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Abstract. Competence development in digital technologies, analytics, and artificial intelli-
gence is increasingly important to all types of organizations and their workforce. Universities 
and corporations are investing heavily in developing training programs, at all tenure levels, 
to meet the new skills needs. However, there is a risk that the new set of lucrative opportuni-
ties for employees in these tech-heavy fields will be biased against diverse demographic 
groups like women. Although much research has examined the experiences of women in 
science, technology, engineering, and mathematics (STEM) fields and occupations, less under-
stood is the extent to which gender stereotypes influence recruiters’ perceptions and evalua-
tions of individuals who are deciding whether to apply to STEM training programs. These 
behaviors are typically unobserved because they occur prior to the application interface. We 
address this question by investigating recruiters’ initial outreach decisions to more than 
166,000 prospective students who have expressed interest in applying to a midcareer level 
online tech training program in business analytics. Using data on the recruiters’ communica-
tions, our results indicate that recruiters are less likely to initiate contact with female than 
male prospects and search for additional signals of quality from female prospects before con-
tacting them. We also find evidence that recruiters are more likely to base initial outreach 
activities on prospect gender when they have higher workloads and limited attention. We 
conclude with a discussion of the implications of this research for our understanding of how 
screening and selection decisions prior to the application interface may undermine organiza-
tional efforts to achieve gender equality and diversity as well as the potential for demand-side 
interventions to mitigate these gender disparities.

Open Access Statement: This work is licensed under a Creative Commons Attribution 4.0 International 
License. You are free to copy, distribute, transmit and adapt this work, but you must attribute this work 
as “Organization Science. Copyright © 2023 The Author(s). https://doi.org/10.1287/orsc.22.16499, used 
under a Creative Commons Attribution License: https://creativecommons.org/licenses/by/4.0/.” 

Funding: We gratefully acknowledge Harvard Business School and MIT Sloan School of Management 
for generously funding this work. 

Supplemental Material: The online appendix is available at https://doi.org/10.1287/orsc.22.16499. 

Keywords: online training programs • evaluation and selection • gender inequality • statistical discrimination • STEM

1. Introduction
STEM (science, technology, engineering, and mathemat-
ics) is a traditionally male-dominated domain in which 
women are underrepresented across many fields of 
study (Ceci et al. 2009, Carrell et al. 2010). The underrep-
resentation of women in STEM is particularly problem-
atic given the current shift in demand for data-driven job 
skills that require competence in new technologies, such 
as artificial intelligence (AI), data science, and cybersecu-
rity (Cutter 2019). If women are not to be left behind rela-
tive to men in this latest wave of technological transition, 
positive steps need to be taken to facilitate broader access 
to the acquisition of new tech skills.

For knowledge workers seeking to upskill, an attrac-
tive option is to pursue online tech training programs, 
which are a growing class of continuing education degree 
and certificate programs within STEM offered by univer-
sities to help midcareer professionals address the grow-
ing tech skills gap in the labor force. For instance, in the 
focal program we study, 40% of graduates obtain a salary 
increase and/or promotion by the end of the program, 
whereas 36% report taking on new job responsibilities. 
Six months after graduation, these percentages increase 
to 70% and 42%, respectively.1 The positive improve-
ments in career outcomes are consistent with the view 
that investments in human capital tend to accrue as 
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increases in job status and pay (Becker 1993) and may be 
viewed as critical for getting ahead in the labor market. 
Because of their potential to improve career outcomes 
for midcareer professionals, it is critical to examine the 
ability of online technical training programs to attract 
midcareer men and women to apply.

Entry into online tech training programs is facilitated 
by online program managers (OPMs; Manoff 2019), 
which are for-profit organizations that partner with uni-
versities to design, run, and market their programs in 
an online format acting as labor market intermedia-
ries (LMIs) (Bonet et al. 2013, Rubineau and Fernandez 
2015) to enable “upskilling” of working professionals. In 
contrast to the traditional bilateral relationship between 
universities and students, OPMs create “triadic” relation-
ships (Bidwell and Fernandez-Mateo 2008) that begin 
even before the university and a prospective student or 
“prospect” come to know of each other’s existence and 
continue through to the culmination of degree or certifi-
cate. Given the crucial role played by OPMs in recruiting 
students to university training programs, we focus our 
study on the details of the recruiting process and how the 
gender of prospects may shape recruiters’ initial outreach 
activities prior to the application interface.

There are three reasons why our focus on the initial 
outreach activities of demand-side recruiters to midca-
reer prospects is of interest from a theoretical perspective. 
First, “demand-side” studies tend to examine the screen-
ing and selection decisions of recruiters after candidates 
have applied to skills training programs (Moss-Racusin 
et al. 2012, Reuben et al. 2014, Williams and Ceci 2015). 
This means that we have limited knowledge of how 
recruiters’ decisions of whom to contact, potentially steer 
members of certain demographic groups toward or away 
from applying to online tech training programs. This 
shortfall in our understanding is an important one to 
address, given that recruiters’ choices prior to applying 
can shape the composition of the applicant pool of who 
eventually decides to apply.

Second, the recent boom in online job boards (e.g., 
Monster.com, CareerBuilder.com) and social media sites 
(e.g., LinkedIn) is facilitating ease in demand side– 
initiated contact to a broader range of active and passive 
candidates at an unprecedented level and volume (Bonet 
et al. 2013, Piskorski 2014) but also opening the door to 
the use of heuristics, such as gender stereotypes, to sim-
plify decision making. Although recent work suggests 
that the language of ads can influence the gender compo-
sition of the applicant pool (Gaucher et al. 2011, Mari-
nescu and Wolthoff 2020, Castilla and Rho 2023), there is 
limited research examining how active recruiters use the 
information collected from online platforms to initiate 
contact with potential candidates and the extent to which 
recruiters’ choices may disadvantage women relative to 
men in male-dominated domains. Given that recruitment 

to online training programs is often managed by OPMs, 
whose recruiters are benchmarked against short-term 
incentives that prioritize efficiency (Manoff 2019), it is crit-
ical to understand the extent to which these efficiency- 
based performance metrics may potentially intensify their 
reliance on heuristics to simplify their decision making.

Third, most studies on gender segregation in STEM 
focus on the experiences of students and early-career 
professionals within STEM domains (Correll 2001, 2004; 
Cech et al. 2011; Seron et al. 2016) rather than midcareer 
professionals who have already experienced some suc-
cess in the labor force (Leslie et al. 2017). Counter to beliefs 
that gender bias may be more likely to affect early-career 
women, a recent survey of more than 100 senior executive 
women suggests that the intensity of gender bias may be 
highest at the midcareer stage among women in their 
mid-30 s to late 40 s (Ammerman and Groysberg 2022). 
Therefore, it is critical to closely examine the experiences 
of midcareer professionals, and the types of demand-side 
biases they might face in STEM domains, such as tech.

In this paper, we investigate how demand-side initial 
outreach decisions prior to application shape the realized 
applicant pool into online tech programs. Specifically, we 
focus on understanding whether and how OPM recrui-
ters are gender biased in this process. We study the 
recruitment process for a competitive, executive-level 
STEM-related online training program in business ana-
lytics offered by an elite U.S. university. The program we 
study attracts highly educated and experienced profes-
sionals (e.g., 65% hold an advanced degree and have 
18 years of work experience on average) from a range of 
industries including employees of some of the largest 
and most exclusive companies in the Fortune 500. Stu-
dents in the program learn a variety of skills, such as pro-
gramming, statistical analysis, machine learning, data 
science, digital and artificial intelligence strategy, ope-
rations management, people analytics, leadership and 
change, and data-driven marketing.

For the first time in the literature, we have access to 
the detailed records of a leading OPM’s (OnlineEdCo, a 
pseudonym) recruitment process that contain rarely 
available data on the count and duration of 44 recruiters’ 
initial outbound calls and emails to 166,000 prospects 
over two years from 2017 to 2019. We also have informa-
tion about the prospects’ credentials, which are reported 
on a standard web-based intake form and used by 
recruiters to make their outreach choices. A critical fea-
ture of our context that differentiates it from prior work 
on early demand-side processes is that prospects are ran-
domly assigned to recruiters. This eliminates the possi-
bility that recruiters are selecting prospects who are 
easier to convert based on features that are unobservable 
to us as researchers. It also removes the influence of 
confounds and supports our goal of making causal infer-
ences about how gender affects recruiters’ initial out-
reach decisions (Angrist and Pischke 2008).

