 Employees 43.41% 135    No people in photo   16.40% 51 
11-50 Employees 42.12% 131    No women represented   22.20% 69 
51-200 Employees 11.25% 35    Women represented   61.40% 191 
201-500 Employees 3.22% 10       

      Min Max m sd   
Company Age at Posting   0 10 3.16 2.48   
Company Obtained Investment   0 1 0.44 0.50   
Company Average Employee Age   21 43 29.91 2.75   
Company Gender Composition (% Women) 0 1 0.29 0.20   
% Women in Industry   0.21 0.78 0.42 0.20   
Woman Founder/Co-founder   0 1 0.14 0.35   
Job seeker decisions per company 9 17518 1679.91 2121.12   

Notes: n = 522,451; a ‘other’ includes the following industry categories, each containing up to five companies: Community, 
Outsourcing, Web-shop, Games, Video Creation, Messaging, Drones, Accelerator.  



TABLE 2 
Study 1 Means, Standard Deviations, and Pairwise Zero-Order Correlations Among Key Variables 

 Variables Mean SD (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(1) Interest in applying 0.17 0.38 - 

           

(2) Job Seeker Gender 
(Woman) 

0.44 0.50 -0.03 - 
          

(3) Company Gender 
Composition (% Women) 

0.29 0.20 0.01 0.01 - 
         

(4) Woman Founder/Co-
Founder 

0.14 0.35 0.01 0.01 0.29 - 
        

(5) Industry Gender 
Composition  

0.42 0.20 0.00 0.01 0.24 -0.04 - 
       

(6) Company Average 
Employee Age 

29.91 2.75 0.00 0.00 -0.21 -0.13 -0.08 - 
      

(7) Company Obtained 
Investment 

0.44 0.50 -0.01 -0.02 0.05 -0.03 0.05 0.02 - 
     

(8) Net Share of Feminine 
Wording  

-0.36 1.62 0.00 -0.03 -0.02 0.01 -0.11 -0.01 0.04 - 
    

(9) Job Seeker Work 
Experience 

4.72 4.20 -0.05 -0.14 0.00 -0.03 -0.01 0.04 0.01 0.02 - 
   

(10) Skills Fit 0.54 0.33 0.06 -0.04 -0.01 0.00 -0.01 -0.01 0.00 0.00 0.04 - 
  

(11) Language Fit=1 0.84 0.36 0.05 -0.09 -0.06 -0.01 -0.04 -0.02 0.05 0.02 0.01 0.01 - 
 

(12) Weeks from Job Posting to 
Job Rating 

18.40 18.44 0.01 -0.02 -0.13 0.04 -0.01 0.07 -0.04 0.07 -0.07 0.02 0.13 - 

(13) Company Age at Posting 3.16 2.48 0.01 0.00 0.14 -0.17 -0.02 0.16 -0.05 -0.10 0.03 -0.02 0.04 0.00 
Note: n = 522,451; All correlations with an absolute value greater than 0.02 are significant at p < .05. Space considerations prevent us from including all 
categorical variables with multiple dummies. A complete correlations table that incorporates the entire set of control variables organized by level of analysis is 
presented in Appendix 3. 
 



 

 

TABLE 3 
Study 1 Models Estimating the Linear Probability of Interest in Applying as a Function of 

Job Seeker Gender and Startups’ Gender Composition 
  Direct Effects Models Interaction Models 

  
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

Job Seeker Gender (Woman) -0.02** -0.03** -0.03** -0.02** -0.03** - 
 (0.01) (0.01) (0.01) (0.01) (0.01) - 

Company Gender Composition (% Women) 0.02 0.03 - 0.00 0.01 - 
 (0.01) (0.01) - (0.01) (0.01) - 

Job Seeker Gender (Women) x Company      0.04** 0.04** 0.02* 
Gender Composition (% Women) 

  
  (0.01) (0.01) (0.01) 

Woman Founder/Co-Founder=1 - 0.01 - - 0.01 -  
- (0.01) - - (0.01) - 

Gender Composition in Company 
Background Photo  
(reference: No people in photo)        
     No women represented - 0.01 - - 0.01 - 

 - (0.01) - - (0.01) - 
     Women represented - -0.00 - - -0.00 -  

- (0.01) - - (0.01) - 
Industry Gender Composition - 0.00 - - 0.00 -  

- (0.01) - - (0.01) - 
Company Size (reference: 1-10)        
     Company size (11-50) - 0.00 - - 0.00 - 

