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Female Entrepreneurs and Funding

• Financing is critical for any high-growth startup, especially venture capital
funding (Lerner and Nanda, 2020).

• Yet, female-led ventures are significantly less likely to receive funding for
their startups. Strong evidence that female entrepreneurs struggle to
secure venture capital funding.

→ Female-led startups raise less capital from male investors compared
to observably similar male-led startups (Ewens and Townsend,
2020).

→ In experimental settings, investors implicitly discriminate against
female-led ventures when evaluating startups with equal
high-growth prospects (Zhang, 2023).

→ Female-founded startups outperform male-founded firms when both
receive venture capital funding (Hebert, 2023).



Female Entrepreneurs and Funding



Human Capital and Startups

• Spillover: With such widespread coverage of this discrimination in
funding other market participants might internalize this VC behavior.

• One important class of participants are skilled workers. Human capital is
the most critical asset for young high-growth firms and fundamental for
their growth.

→ More than 70% of small business owners indicate that recruiting
and retaining talent is their largest challenge (Small Businesses
Report by Goldman Sachs, 2019).

• Considering the vital role of human capital, such challenges may suggest
further sub-optimal growth for female-led ventures.



This Paper

• We hypothesize that female-led ventures are less likely to attract

high-skilled workers (e.g., computer scientists, business managers).

• Under our hypothesis, the lower interest of high-skilled workers in
female-led ventures stems from their internalization of the discrimination
that female entrepreneurs face in other markets.

• If we are able to change the information set of these high-skilled workers,
it should eliminate employee discrimination.



Today

• We create multiple fictitious tech startups to conduct a randomized field
experiment where an entrepreneur contacts prospective high-skilled
employees regarding a job opening.

• We randomly modify founders’ gender, and hold everything else constant
(e.g., company’s website, co-founder’s experience and education).

→ We use AI to create male and female pictures that hold the same
traits.

• Entrepreneur reaches out to a prospective employee via email, introduces
a job opening, and invites the candidate for a zoom call to discuss the job
opening.



Today (Pilot results)

→ Headline result: Prospective employees are 50-60 percent less likely to

respond to a female entrepreneur’s meeting request to discuss a
potential job opening. Male baseline response rate around 15-20%.

• This discrimination is similar among female and male applicants despite
lower response rate from female applicants‘.

• This pattern is consistent among both computer science and business
major applicants, and across individuals graduating from di!erent tier
universities. Our sample covers 40 top U.S. schools.



Today (Pilot results)

→ Mechanism: Additional tests suggest that applicants internalize

struggles faced by women-led businesses in other markets, such as
discrimination from venture capital investors (third-party discrimination).

• Our current results suggest that the whole gap is explained by a
theory of third-party discrimination.

• Early evidence does not support theory of in-group preferences.

• Our findings highlight i) challenges female entrepreneurs encounter in the
labor market for talent; and ii) the spillovers of discrimination in other
markets into the labor market.



Contribution
Our paper contributes to three di!erent strands of the literature:

• Correspondence studies on employer discrimination (e.g., Bertrand and

Mullainathan 2004; Oreopoulos 2011; Booth et al. 2012; Neumark 2012; Kline, Rose, and Walters 2022;

Galarza and Yamada 2014; Eriksson and Rooth 2014; Blommaert, Coenders, and van Tubergen 2014;

Nunley, Pugh, Romero, and Seals 2014; Wright, Wallace, Bailey, and Hyde 2013; Kroft, Lange, and

Notowidigdo 2013; Baert, Cockx, Gheyle, and Vandamme 2013; Bailey, Wallace, and Wright 2013; Ahmed,

Andersson, and Hammarstedt 2013; Acquisti and Fong 2013; Patacchini, Ragusa, and Zenou 2012; Kaas

and Manger 2012; Maurer-Fazio 2012; Banerjee, Bertrand, Datta, and Mullainathan 2009).

• Bertrand and Duflo (2017), Verhaeghe(2022), and Baert (2018) for lit survey.

• Lahey and Beasley (2018) for a summary of technical aspects of correspondence studies.