Lane, Lakhani, and Fernandez: Recruiter Initial Outreach Bias and Gender 
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Our analysis reveals several important patterns that 
contribute to the literature on demand-side explanations 
for gender differences in recruitment. Consistent with the 
idea that recruiters rely on gender stereotypes, our results 
indicate that recruiters initiate more outbound calls to 
male prospects compared with similarly qualified female 
prospects in this male-dominated STEM domain. Accom-
panying our main finding, we show that the recruiters’ 
gendered outreach dissipates amongst the most highly 
qualified male and female prospects and that recruiters 
are more likely to show gender bias in their outbound call 
volumes when they have higher workloads and have less 
time to allocate to each prospect (Gigerenzer and Gaiss-
maier 2011, Kahneman 2011). Together, these findings 
suggest that the recruiters might be applying statistical 
discrimination in this high-volume environment to sim-
plify their choice set of prospects to initiate contact with.

Our study has implications for our understanding of 
demand-side explanations for gender differences in re-
cruitment. By showing that demand-side gender bias 
can emerge early in the process, even before prospects 
apply, we shed light on the fact that recruiters’ initial 
outreach behaviors can reinforce gender segregation 
in STEM domains by steering women away from ap-
plying and potentially furthering gender inequality 
in male-dominated settings. Moreover, although recent 
work on gender differences in recruitment on online labor 
marketplaces and platforms suggests that conditional on 
applying, female applicants may experience an advantage 
in being hired or funded relative to their male counter-
parts (Chan and Wang 2017, Greenberg and Mollick 2017, 
Bapna and Ganco 2021), our study expands on this litera-
ture by highlighting the importance of examining the 
behaviors of online decision makers prior to the applica-
tion interface. In particular, studies that investigate out-
comes at the application interface may inadvertently miss 
subtle gender biases that arise as recruiters sort through a 
high volume of candidates to decide whom to contact.

2. Online Education Rewired: 
Rise of OPM Partners

Online degree and certificate programs are one of the 
fastest-growing areas of education. Over the last decade, 
many of the most selective institutions in the United 
States have turned to OPM partners to launch a variety of 
online programs, such as MBAs, nursing degrees, and 
MS and PhD degrees, primarily targeted at working pro-
fessionals, ranging from recent graduates to executives 
(Manoff 2019). More recently, the fast pace of technologi-
cal change in the workplace (Deming and Noray 2020) 
has led to an increase in online tech training programs in 
business analytics, data science, and AI for the purposes 
of training midcareer professionals to make data-driven 
managerial decisions, and to improve career mobility 
and advancement (Rainie and Anderson 2017). Our 

study focuses on this segment of midcareer professionals, 
which range from middle managers to senior executives, 
who are looking to upskill in the latest technologies.

OPMs are LMIs that play an important role in helping 
universities scale their online professional programs. LMIs 
are for-profit organizations that possess expertise in areas 
that universities have not traditionally supported, such as 
developing, marketing, delivering online programs, as 
well as recruiting prospects to apply (Hill 2018). In return 
for their upfront investments into the program, OPMs 
tend to take a share of tuition revenue from the program, 
typically between 40% and 80% (Hall and Dudley 2019). 
Some institutions report relying on OPMs for as much as 
50% of their total student enrollment (Vasquez 2022).

In terms of recruiting prospects for online professional 
programs, OPMs offer two important services. First, 
OPMs are information providers that collect and aggre-
gate detailed demographic, educational, and career his-
tory data across prospects (Bonet et al. 2013). This makes 
them like online job boards and social media sites that 
enable individuals to post and enter information about 
themselves related to their job function, location, and 
years of work experience. OPMs use ad-serving algo-
rithms targeted via social media platforms such as 
LinkedIn, Google, Facebook, and Instagram to market 
programs to working professionals, called preprospects. 
Consequently, OPMs have the potential to reach any 
individual with an Internet connection (Lambrecht and 
Tucker 2019) and tend to attract a high volume of 
preprospects to the program (Grushka-Cockayne and 
Lakhani 2020). When preprospects click on an ad, they 
are redirected to the University program’s landing page, 
where they can request more information about the pro-
gram by filling out an intake form which asks for their 
name, contact information, as well as some basic infor-
mation about their background and training (see details 
in Section 3.1). After completing the intake form, a pre-
prospect becomes a prospect and is randomly assigned 
to a recruiter who is responsible for initiating contact via 
phone and encouraging them to apply.

Second, OPMs are matchmakers that mediate between 
the university and the prospect, playing an active role in 
supplying information to both parties and acting as the 
first filter of the candidate pool (King et al. 2005, Bonet 
et al. 2013). Like search firms and placement agencies, 
OPM recruiters use a range of selection criteria to shape 
the applicant pool into online professional programs. 
Often, a single recruiter will manage several hundred pro-
spects in their workflow at a time (Manoff 2019). Because 
the recruiters’ initial outreach activities to prospects occur 
before prospects apply to the program, this makes it an 
appropriate stage in the recruitment process to observe 
how recruiters use prospect gender—which can be in-
ferred from a prospect’s first name on the intake form—to 
initiate contact and potentially steer members of under-
represented demographic groups away from applying.

Lane, Lakhani, and Fernandez: Recruiter Initial Outreach Bias and Gender 
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Despite the parallels between OPMs and traditional 
LMIs, there are at least three key differences that make the 
relationship between OPMs and prospects theoretically 
interesting to study. First, there have been relatively few 
studies that have examined the decisions of online re-
cruiters (Bills et al. 2017), who need to manage an un-
precedentedly high volume of prospects with diverse 
backgrounds, experiences, and motivations. The large 
number of candidates managed by each recruiter creates 
novel decision-making challenges because it is not possi-
ble to initiate contact with every prospect in a recruiter’s 
workflow (Piezunka and Dahlander 2015). Second, unlike 
typical labor market settings, the prospect is unaware of 
the “triadic” relationship, as the recruiter calls on behalf of 
the university’s focal program. This means that the OPM’s 
existence as a separate entity is typically undisclosed to 
prospects (Bannon and Smith 2022). Indeed, the OPM 
recruiters use email addresses with an “.edu” suffix. Our 
interviews with students in the program revealed that 
they were unaware of the OPM’s existence and res-
ponsibilities. Because disclosure of the recruiters’ OPM 
employer is not a requirement, this may reduce the reputa-
tional mechanisms that incentivize recruiters to invest 
heavily in identifying suitable prospects for the program. 
Unlike typical labor market settings, where LMIs might be 
bound by reputational constraints (Bonet et al. 2013), these 
issues may matter less in this less-than-transparent setting. 
This gives OPM recruiters more freedom to rely on short-
cuts and heuristics as they do their work.

Third, unlike search consultants, OPM recruiters are 
banned by law from receiving direct compensation for 
having prospects apply (see details in Section 3.1). Instead, 
the incentive structure is arranged at the institutional level 
in which the OPM and university client operate as part-
ners that share the revenue generated from enrolling 
students into the program. To manage their recruiters’ 
performance, OPMs use internal performance-based met-
rics, which hold recruiters accountable for their outreach 
choices to prospects and incentivize them to make in-
formed yet efficient choices.

2.1. Recruiters and Gendering of Applications
The high volume of prospects that enter a recruiter’s 
workflow likely necessitates the use of heuristics—or 
mental shortcuts that ease the cognitive load of making 
decisions (Gigerenzer and Gaissmaier 2011) on how to 
allocate their attention and time to prospects. These heur-
istics may be based on concrete and visible heuristics 
such as a prospect’s educational background and work 
experience (King et al. 2005), as well as more subtle heur-
istics, such as a prospect’s gender (Fernandez-Mateo and 
King 2011, Botelho and Abraham 2017). In our study con-
text, recruiters are assessed according to two equally 
weighted performance metrics. First, recruiters are mea-
sured according to their weekly outbound call volumes to 
prospects. The second criterion is the number of prospects 

that apply to each cohort of the program. Although ide-
ally, all the contacted prospects would apply, in practice, 
very few (e.g., 0.5%–1.5% in our focal program) end up 
applying. This means that many of the contacts end up 
being wasted. Consequently, OPM recruiters may need to 
ration their time to target prospects who would be most 
likely to complete an application. To the extent OPM 
recruiters hold stereotypical views of who is likely to be 
interested in the program, recruiters are liable to use gen-
der as a signal to choose prospects with a higher likeli-
hood of completing an application.