 - (0.01) - - (0.01) - 
     Company size (51-200) - -0.01 - - -0.01 - 

 - (0.01) - - (0.01) - 
     Company size (201-500) - -0.01 - - -0.01 - 

 - (0.01) - - (0.01) - 
Company Average Employee Age - 0.00 - - 0.000 - 

 - (0.00) - - (0.00) - 
Company Obtained Investment - -0.00 - - -0.00 - 

 - (0.01) - - (0.00) - 
Job Title (reference: IT/engineering)        
     Design - 0.05** - - 0.05** - 

 - (0.01) - - (0.01) - 
     Production/Operations - 0.07** - - 0.07** - 

 - (0.01) - - (0.01) - 
     Marketing - 0.07** - - 0.07** - 

 - (0.01) - - (0.01) - 
     Sales - 0.05** - - 0.05** - 

 - (0.01) - - (0.01) - 
     Client Service - 0.06** - - 0.06** - 

 - (0.01) - - (0.01) - 
     HR/Admin - 0.05** - - 0.05** - 

 - (0.01) - - (0.01) - 
Job Level (reference: Entry-level)        
     Mid-Level - 0.01 - - 0.01 - 



 

 

 - (0.01) - - (0.01) - 
     Experienced - 0.01 - - 0.01 - 

 - (0.01) - - (0.01) - 
     Executive/Top Manager - 0.01 - - 0.00 - 

 - (0.01) - - (0.01) - 
Job Commitment (reference: Full-time Jobs)        
     Part-time Jobs - -0.03** - - -0.03** - 

 - (0.01) - - (0.01) - 
     Internships - -0.03** - - -0.03** - 

 - (0.01) - - (0.01) - 
Net Share of Feminine Wording  - -0.00 - - -0.00 - 

 - (0.00) - - (0.00) - 
Job Seeker Work Experience/10  - -0.06** -0.06** - -0.06** - 

 - (0.01) (0.01) - (0.01) - 
Job Seeker Location  
(reference: The Netherlands)        
     EU/EER - 0.07** 0.06** - 0.07** - 

 - (0.01) (0.01) - (0.01) - 
     Non-EU/EEA - 0.10** 0.09** - 0.10** - 

 - (0.01) (0.01) - (0.01) - 
Skills Fit - 0.07** 0.08** - 0.07** 0.09** 

 - (0.01) (0.01) - (0.01) (0.01) 
Language Fit=1 - 0.05** 0.02* - 0.05** 0.06** 

 - (0.01) (0.01) - (0.01) (0.01) 
Weeks from Job Posting to  - -0.00* -0.00 - -0.00* -0.00* 
Job Rating - (0.00) (0.00) - (0.00) (0.00) 

Company Age at Posting - 0.00 0.01 - 0.00 -0.01 
 - (0.00) (0.01) - (0.00) (0.01) 

Constant 0.18** 0.06** 0.09* 0.18** 0.06** 0.15** 
 (0.01) (0.02) (0.04) (0.01) (0.02) (0.04) 

Calendar Year Dummies? No Yes Yes No Yes Yes 
Job Fixed Effects? No No Yes No No Yes 
Job Seeker Fixed Effects? No No Yes No No Yes 
Number of Observations 522451 522451 522445 522451 522451 522228 
Number of Jobs 1974 1974 1968 1974 1974 1968 
Number of Job Seekers 8340 8340 8340 8340 8340 8123 
R-squared 0.001 0.023 0.016 0.001 0.024 0.010 

Note: Robust standard errors, clustered at the job advertisements and job seeker level, reported in parentheses. 
Models 3 and 6 use fixed effects specifications and therefore r-squared values refer to ‘within r-squared’. 
*   p<.05  
** p<.01 



 

 

 TABLE 4 
Study 2 Means, Standard Deviations, and Pairwise Zero-Order Correlations 