• Survey experiments evidence (low-stakes on Mturk) that workers do not
discriminate employers based on gender (Cook and Heyes 2021; Doerrenberg, Ducan,

and Li 2022).

• Gender gap in VC funding (e.g., Coleman and Robb 2009; Fairlie and Robb 2009;

Constantinidis et al., 2006; Fairlie et al. 2022; Gompers and Wang 2017; Fairlie and Desai 2021; Ewens

2022; Ewens and Townsend 2020; Hebert 2020).



THEORIES OF DISCRIMINATION



Classical View

• Becker taste-based discrimination: Di!erential treatment of individuals
due to preferences: two equally productive individuals may be valued
di!erently due to discrimination based on their identity traits (Becker,
1957).

• Phelpsian Statistical Discrimination: Individuals’s payo!-irrelevant
identities can serve as signals of their underlying productivity.
Discrimination is not due to preferences, but rather their preferences over
productivity, which is at least to some extent conveyed by their identity
(Phelps, 1972).

→ Important assumption 1: Fully observe the distribution of
productivity for each group/identity.

→ Important assumption 2 (for e”ciency): Productivity noise signal
does not vary across group/identity.



More Detailed (and Modern) View

• In-group preferences: Tendency for people to give preferential treatment
to others who belong to the same group that they do (in-group Bias).

→ Becker taste-based discrimination

• Misbeliefs/Stereotyping: Stereotypes based on a representativeness
heuristic that anchors itself on salient identity traits, such as gender or
racial identity (Bordalo et al. 2016, QJE).

→ Phelpsian statistical discrimination: If “representative” draw from
the distribution.

→ Becker taste-based discrimination: If “unrepresentative” draw from
the distribution.

• Third-party discrimination: Internalizing discrimination by other
individuals and institutions (Peski and Szentes 2013, AER).

→ Phelpsian statistical discrimination: Observationally similar but
theoretically di!erent.



EMPIRICAL DESIGN



Experimental Procedure

Large sample of applicants
in Computer Science and Business

(20k individuals)

Random split
treatment and control

Treatment
(Female Entrepreneur

reach-out)

Random split
for di!erent priming
(identify mechanism)

Newsletter from
non-profit

(2 days prior)
No newsletter

Control
(Male Entrepreneur

reach-out)

Random split
for di!erent priming
(identify mechanism)

Newsletter from
non-profit

(2 days prior)
No newsletter



Job Candidates Startups Entrepreneurs



Job Candidates

• U.S. individuals in their last year of college or masters program,
graduating from top colleges, according to US News 2023 rankings.

• We search LinkedIn user profiles with “computer science” and require
word “software” in current or past job titles. Similar process for
robustness with “business administration” backgrounds.

• We then use university directories to confirm their identity, major, and
find their emails.

• A pool of 20,000+ individuals, with over 50% in computer science (CS)
and 50% in business administration (BA). Roughly 500 graduates per
university.

• A job candidate is contacted only once by the entrepreneur regarding the
job.



Job Candidates Startups Entrepreneurs



Startups

• We partner with multiple startups. They span several industries
industries. Most have a small number of employees.

• We create a company’s website that resembles the company mission of
the real startup. Similar description (i.e., mission, vision, purpose, etc.),
and size.

• Each company has two co-founders (mostly to provide credibility). Both
founders of the same gender (male or female).

• In the pilot, we used two firms on healthcare: www.ressonat.com and
www.allerti.com



Startup’s website



Startup’s website



Startup’s website



Job Candidates Startups Entrepreneurs



Entrepreneurs

• The website has a short bio on each founder. We also create several
LinkedIn profiles for both founders. LinkedIn profiles include full name,
picture, location, experience, and education.

• We establish connections for each entrepreneur.

• A given founder is associated with a concealed firm in a given week.

• We use multiple variations of AI produced pictures. More on this below.



Entrepreneur’s website profile



Entrepreneur’s LinkedIn profile



Entrepreneur’s LinkedIn profile



Priming gender (AI pictures)

• We signal gender through names and pictures. In the pilot, we used both.
In the full study, we plan to use them together but also separately.

• We use pictures generated by an AI software available on
https://this-person-does-not-exist.com/en.