We draw on the “lack of fit” model (Heilman 1983) to 
theorize how demand-side gender biases may emerge in 
the recruitment of female prospects relative to their male 
counterparts into this male-dominated STEM training 
program. Given the historical underrepresentation of 
women in STEM fields and occupations, particularly in 
managerial or leadership positions that require the use 
of technology, data, and quantitative skills (Eagly and 
Karau 2002, Cech et al. 2011, Seron et al. 2016), recruiters 
may stereotype women as a poor fit for the training pro-
gram. This perceived lack of fit (Heilman 1983, Heilman 
and Eagly 2008, Biernat et al. 2012, Kanze et al. 2020) will 
influence recruiters’ perceptions that the likelihood of 
completing an application for this STEM-related pro-
gram is lower for female than male prospects. To the 
degree that recruiters hold these beliefs, recruiters will be 
less likely to reach out to female than male prospects to 
encourage them to apply—resulting in a gender skew in 
recruiters’ overall call volumes toward more male than 
female prospects. In terms of outbound calls to individuals 
in their work queue, there are two ways this gender skew 
may emerge: first, recruiters may be less likely to contact 
female than male prospects to encourage them to apply— 
meaning that the likelihood of contact is lower for female 
than male prospects; second, recruiters may demonstrate 
lower persistence in their continuing outreach to female 
than male prospects—meaning that the number of times 
(i.e., the intensity of outreach) a recruiter attempts to reach 
a certain female prospect (if they do not immediately 
respond) is lower than for male prospects. Both behaviors 
would result in fewer calls to female than male prospects.

The net effect of the recruiters’ gendered initial out-
reach activities is that they may steer female prospects 
away from applying to the online tech training program. 
Although such demand-side steering has been documen-
ted in several domains (Turner et al. 1991, Pager and 
Western 2005, Fernandez and Mors 2008, Fernandez- 
Mateo and King 2011), with few exceptions (Fernandez- 
Mateo and Fernandez 2016), such behaviors have been 
observed after the candidate applies, and not as we are 
examining in this case, prior to the application decision. 
In this way, initial outreach behaviors can bias the gender 
composition of the realized application pool to online tech 
training programs. Based on these reasons, we hypothe-
size the following.

Lane, Lakhani, and Fernandez: Recruiter Initial Outreach Bias and Gender 
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Hypothesis 1. Gendered Outreach: Recruiters initiate less 
outreach to female prospects compared with similarly quali-
fied male prospects in male-dominated online tech training 
programs.

It is possible that a cognitive load and attention path-
way may activate the recruiters’ gender bias in the male- 
dominated online tech training program. Evaluators are 
prone to use gender-stereotypical information when they 
have a higher cognitive load, and less attention to allocate 
to each potential candidate (Botelho and Abraham 2017). 
A cognitive load and attention pathway may be particu-
larly relevant in the recruitment process into online tech 
training programs. As we noted above, by their adver-
tising practices, OPMs tend to attract a high volume of 
preprospects to consider applying to the program. How-
ever, a heavy volume has important consequences for the 
gendered nature of recruiters’ outreach. Because of a 
need to manage and reduce the number of prospects in 
their queue, a higher workload reduces the amount of 
time a recruiter has available to allocate to each prospect 
even further. In terms of call volumes, recruiters may 
contact a lower proportion of prospects in their queue 
and make fewer calls per prospect. This can translate into 
a lower likelihood of contacting each prospect and lower 
intensity of contact with any given prospect.

Because recruiters are incentivized by call volumes 
and conversion targets on the number of students that 
apply, there are real pressures for recruiters to be efficient 
with their time. During higher workload periods, recrui-
ters may be more likely to reach out to prospects who 
they stereotypically believe are easier to convert into 
applicants. By contrast, during less busy intervals, recrui-
ters might have more time to dedicate to each prospect, 
allowing them to call more prospects and make more 
calls to each prospect to encourage them to apply. To the 
extent that the program may be a harder sell to female 
prospects than their male counterparts, then lower work-
loads may offer recruiters more time to dedicate to each 
prospect, thereby reducing their reliance on gender stereo-
types to inform their outreach patterns.

Under lower workload periods, the additional time may 
also allow recruiters to search for individuating information 
(e.g., LinkedIn profiles and other social media platforms) 
before initiating contact, which they would be unable to do 
when they have higher workloads. When such individuat-
ing information is available, decision-makers are less likely 
to rely on noisy signals of quality, such as a prospect’s gen-
der. These status-based cues are readily accessible, but they 
are less pertinent to people’s expected performance in a 
domain (i.e., likelihood of applying to an online tech train-
ing program) than more specific information, such as indi-
vidual’s prior training, occupation, and job roles that would 
be stronger indicators of their fit and potential interest in 
online tech training programs (Podolny 1993, Kovács and 

Sharkey 2014, Botelho and Abraham 2017). Following this 
logic, during periods of higher workloads, recruiters would 
have less time to search for individuating information about 
prospects than they might have when they have lower 
workloads and greater attention to allocate to each prospect 
(Botelho and Abraham 2017, Criscuolo et al. 2017). This sug-
gests that in the male-dominated domain of online tech 
training programs, recruiters will be more likely to rely on 
stereotypes and bias their initial outreach activities toward 
male compared with female prospects when they have 
high workloads. This suggests the following hypothesis.

Hypothesis 2. Cognitive Load: Recruiters’ gender differ-
ence in initial outreach to fewer female than male prospects 
in male-dominated online tech training programs is greater 
under conditions of high workload than low workload.

Prior research on gender stereotypes in male-dominated 
domains, such as STEM, suggests that women’s qualifica-
tions are discounted and their competence to perform a job 
or role is questioned compared with similarly qualified 
men (Biernat and Kobrynowicz 1997, Goldin and Rouse 
2000, Kanze et al. 2018, Sarsons et al. 2021, Campbell and 
Hahl 2022). Consequently, another way in which recruiters 
may enact gender stereotypes in male-dominated domains 
is by requiring that female prospects show additional qua-
lifications or credentials compared with their male counter-
parts. Recruiters may hold female prospects to double 
standards—or to stricter evaluative criteria than male 
prospects—as a way of compensating for their presumed 
poorer performance (Foschi 1996, 2000; Botelho and Abra-
ham 2017). If recruiters devalue female prospects’ creden-
tials and abilities relative to their male counterparts, then 
women may need to outperform otherwise similar men to 
receive comparable evaluations and accolades. Because 
STEM is a male-dominated domain (Cech et al. 2011), 
recruiters may search for additional signals of quality 
when considering women prospects (Card et al. 2020, 
Campbell and Hahl 2022) before deciding to initiate contact 
with female prospects, but not impose a similar search 
strategy for male prospects (Foschi et al. 1994, Foschi 1996, 
Correll et al. 2007). For instance, recruiters may look for 
additional years of work experience from female prospects 
as a signal of quality to overcome their lack of fit with a 
STEM training program, but not have such expectations 
from male prospects (Botelho and Abraham 2017, Quadlin 
2018, Kanze et al. 2020, Sarsons et al. 2021). If recruiters are 
searching for signals of quality from female prospects, then 
we would expect the gender difference in outreach beha-
viors to be smaller among male and female prospects with 
the highest credentials or qualifications. In contrast, the 
gender difference in recruiters’ initial outreach activities 
will be larger among prospects with the lowest levels 
of credentials and qualifications—initiating more contact 
with less qualified male prospects than female prospects.
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Hypothesis 3. Qualifications: Recruiters’ gender differ-
ence in initial outreach to fewer female than male prospects 
in male-dominated online tech training programs is smaller 
among prospects with the highest credentials.

3. Research Setting
We investigate how recruiters engage in outbound contact 
with prospects who have completed an online intake form 
and expressed interest in applying to a 9- to 24-month 
online tech training program in business analytics from 
2017 to 2019 (tuition for comparable programs ranges 
between $35,000 and $70,000). The program we study is 
designed for business leaders, including MBA graduates 
who are seeking to learn new ways to analyze, interpret, 
and take advantage of increasingly complex data across 
industries. The courses help students develop core skills 
in analytics, software design, architecture, and data sci-
ence and their application to a variety of business settings 
including strategy, marketing, operations, and leadership. 
The program’s participant population had an average of 
18 years of work experience and an average age of 42, 66% 
had advanced degrees, 58% were at the director level or 
above in their organizations, and the population repre-
sents a diverse range of industries. The end-of-program 
survey data (see Endnote 1) and interviews with former 
students offer evidence of the positive career returns on 
job status, pay, and responsibilities to program graduates. 
For example, according to one female graduate of the pro-
gram, “As a former university professor for 15 years, the 
[online tech training] program provided me with the 
knowledge, skills, and tools … that enabled me to make a 
career pivot from academia to business that doubled my 
salary and more than returned my [program tuition] 
investment while I was a student in the program.”