Variable Mean SD (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
(1) Application Intentions  3.65 0.84 -             
(2) Application Decision (yes=1) 0.77 0.42 0.66*** -            
(3) Behavioral Interest (yes=1) 0.47 0.50 0.43*** 0.41*** -           
(4) Identity Threat Concerns 2.26 1.10 -0.51*** -0.45*** -0.24*** -          
(5) Anticipated Fairness 3.29 0.70 0.57*** 0.38*** 0.25*** -0.40*** -         
(6) Perceived Startup Viability 3.84 0.71 0.60*** 0.41*** 0.27*** -0.34*** 0.62*** -        
(7) Condition (diversity debt signal=1) 0.50 0.50 -0.26*** -0.25*** -0.13*** 0.31*** -0.17*** -0.12*** -       
(8) Gender (woman=1) 0.49 0.50 -0.17*** -0.17*** -0.10** 0.43*** -0.14*** -0.15*** -0.03 -      
(9) Age 32.06 9.26 0.18*** 0.06 0.07* -0.15*** 0.16*** 0.13*** -0.05 -0.03 -     
(10) Race (non-white=1) 0.37 0.48 -0.02 0.02 0.06 0.10** -0.02 -0.08** 0.00 0.04 -0.14*** -    
(11) Education (college=1) 0.67 0.47 -0.03 0.00 0.03 -0.05 0.02 0.01 -0.03 0.02 0.09** 0.08** -   
(12) Nationality (non-US=1) 0.05 0.22 -0.05 -0.04 -0.04 0.02 -0.04 -0.10** 0.01 0.03 -0.05 0.18*** 0.08* -  
(13) Employment Status (full-Time=1)  0.62 0.49 0.04 0.04 -0.03 -0.12*** 0.12*** 0.08** 0.00 -0.14*** 0.14*** -0.08* 0.29*** -0.03 - 
Notes: n = 597.  
*   p<.1 
** p<.05  
***p<.01 
 

  



 

 

TABLE 5 
Study 2 Descriptive Statistics by Condition and Job Seeker Gender 

 
No diversity debt signal (n = 300)  Diversity debt signal (n = 297) 
Man  

(n = 148) 
Woman  

(n = 152) 
 Man  

(n = 155) 
Woman  

(n = 142) 
Variable  Mean/Prop.   SD     Mean/Prop.   SD      Mean/Prop.   SD     Mean/Prop.   SD    
Application intentions 3.92 0.64 3.81 0.63  3.65 0.80 3.18 1.05 
Application decision (yes=1) 0.89  0.87   0.80  0.51  
Behavioral interest (yes=1) 0.56  0.51   0.48  0.33  
Identity threat concerns 1.69 0.59 2.14 0.83  1.91 0.83 3.37 1.23 
Anticipated fairness 3.54 0.64 3.29 0.56  3.25 0.74 3.09 0.78 
Perceived startup viability 4.01 0.69 3.84 0.58  3.88 0.73 3.62 0.77 
Age 32.82 9.12 32.27 10.14  31.85 8.65 31.29 9.10 
Race (non-white=1) 0.32  0.41   0.37  0.37  
Education (college or higher=1) 0.63  0.74   0.68  0.62  
Nationality (non-US=1) 0.02  0.07   0.06  0.04  
Employment status (full-time=1) 0.73  0.51 0.50  0.65  0.59  
Notes: We checked randomization into the conditions using a series of independent two-sided t-tests and Pearson chi-square tests; as intended, there are no 
significant differences across conditions for Gender, Age, Race, Education, Nationality, Employment status – see Appendix Table A.9.2.  

TABLE 6 

Study 2 Conditional Indirect Effects of Job Seeker Gender on Application Intentions via Identity Threat Concerns 

          95% CI 
Condition (W) Predictor (X) Mediator (M) Outcome (Y) Path b SE Lower Upper 

No diversity debt signal Job seeker gender 
(woman=1) 

Identity threat concerns Application 
intentions 

X⇒M⇒Y 
(indirect) 

-0.18 0.04 -0.26 -0.11 

Diversity debt signal Job seeker gender 
(woman=1) 

Identity threat concerns Application 
intentions 

X⇒M⇒Y 
(indirect) 

-0.60 0.07 -0.75 -0.46 

         
Index of moderated mediation (Diversity debt signal: X⇒M⇒Y) – (No diversity debt signal: X⇒M⇒Y) -0.42 0.07 -0.56 -0.29 
Note. n = 597; b are unstandardized estimates and their 95% CIs refer to percentile bootstrapped confidence intervals based on 5000 resamples; Model 1: 
Outcome = Identity threat concenrs; R2 = .34; Model 2: Outcome = Application intentions; R2 = .26. 



 

 

 

FIGURE 1 

Study 1 Mobile Application Interface  

   
Note: This is an illustration based on a real screenshot from the original app. All identifying details, including the 
background photo, company name, logos, and text have been altered to protect the anonymity of the app itself as 
well as the company advertising the job. All other details including design, functionality, layout, fonts, and color 
scheme are true to the original.  
 

FIGURE 2 

Study 1 Predicted Probability of Interest in Applying by Job Seeker Gender  
(with 95% Confidence Intervals) 
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›FIGURE 3 

Study 1 Predicted Probability of Interest in Applying by Proportion of Women and Job 
Seeker Gender (with 95% Confidence Intervals) 

  
 

FIGURE 4 
Study 2 Identity Threat Concerns (Panel A) and Application Intentions (Panel B) by 

Condition and Job Seeker Gender (with 95% Confidence Intervals) 
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