• We specify gender, race/ethnicity (white), and age group (26-35).

• We also use another AI software to create opposite gender pictures.

https://this-person-does-not-exist.com/en


Priming gender (AI pictures)

Example of picture generated by AI software:



MESSAGING



Email Message



Measuring response

• We get a textual response. There are four possible outcomes.
1. Yes, let’s schedule.
2. No.
3. Provide more information.
4. No response.

• We consider two outcome variables:

Y1 =
{

1 if “Yes, let’s schedule.”
0 otherwise

Y2 =
{

1 “Provide more info.” | Response ↑= 0
0 Other response | Response ↑= 0



(PILOT) RESULTS



Summary of the Pilot

• Two identical companies in the Surgical Augmented Reality industry. The
CEOs of the companies reach out (Calvin Murphy and Heather Foster).

• We reached-out to ↓ 800 applicants. Masters and undergraduates in
computer science, and undergraduates in business administration.

• We o!ered two positions: Software Engineering for people with computer
science backgrounds, and Product Manager for people with business
background.



Gap in Response Rates

Zoom Calli = ω ↔ Female Founderi + ε ↔ Controlsi + ϑi

Male+Female Resp Male Resp Female Resp

(1) (2) (3) (4)

Female Founder -0.095→→→ -0.093→→→ -0.117→→ -0.052
(-2.79) (-2.76) (-2.52) (-1.21)

CS background 0.084→→

(2.50)

Constant 0.162→→→ 0.115→→→ 0.203→→→ 0.086→→→

(7.08) (3.94) (6.49) (2.97)
N 362 233 129 139
R-squared 0.0212 0.011 0.027 0.023

• Female entrepreneurs receive a response rate that is over 60% lower than
male entrepreneurs.



Gap in Response Rates (by School)

Zoom Calli = ω ↔ Female Founderi + ε ↔ Controlsi + ϑi

School major and ranking

CS BA Non-top Top

(1) (2) (3) (4)
Female Founder -0.078 -0.111→→→ -0.078→ -0.126→→

(-1.48) (-2.79) (-1.92) (-2.09)

Constant 0.193→→→ 0.123→→→ 0.145→→→ 0.194→→→

(5.53) (4.58) (5.64) (4.44)
N 196 166 236 126
R-squared 0.015 0.032 0.010 0.022

• Top schools: Harvard, MIT, Stanford, CalTech, Princeton, Columbia, etc.



Why do employees discriminate female
entrepreneurs?



Teasing-out Third-party Discrimination

• We aim to test whether third-party discrimination might explain results.
Prospective employees internalize discrimination in financing markets,
such venture capital.

→ Third-party discrimination: Internalizing discrimination by other
individuals and institutions (Peski and Szentes 2013, AER).

• This is a plausible explanation since we have plently of evidence of VC
discrimination (e.g., Ewens 2022; Ewens and Townsend 2020; Hebert
2023), and tons of media coverage!



Teasing-out Third-party Discrimination

• We tease-out the mechanism through priming applicants 2 days before
the entrepreneur’s reach-out.

• A non-profit organization, named Entrepreneurial Elevation, sends a
newsletter with 3 real large initiatives of funding for female-founded
ventures.

• If priming makes applicants think that there is no gender discrimination in
VC funding, the hiring gap will shrink.

→ If gap were to disappear, it would indicate that third-party
discrimination is the dominant mechanism.



Teasing-out Third-party Discrimination



Teasing-out Third-party Discrimination



Teasing-out Third-party Discrimination



Teasing-out Third-party Discrimination



Teasing-out Third-party Discrimination



Teasing-out Third-party Discrimination

• Priming applicants with information that there is NO gender gap in VC
funding completely eliminates the hiring gap documented above.

• Applicants seem to be internalizing the discrimination that female
entrepreneurs face in other markets, specifically VC discrimination.

• This suggests large spillovers and implications of VC discrimination.



Next Steps

• Creating alternative message/newsletters to tease out mechanism(s).

• Considering a survey to a randomly select part of the sample that we do
not reach out.

• Launch full study this Summer/Early Fall.



Thank you!