The program is male dominated, with women represent-
ing roughly 37% of the incoming prospect pool (Figure 1). 

To market and recruit the program, the university has 
partnered with a leading OPM that manages the marketing 
of the program on social media to recruit prospects and 
encourage them to apply. OnlineEdCo employs program- 
dedicated recruiters, who evaluate and consult with pro-
spects as they move through the recruitment process from 
the preapplication stage until they complete an applica-
tion. The university’s own admissions team then decides 
whether to accept or reject program applicants. It is impor-
tant to emphasize that the recruiters are paid a salary and 
are incentivized to meet weekly outbound communication 
targets and longer-term conversion targets of prospects into 
applicants, but as noted previously, they are prohibited by a 
U.S. Department of Education law from receiving commis-
sions for converting prospects into enrolled students.

3.1. Key Stages in the Admissions Process
Figure 1 illustrates the recruitment process for the busi-
ness analytics online training program, the conditional 
probabilities of advancing between stages for all pro-
spects, male, and female prospects, as well as the female 
representation at each stage.

Recruiters oversee three major stages of the recruit-
ment process. The first stage is the Preapplication stage, 
which is the sole focus of this study and corresponds to 
the pool of prospects who have filled out the intake form 
and requested more information about the program— 
but have not started an application. This is an appropriate 
stage to examine the recruiters’ initial outreach activities 
because it exists prior to any contact has occurred bet-
ween recruiters and prospects and before the prospects 
start an application. At the preapplication stage, recrui-
ters’ initial outreach decisions to prospects are based on 
information collected on the prospect intake form. This 
form contains the prospect’s name and contact informa-
tion, as well as basic credentials, such as their years of 

Figure 1. (Color online) Flow of Prospects Through the Recruitment Process for the Online Tech Training Program in Business 
Analytics 
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work experience and academic achievement. At this 
stage, recruiters play an essential evaluative role in decid-
ing which prospects to contact to sell the value of the 
program.

Importantly in our context, recruiters are randomly 
assigned prospects at the preapplication stage. Recruiters 
then decide which individuals to contact from among 
these randomly assigned prospects. The goal of the initial 
phone call is to explain the value of the program and 
answer any questions the prospect might have about the 
program. However, this interaction is unscripted, and a 
recruiter has discretion in deciding how to engage with 
prospects.

The second stage is the Started application stage, which 
corresponds to all prospects who have begun filling out 
an application for the program. The third and final stage 
managed by the recruiter is the Completed application 
stage, which includes all prospects who have completed 
an application and thus have formally applied to the pro-
gram. For these latter stages—that is, at the started and 
completed application stages—the recruiter transitions 
to a consultative role, offering support and assistance 
as prospects make progress toward completing an ap-
plication. Complete applications include personal and 
academic background, professional experience, essays, 
transcripts, and letters of recommendation. It is only after 
an application is completed that the recruiter passes over 
responsibility to the university’s admissions team to 
screen the applications and decide whether to admit an 
applicant into its program. Admitted applicants then 
decide whether to enroll in the program.

It is important to note that U.S. federal law passed in 
2010 (and as enforced by the U.S. Department of Educa-
tion) prohibits incentive-based compensation, such as 
bonuses, commissions, or other rewards based on success 
in securing student enrollment to recruiters in higher 
education.2 Nevertheless, recruiters are indirectly incen-
tivized as they are assessed by OnlineEdCo’s internal 
performance-based metrics based on weekly outbound 
call volumes and conversion targets on the number of 
students that apply to each cohort of the program. Hence, 
recruiters are under pressure to be efficient and produc-
tive in how they allocate their time in reaching out to pro-
spects, likely prioritizing prospects who based on their 
credentials and career goals have the highest potential to 
apply to the program.

Our analysis focuses only on the preapplication stage 
that reflects the incoming supply of prospects who have 
clicked on a social media ad (on LinkedIn, Facebook, 
Instagram, etc.), and filled out the intake form to request 
more information about the program from a recruiter. 
About 95% of prospects learn about the program through 
social media. Online Figure A1 shows a screenshot from 
the landing page of the program, which includes an intake 
form that requests the name, highest level of education, 
undergraduate GPA, work experience, undergraduate 

major, and contact details of everyone who arrives on the 
program’s landing page. Once a prospect enters a recrui-
ter’s workflow, a recruiter needs to decide whether to initi-
ate outreach with him or her, typically with a phone call 
or an email. During these interactions, the recruiter seeks 
to sell the value of the program to the prospect. As noted 
previously, although these phone calls are unscripted, 
they can range from under a minute to over an hour.

Three important features of the preapplication stage 
allow us to examine recruiters’ initial outreach decisions to 
prospects. First, as noted previously, prospects are ran-
domly assigned to recruiters through OnlineEdCo’s work-
flow scheduler. This means that recruiters cannot choose 
the prospects to which they are assigned and that both 
observed and unobserved characteristics of the prospects 
and recruiters are randomized across recruiter-prospect 
matches. This bolsters our confidence that in this setting 
gender differences in recruiter treatment are causal and are 
not due to confounds, whether observed or unobserved.

Second, the preapplication stage is the first point of 
possible contact between prospects and recruiters, mak-
ing it an appropriate stage to examine how recruiters 
choose to initiate contact with prospects prior to apply-
ing. Through our interviews with OnlineEdCo managers, 
we also verified that this is the first point in the recruit-
ment process where gender can be reliably inferred 
through the first name on the intake form.

Third, OnlineEdCo trains recruiters to prioritize their 
outreach to prospects using a tiered system that ranks 
prospects according to their undergraduate GPA and 
years of work experience; both credentials are collected 
via the prospect intake form. This prioritization system is 
intended to simplify decision making and provides a 
standardized approach for initiating contact with pro-
spects, particularly in a high-volume environment where 
each recruiter manages an average of several hundred 
prospects in their workflow at a time. It is important to 
note that gender is not one of the criteria used in the tier-
ing system, which enables us to examine how gender 
and qualifications frame the recruiters’ initial outreach 
decisions.

Figure 1 illustrates that the recruitment process begins 
at the preapplication stage, where one of 44 recruiters is 
randomly assigned to each prospect. After the preappli-
cation stage, prospects enter the started application stage, 
which means that a prospect has clicked on the applica-
tion and has begun filling it out.3 There is a sharp fall off 
from the preapplication stage, as only 11.5% of prospects 
(11.9% male, 10.8% female) end up starting applications. 
Figure 1 shows that only 5.5% (5.8% male, 4.9% female) 
of the started applications make it to the completed appli-
cation stage. Once an application is completed, the pro-
spect’s application materials are sent to the university’s 
admissions team, which decides whether to admit an 
applicant into the program. Lastly, once admitted, the 
registered stage refers to whether a prospect decides to 
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enroll in the incoming cohort, defer or decline admission. 
We have blinded information on admission and registra-
tion rates for confidentiality reasons.

Figure 1 also shows how the gender composition changes 
across the stages of the recruitment process. We see that 
the gender composition of the incoming prospect pool 
at the preapplication stage is 37.0% female and that the 
gender composition becomes even more male-skewed 
over the next three application stages, dropping to 
31.1% female at the completed application stage.

Our analysis that follows makes two important as-
sumptions. First, although we are not able to directly 
observe whether the recruiters might use other metrics to 
guide their decision making, we assume that recruiters 
are aware of the prioritization system and that it can 
inform their initial outreach decisions to prospects. Speci-
fically, our hypotheses are guided by the idea that recrui-
ters use the number of weekly outbound calls and the 
number of prospects converted into program applicants 
per cohort as their primary performance metrics to in-
form their initial outreach to prospects. We validated 
these metrics by examining job postings and LinkedIn 
profiles of actual recruiters at OnlineEdCo. In both the 
job descriptions and the recruiters’ own LinkedIn pro-
files, we found descriptions of outbound call volumes 
and conversion rates into program applicants as two 
key metrics used to assess the recruiters’ performance. 
Second, we cannot directly observe whether recruiters 
search for individuating information during lower work-
load periods to further inform their decision making. 
Although other factors might also be at play, our analyses 
can only rule out whether there is an empirical pattern 
consistent with this mechanism, that is, that there is less 
evidence of gender bias observed during slack times.

4. Sources of Data and Variables
4.1. Recruitment Flow Data
Our data include 198,522 U.S. prospects and 44 recruiters 
that were randomly assigned to each prospect at the pre-
application stage over the 26-month period between 
October 2017 to November 2019. For legal reasons, our 
access was limited to U.S. prospects (U.S. citizens resid-
ing in the United States). For each prospect, we have their 
first name, undergraduate major (collected on the form 
as “business, nonbusiness, not known”), undergraduate 
GPA range (collected as “2.49 and below, 2.99–2.50, 
3.49–3.00, 3.50 and above”), years of work experience 
(“<5 years, 5–10 years, >10 years”), and whether they 
have served in the military. In addition, we have data on 
the month (and year) that the prospect requested more 
information about the program, the lead source (e.g., Lin-
kedIn, Instagram, Facebook, Google search) that an indi-
vidual clicked on to land on the program website, and 
the landing page version (e.g., desktop or mobile version, 

organic search versus paid search)4 that appeared when 
the prospect first entered the program’s website.

The gender of the prospects and recruiters are inferred 
from their first names using the “gender” package in the 
statistical software “R” (Blevins and Mullen 2015), which 
returned the predicted gender (i.e., male or female), 
proportion female, and proportion male based on the 
U.S. Social Security Administration baby name data for 
186,218 (93.8%) of the 198,522 prospects. We used a 
threshold of 0.65 to infer the final sample of 184,383 male 
and female prospects, of which 166,375 did not convert 
without a call (see Endnote 3) and were at risk for being 
contacted by a recruiter. We also imputed the gender of 
the recruiters using the same approach, which returned 
the gender for 42 of the 44 recruiters, after applying the 
0.65 thresholds. Our results are robust to using a continu-
ous gender variable and different thresholds for inclusion 
in our sample of prospects.5 Our final data sample for 
regression analyses is based on the 166,375 prospects for 
whom we have complete gender information and demo-
graphic information and were at risk for being contacted 
by a recruiter.

4.2. Dependent Variables
We measure the dependent variables using detailed com-
munications data on the outbound phone communications 
between each recruiter-prospect pair at the preapplication 
stage. This information is automatically recorded in Onli-
neEdCo’s database. Therefore, the communications data in 
this setting is not subject to differences in self-reporting 
among recruiters or prospects.

Our two main dependent variables capture both the 
likelihood and intensity of recruiter outreach, as both 
measures have the potential to contribute to gendered 
outbound call volumes. The first main dependent vari-
able, Probability of an Outbound Call, is a likelihood mea-
sure that refers to the probability that a recruiter makes a 
call attempt to a prospect (equal to one if there is at least 
one instance of an outbound call and zero otherwise). 
The second dependent variable, No. of Outbound Calls, is 
an intensity measure that refers to the number or count 
of call attempts from the recruiter to the prospect (i.e., 
the number of times the recruiter called a prospect, re-
gardless of whether the prospect responded to the call 
attempt). Although not formally hypothesized, we com-
plement the count of outbound call attempts that resulted 
in a meaningful conversation with a prospect of at least 
one minute in duration using the count variable, No. of 
Meaningful Outbound Calls.

Table 1 presents the summary statistics for the commu-
nication data at the preapplication stage, showing both 
the probability and counts of communication prior to an 
application. In Table 2, we present summary statistics on 
the number of preapplication calls between recruiters 
and prospects split by whether a prospect started an 
application and completed an application (conditional on 
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starting an application). In terms of the likelihood of 
receiving a call, prospects who started an application 
were significantly more likely to receive a call than those 
that did not, but we do not find a meaningful effect size 
of being contacted at the preapplication stage on com-
pleted applications. With respect to outbound call inten-
sity, prospects who started and completed an application 
received significantly more outbound calls and outbound 
meaningful calls at the preapplication stage, respectively. 
Notably, at the completed application stage, prospects 
who completed an application had a mean of 2.18 out-
bound calls and 0.95 meaningful outbound calls com-
pared with 1.69 outbound calls and 0.34 meaningful 
outbound calls for those who did not complete their 
applications. Overall, the summary statistics indicate that 
prospects who received more outbound calls at the pre-
application stage were more likely to start an application 
and convert into program applicants.

4.3. Independent Variables
Our main independent variable is Female prospect, which 
is a dummy variable corresponding to whether a pros-
pect is female. We also construct a categorical variable, 
Priority tier, to reflect the prospect’s priority in the tiered 
qualification system as implemented by OnlineEdCo. 
Specifically, OnlineEdCo prioritizes initial outreach to 
prospects based on their academic achievement or under-
graduate GPA range (low:< 3.00, medium: 3.00–3.50 and 
high: >3.50) and years of work experience (low: <5 years; 

medium: 5–10 years; high: >10 years). The variable takes 
three values: top tier (high undergraduate GPA range 
and high years of work experience); middle tier (having 
either a high undergraduate range or high years of 
work experience but not both); bottom tier (having either 
low or medium undergraduate GPA range and work 
experience).

In addition, we control for all prospect characteristics 
that appear on the prospect intake form (i.e., military 
affiliation, undergraduate major type), as well as the lead 
source (i.e., social media source) the prospect clicked on 
and the landing page version that the prospect was rou-
ted to. We include these characteristics as controls since 
this information is available to the recruiters at the point 
of initial outreach to prospects and may inform their out-
reach decisions. Moreover, we incorporate year-month 
dummies to account for seasonality trends. As discussed 
in Endnote 3, we excluded cases where the prospects 
converted without a call immediately after filling out the 
prospect intake form because these prospects were not 
at risk for being contacted at the preapplication stage. 
Table A2 shows the summary statistics from the random-
ization of prospects by recruiter gender, and indicates 
that other than military affiliation, the randomization 
achieved balance on the prospect-level covariates avail-
able on the prospect intake form.

Table A3 presents summary statistics for the prospect 
level characteristics and qualifications by prospect gender 
at the preapplication stage. All the reported information 

Table 1. Summary Statistics on Recruiters’ Outbound Communication at the Preapplication Stage

Variable
All prospects 
(N � 166,375)

Male prospects 
(N � 104,312)

Female prospects 
(N � 62,063)

Difference 
(t test) Cohen’s d

Prob. of outbound call 0.857 0.859 0.852 0.007*** 0.02
No. of outbound calls 1.622 1.636 1.602 0.034*** 0.03
No. of outbound 

meaningful calls
0.253 0.273 0.218 0.055*** 0.10

Note. Summary statistics (means) exclude prospects that converted without a call; t tests are two-tailed.
***p < 0.01; **p < 0.05; *p < 0.1.

Table 2. Summary Statistics on Likelihood of Starting and Completing an Application by Recruiters’ Outbound 
Communication at the Preapplication Stage

Variable
Started vs. did not start an application 

(N � 166,375)
Completed vs. did not complete an 

application (N � 3,347)

Prob. of outbound call Started: 0.955 (0.207) 
Did not start: 0.854 (0.354) 
Difference � 0.101***; d � 0.29

Completed: 0.943 (0.231) 
Did not complete: 0.958 (0.202) 
Difference � 0.019**; d � 0.097

No. of outbound calls Started: 1.781 (1.320) 
Did not start: 1.620 (1.255) 
Difference � 0.161***; d � 0.13

Completed: 2.182 (1.692) 
Did not complete: 1.691 (1.204) 
Difference � 0.491***; d � 0.37

No. of meaningful outbound calls Started: 0.454 (0.814) 
Did not start: 0.249 (0.543) 
Difference � 0.205***; d � 0.37

Completed: 0.949 (1.086) 
Did not complete: 0.343 (0.693) 
Difference � 0.606***; d � 0.74

Notes. The summary statistics at the completed application stage exclude any prospects that did not start an application. We use two-tailed t 
tests and report Cohen’s d effect sizes.

***p < 0.01; **p < 0.05; *p < 0.1.
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in Table A3 (except for the priority tier) is collected on the 
prospect intake form. Consistent with the summary statis-
tics reported in Tables A2 and A3, we observe no differ-
ence in the likelihood of being assigned a female recruiter 
by prospect gender (χ2(1)� 0.106, not significant). We 
observe that male prospects are more likely to be affiliated 
with the military than female prospects (χ2(1)� 1,900, 
p< 0.01). Examining undergraduate major type, we ob-
serve that 50.23% of male prospects are business majors 
compared with 46.34% of female prospects (χ2(2)�
238.273, p< 0.01).

Turning to undergraduate GPA and years of work 
experience, which are the two criteria OnlineEdCo com-
bines to determine a prospect’s priority tier, the χ2 tests 
of distributions by prospect gender show that female pro-
spects have higher undergraduate GPAs but slightly 
fewer years of work experience than male prospects. In 
terms of academic achievement, 38.21% of male pro-
spects have undergraduate GPAs of 3.50 and above com-
pared with 50.58% of female prospects (χ2(2)� 2,900, 
p< 0.01). In terms of work experience, 84.18% of male 
prospects and 82.27% of female prospects have more 
than 10 years of work experience (χ2(2)� 120.793, p<
0.01). Finally, in terms of the priority tiers, female pro-
spects have better credentials overall, with 41.68% of 
female prospects in the top tier category compared with 
32.10% of male prospects (χ2(2)� 1,600, p< 0.01). Table 
A4 shows the correlations between the main variables at 
the preapplication stage.

4.4. Estimation Strategy
We use linear probability models (LPMs) for all regres-
sions involving the recruiters’ likelihood of outreach (see 
Brands and Fernandez-Mateo (2017) for a similar ap-
proach) and Poisson models for all regressions involving 
the recruiters’ outbound call counts due to the discrete 
nature and nonnegative integer values of the data (Cam-
eron and Trivedi 1986). In all regressions, we include 
prospect-level controls available on the intake form, lead 
source, and landing page version controls, and use year- 
month fixed effects.

To examine how recruiter workload affects outreach 
behaviors, we use the continuous variable, log(monthly 
workload), which is the logarithm of the number of 
prospects randomly assigned to a recruiter per month 
(see Online Figure A2 for distribution of log(monthly 
workload)). On average, a recruiter is assigned a mean 
number of 499.28 prospects per month (standard devia-
tion (SD)� 216.46).

As noted previously, recruiters are randomly assigned 
to prospects at the preapplication stage. This means that 
within the limits of random error, the coefficient esti-
mates are not biased by observable or unobservable fac-
tors arising from features of the prospect, recruiter, or 
prospect-recruiter pair. We adjust for heteroskedasticity 
with robust standard errors. In the online appendix, we 

include recruiter fixed effects to our main regression 
tables to mitigate concerns regarding unobservable dif-
ferences between recruiters, such as their gender, effec-
tiveness, or tenure. The results are robust to recruiter 
fixed effects, which means that the gender biases we re-
port are occurring within recruiter (Tables A5–A8).

5. Results
5.1. Recruiter Gender Bias and Initial Outbound 

Communication Decisions
Hypothesis 1 theorized that recruiters initiate less con-
tact with female prospects than similarly qualified male 
prospects at the initial preapplication stage of the recruit-
ment process, that is, when prospects first enter recrui-
ters’ workflow. To test Hypothesis 1, we examine the 
recruiters’ outbound communication at the preapplica-
tion stage. As noted, this is the critical point of initial com-
munication between recruiters and prospects, occurring 
after a prospect learns about the program and enters a 
recruiter’s work queue, but before he or she starts an 
application.

As described in Section 4.2, we model both the recrui-
ters’ likelihood and intensity of initial outreach to pro-
spects at the preapplication stage. In Table 3, we present 
the LPM results for the likelihood of initial outreach, 
modeled as the probability of an outbound call (Model 
1). Table 4 presents the Poisson regression results for the 
intensity of initial outreach, modeled as the number of 
outbound calls (Model 1), and the number of outbound 
meaningful calls (≥1 minute; Model 2) at the preapplica-
tion stage on prospect gender. All models in Tables 3 and 
4 include the priority tier, and all prospect-level controls 
available on the intake form, lead source, and landing 

Table 3. Linear Probability Models of Recruiter Outreach 
Likelihood at Preapplication Stage on Prospect Gender and 
Priority Tier

Variables
Model 1 

P(call out)
Model 2 

P(call out)

Female prospect �0.00833*** �0.0254***
(0.00176) (0.00745)

Middle tier 0.192*** 0.188***
(0.00375) (0.00458)

Top tier 0.234*** 0.224***
(0.00378) (0.00466)

Female prospect × Middle tier 0.0128
(0.00783)

Female prospect × Top tier 0.0274***
(0.00784)

Constant 0.800*** 0.807***
(0.0229) (0.023)

Observations 166,375 166,375
R2 0.082 0.082

Notes. All models include the following controls: military affiliation, 
undergraduate major type, lead source, landing page version, and 
year-month dummies. Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1.
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page version, and use year-month fixed effects to adjust 
for program-level seasonality trends.

First, turning to the likelihood of initiating outreach, 
we observe in Table 3, Model 1, that recruiters are 0.8 per-
centage points (pp) less likely to initiate a call with a 
female than male prospect (Model 1: �0.00833, p< 0.01). 
Second, we turn to Table 4 to examine the intensity of the 
recruiters’ initial outreach to male and female prospects. 
Examining the coefficients for Priority tier in Models 1 
and 2, we observe that consistent with OnlineEdCo’s 
stated practices, recruiters are more likely to initiate out-
bound calls with prospects who have higher credentials 
based on their work experience and GPAs (which are the 
two criteria OnlineEdCo uses to determine a prospect’s 
priority tier).6 Turning to Model 1, we observe that 
recruiters have 1.6% fewer calls with female than male 
prospects (Model 1: �0.0160, p< 0.01) and have 18% 
fewer meaningful conversations of over one minute with 
female prospects compared with male prospects (Model 
2: �0.202, p< 0.01).7 Comparing the ratio of outbound 
calls to outbound meaningful calls, we find that recruiters 
need to make on average, one more outbound call to 
have a meaningful conversation with a female relative to 
a male prospect.8 This pattern suggests that recruiters are 
less successful in reaching female prospects relative to 
their male counterparts. However, because meaningful 
calls are shaped by supply- and demand-side factors, the 
shorter conversations between recruiters and female pro-
spects can be driven by explanations on both sides, such 
as recruiters making less effort or women being less inter-
ested. Moreover, we observe in Tables A5 and A6 that 
the gender biases against reaching out to women relative 
to men are occurring within recruiter, and that gendering 
of outbound calls are consistent for both male and female 
recruiters (Tables A10 and A11).

These results indicate that recruiters make fewer calls 
to female prospects compared with similarly qualified 

men (in terms of both their intensity and likelihood of 
their outreach). Thus, our results support Hypothesis 1.

5.2. Recruiter Initial Outbound Communication 
and Cognitive Load

Hypothesis 2 theorized that the recruiters’ gendered ini-
tial outreach behaviors at the preapplication stage would 
be more likely to occur when they have higher cognitive 
loads and hence less time to dedicate to each prospect. 
Recruiters are more likely to have higher cognitive loads 
during busier months in which they are assigned a high 
volume of prospects at the preapplication stage and have 
higher workloads.

In Tables 5 and 6, we examine how a recruiter’s work-
load affects their reliance on gender stereotypes when 

Table 4. Poisson Regression Models of Recruiter Outreach Intensity at Preapplication Stage on Prospect Gender and 
Priority Tier

Variables
Model 1 

No. of calls out
Model 2 

No. of calls out ≥ 1 min
Model 3 

No. of calls out
Model 4 

No. of calls out ≥ 1 min

Female prospect �0.0160*** �0.202*** �0.0587*** �0.239***
(0.00375) (0.0116) (0.0167) (0.0443)

Middle tier 0.334*** 0.328*** 0.321*** 0.319***
(0.00829) (0.0215) (0.0102) (0.0256)

Top tier 0.417*** 0.419*** 0.398*** 0.403***
(0.00841) (0.0222) (0.0104) (0.0266)

Female × Middle tier 0.0399** 0.0302
(0.0174) (0.0470)

Female × Top tier 0.0532*** 0.0502
(0.0176) (0.0477)

Observations 166,375 166,375 166,375 166,375

Notes. All models include the following controls: military affiliation, undergraduate major type, lead source, landing page version, and year- 
month dummies. Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1.

Table 5. Linear Probability Models of Recruiter Outreach 
Likelihood at Preapplication Stage on Prospect Gender by 
Workload

Variable
Model 1 

P(call out)
Model 2 

P(call out)

Female prospect �0.00821*** �0.00708
(0.00176) (0.0153)

Log(monthly workload) �0.0200*** �0.0200***
(0.00147) (0.00173)

Female × log(monthly workload) �0.000187
(0.00253)

Middle tier 0.192*** 0.192***
(0.00374) (0.00374)

Top tier 0.234*** 0.234***
(0.00378) (0.00378)

Constant 0.924*** 0.924***
(0.025) (0.0252)

Observations 166,375 166,375
R2 0.083 0.083

Notes. All models include the following controls: military affiliation, 
undergraduate major type, lead source, landing page version, and 
year-month dummies. Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1.
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deciding how to allocate their outbound communication 
to prospects at the preapplication stage. Beginning with 
the likelihood of outreach, in Table 5, Models 1 and 2, we 
add the continuous variable, log(monthly workload) to 
Model 1 in Table 3, followed by the interaction term 
between Female prospect × log(monthly workload) in Model 
2. Turning to the intensity of outreach, in Table 6, Models 
1 and 2, we add the continuous variable, log(monthly 
workload) to Models 1 and 2 in Table 4, followed by the 
interaction term between Female prospect× log(monthly 
workload) in Models 3 and 4.

First, examining the likelihood of initial outreach in 
Table 5, where the dependent variable is the probability 
of an outbound call (Models 1 and 2), we observe that the 
coefficient for log(monthly workload) is negative and signif-
icant (Model 1: �0.0200, p< 0.01), but the interaction 
term between Female× log(monthly workload) is not signifi-
cant (Model 2: �0.000187). Second, examining the inten-
sity of initial outreach in Table 6, where the dependent 
variable is the number of outbound calls (Models 1 and 
3) and the number of outbound meaningful calls (Models 
2 and 4), we observe in Models 1 and 2 that the coeffi-
cient for log(monthly workload) is negative and signifi-
cant for both the number of outbound calls (Model 1: 
�0.0882, p< 0.01) and outbound meaningful calls (Model 
2: �0.0917, p< 0.01). These coefficients suggest that the 
recruiters make fewer outbound calls (�8.4%) and have 
fewer meaningful conversations (�8.7%) when they have 
higher workloads. This pattern is consistent with the 
notion that recruiters have less time to allocate to each 
prospect during busier months. Turning to the interaction 
term between Female prospect× log(monthly workload) in 
Models 3 and 4, we observe that the coefficient is negative 
and marginally significant for the number of outbound 
call attempts (Model 3: �0.0125, p< 0.10). The coefficient 
in Model 3 can be interpreted as follows: Female pro-
spects receive 1.2% fewer calls relative to male prospects 

for each unit increase in log(workload). The interaction 
term is also directionally negative for meaningful calls 
(Model 4: �0.0269, not significant). In Tables A7 and A8, 
we show that the reported results in Tables 5 and 6 are 
robust to recruiter fixed effects, which indicates that the 
estimated relationships are occurring within recruiter.

Hence, we find partial support for the cognitive load in 
Hypothesis 2: Recruiters are more likely to use gender 
stereotypes to inform the intensity of their outbound 
call volumes to prospects when they have higher work-
loads and fewer attentional resources to dedicate to each 
prospect.

5.3. Recruiter Initial Outbound Communication 
and Qualifications

Last, Hypothesis 3 theorized that within the male- 
dominated STEM domain of online tech training pro-
grams, recruiters are more likely to search for additional 
signals of quality from female than male prospects to 
overcome their gendered double standards. The net con-
sequence of these behaviors is that the gender bias in out-
reach against female prospects will be smaller among 
more qualified female and male prospects compared 
with less qualified female and male prospects.

As noted, OnlineEdCo uses a tiering system to priori-
tize outreach based on a prospect’s undergraduate GPA 
and years of work experience. To test for gendered dou-
ble standards in terms of likelihood of making a call and 
intensity of calls, we add the interaction term between 
Female prospect × Priority tier in Table 3 (Model 2) and 
Table 4 (Models 3 and 4), respectively. If recruiters use 
double standards when initiating outreach with pro-
spects, then the gender difference in outbound communi-
cation would be smaller (larger) among female prospects 
who are more (less) skilled or competent and are as-
signed to a higher (lower) priority tier. First, examining 
the recruiters’ likelihood of initial outreach in Table 3, 

Table 6. Poisson Regression Models of Recruiter Outreach Intensity at Preapplication Stage on Prospect Gender by 
Workload

Variables
Model 1 

No. of calls out
Model 2 

No. of calls out ≥ 1 min
Model 3 

No. of calls out
Model 4 

No. of calls out ≥ 1 min

Female prospect �0.0155*** �0.202*** 0.0596 �0.0402
(0.00374) (0.0116) (0.0433) (0.121)

Log(monthly workload) �0.0882*** �0.0917*** �0.0839*** �0.0833***
(0.00430) (0.0118) (0.00456) (0.0125)

Female × log(monthly workload) �0.0125* �0.0269
(0.00708) (0.0200)

Middle tier 0.333*** 0.327*** 0.333*** 0.326***
(0.00827) (0.0215) (0.00827) (0.0215)

Top tier 0.416*** 0.418*** 0.416*** 0.418***
(0.00840) (0.0222) (0.00840) (0.0222)

Observations 166,375 166,375 166,375 166,375

Notes. All models include the following controls: military affiliation, undergraduate major type, lead source, landing page version, and year- 
month dummies. Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1.
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which we model as the probability of an outbound call, 
Model 2 shows that the interaction term between Fema-
le×Middle tier is directionally positive (Model 2: 0.0128, 
not significant) and is positive and significant for Fema-
le×Top tier (Model 2: 0.0274, p< 0.01). That is, compared 
with bottom tier female prospects, those in the top tier of 
the qualifications distribution are 2.7 pp more likely to 
receive an outbound call. Second, we examine the inten-
sity of the recruiters’ outreach in Table 4, where the 
dependent variable is the number of outbound call 
attempts. Consistent with their stated procedures, the 
middle and top tier prospects are more likely to be con-
tacted than those at the bottom tier. Importantly, the 
interaction terms indicate that the coefficient for Female x 
Middle tier is positive and significant for outbound calls 
(Model 3: 0.0399, p< 0.05), suggesting that relative to bot-
tom tier female prospects, middle tier female prospects 
receive 4.1% more outbound call attempts. Similarly, the 
coefficients for Female x Top tier are positive and signifi-
cant for outbound calls (Model 3: 0.0532, p< 0.01), and 
suggest that top tier female prospects receive 5.4% more 
outbound call attempts relative to their bottom tier 
female counterparts. By contrast, we find no significant 
differences for outbound meaningful calls in Model 4 
(Middle tier: 0.0302, not significant; Top tier: 0.0502, not 
significant). The results in Model 4 are noteworthy as they 
suggest that upon connecting with a female prospect, 
there is no observed difference in the number of meaning-
ful conversations across the qualifications distribution.

Taken together, the reported results indicate that we 
find partial support for Hypothesis 3.

6. Discussion
Our study investigates the initial demand-side outreach 
decisions of recruiters for an online tech training program 
for midcareer professionals at an elite university. The 
training program we study is in a STEM field, a male- 
dominated domain in which women have been under-
represented at each career stage. Using unique data on 
the recruiters’ outbound communications, we first exam-
ine whether and under which conditions the recruiters’ 
initial outreach decisions are gender biased and disad-
vantaging of female prospects. We find evidence that 
recruiters use gender stereotypes to initiate more calls 
and have longer conversations with male prospects over 
similarly qualified female prospects. Examining plausible 
mechanisms for the gendered outreach, our results pro-
vide evidence that recruiters are more likely to use gen-
der stereotypes when they have higher workloads and 
have limited attention to allocate to each prospect. We 
also find that recruiters search for additional signals of 
quality from female prospects when deciding whom to 
contact in this male-dominated domain of an online tech 
training program. Importantly, in our setting, we have 
the rare benefit of recruiters being randomly assigned to 

prospects, thereby mitigating concerns about unobserved 
factors which might affect recruiters’ choices.

Our study contributes to the understanding of the 
growing class of online and social media platforms that 
are being used to recruit talented individuals to apply for 
jobs and training programs in hiring and education. 
Although prior research has primarily focused on how 
recruitment practices at the application interface may 
favor members of certain demographic groups in offline 
settings, there has been less attention paid to the growing 
prevalence of online recruitment practices, in which 
recruiters initiate contact with an unprecedented large 
volume of high potential candidates even before they 
have applied to a program or position. The ease of reach-
ing a large diverse population of prospects using online 
advertising and social media introduces new challenges to 
recruiting that remain less understood (Bills et al. 2017). 
Building on recent studies that have examined how subtle 
differences in the language and content of ads shape the 
gender composition of job applicant pools (Gaucher et al. 
2011, Marinescu and Wolthoff 2020), our study investi-
gates how active recruiters choose to engage with promis-
ing candidates prior to an application, and how their 
decisions may encourage members of certain demographic 
groups to apply, while simultaneously steering members 
of other demographic groups away from applying.

Our study’s findings also contribute to our understand-
ing of when and potentially why demand-side gender 
biases against midcareer women might arise in online 
recruiting. Despite their rich human capital and career 
accomplishments that these individuals have already 
achieved, our study suggests that high-achieving midca-
reer women may nevertheless be subjected to gender bias 
in male-dominated domains. One plausible explanation 
of why such demand-side biases exist is because of the 
lack of individuating information about the true quality 
of prospects. Absent detailed information, recruiters rely 
on gender stereotypes to assess the suitability of male and 
female prospects for online tech training programs as 
opposed to the prospects’ past experiences, skills, train-
ing, and prior career successes (Heilman et al. 1989). Per-
haps unwittingly, it is the OPM’s emphasis on short-term, 
volume-driven performance metrics that may be reinfor-
cing the recruiters’ reliance on gender stereotypes to initi-
ate contact with prospects. To be efficient with their time, 
the recruiters appear to be statistically discriminating, 
using gender as a heuristic to inform their outreach deci-
sions. It is noteworthy that we find these effects albeit 
studying a conservative case of steering (i.e., the recruiters 
are by law not able to be directly compensated for con-
verting prospects into applicants and do not work with 
the prospects after they apply to the program). This 
means that our results may offer a lower bound of how 
prospect gender affects decision-makers’ choices in male- 
dominated online settings.
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The recruiters’ gendered behaviors have implications 
beyond the focal online tech training program we study. 
The positive returns of such programs on career out-
comes (see Endnote 1) suggest that the recruiters’ beha-
viors may hinder continued progress toward pay equity 
and the reduced ascension of midcareer women relative 
to men into critical data-driven decision-making roles 
within their organizations. These findings have practical 
considerations for universities’ decisions to partner with 
OPMs, and importantly how universities might restruc-
ture organizational incentives with their OPM partners 
to mitigate the use of efficiency-based metrics in their 
recruitment tactics. Furthermore, because recruiters reach 
out to prospects on behalf of the online program (and 
typically without disclosing their role as an LMI), it is 
possible that partnering with online LMIs may result in 
new reputational concerns for universities as they scale 
up their online programs.

Although we focused on how prospect gender shapes 
demand-side initial outreach decisions, it is important to 
note that supply-side processes might also be at play 
affecting the gender composition of the preprospect 
stage. During informal interviews with enrolled students 
in the program, we observed that female students were 
more likely than male students to mention a fear of rejec-
tion from the program. This is consistent with research 
indicating that women tend to screen themselves prior 
to applying for opportunities in male-dominated do-
mains (Fernandez-Mateo and Fernandez 2016; Brands 
and Fernandez-Mateo 2017; Kanze et al. 2018, 2021). It is 
possible that these supply-side gender differences may 
serve to reinforce recruiters’ gendered outreach deci-
sions. Our analyses revealed that the recruiters spend 
more time and effort (i.e., more outbound calls) to secure 
a meaningful conversation with female prospects, rela-
tive to their male counterparts (see Endnote 7). Consis-
tent with these findings, in supplementary analysis, we 
also examined the prospects’ inbound callbacks, which 
indicated that an inbound callback required roughly five 
additional calls to a female prospect compared with a 
male prospect.9 Because inbound calls can only occur 
after a recruiter initiates contact with a prospect, these 
patterns further suggest that recruiters need to expend 
additional effort to reach female prospects. Although the 
results should be interpreted cautiously due to the sup-
ply- and demand-side factors driving meaningful con-
versations and the lack of insight into their content, there 
is suggestive evidence that female prospects are less 
interested in the program compared with males, which 
may reinforce recruiters’ behavior of contacting them less 
often. Of course, we need to keep in mind that the recrui-
ters may also be expending less effort in convincing the 
female prospects to apply.

An important area of future work is to examine the 
extent that interactions between supply-side and demand- 
side processes are confirmatory or self-reinforcing of 

decision-makers’ prior beliefs about gender stereotypes in 
male-dominated domains (Nickerson 1998, Marks and 
Fraley 2006). Indeed, it has been argued that matching the 
gender of the decision maker to that of the candidate— 
in this context, the gender match or mismatch of the 
recruiter-prospect pair—can be an effective lever for bias 
mitigation (Eagly et al. 1992, Fernandez and Sosa 2005, 
Gorman 2005, Greenberg and Mollick 2017). However, in 
this setting, the findings are consistent with several other 
studies that find no effect of gender matching (Ridgeway 
1997, Ridgeway and Correll 2004, Heilman and Haynes 
2005, Moss-Racusin et al. 2012, Srivastava and Sherman 
2015), and the gendered outreach biases against female 
prospects are occurring within recruiter as well (Table 
A5). Thus, in this setting also, female recruiters appear to 
work more as “cogs in the machine” than “agents of 
change” (Srivastava and Sherman 2015, Abraham 2017).

Moreover, we think that the analyses we have pro-
vided here aid our understanding of gender bias in 
demand-side outreach behaviors in male-dominated do-
mains and serve as a useful framework for addressing 
demographic disparities that may arise in other contexts 
as well. The problem of biased choice against under-
represented groups is quite general. Across a range of 
organization and institutional contexts, whether it be 
funding projects (Greenberg and Mollick 2017, Kanze 
et al. 2018), selecting job candidates (Fernandez and Sosa 
2005, Fernandez-Mateo and Fernandez 2016, Kacperczyk 
and Younkin 2021, Campbell and Hahl 2022), admissions 
(Castilla 2022), or choice of cultural products (Kovács 
and Sharkey 2014, Kim and DellaPosta 2021), evaluators 
are faced with the challenge of choosing among a set 
of actors or products with limited information in a 
resource-constrained environment. A direct consequence 
is that decision makers tend to rely on noisy signals to 
infer the expected quality of choices or candidates with 
stereotyping surfacing as a likely result (Botelho and 
Abraham 2017).

Finally, our findings suggest there is likely value in 
importing interventions from other domains into this 
setting to support gender equality. For example, blind 
screening has been effectively used in the labor market 
recruitment context to encourage gender-equitable results. 
Our finding that the outreach to prospects with gender- 
neutral names is unbiased suggests this policy can work to 
good effect here as well. Going further, this suggests that 
in parallel fashion to the well-known orchestra study of 
Goldin and Rouse (2000), efforts to conceal the name of 
prospects until after recruiters have initiated outbound 
communication with candidates can pay dividends in the 
quest for greater gender equality in STEM programs 
and fields of study. Overall, we think that this study paves 
the way for future work on transforming women’s ex-
periences and achievements in male-dominated STEM 
domains.
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Endnotes
1 Career outcomes are based on participants’ self-reports to the return- 
on-investment (ROI) survey administered at the end of the program 
(396 respondents) and six months following the end of the program 
(112 respondents) between February 2019 and August 2021.
2 See https://www2.ed.gov/policy/highered/reg/hearulemaking/ 
2009/compensation.html (accessed May 10, 2023).
3 Note that 9.7% of prospects started an application immediately 
after completing the intake form, before they were contacted by 
recruiters. We excluded the prospects who converted without call 
from the analyses because they were not at risk for being contacted 
by a recruiter at the preapplication stage (also see Section 4.3).
4 Organic search refers to people who have found the landing page 
through basic search or word of mouth, whereas paid search refers to 
people who have found the landing page because of paid promotions.
5 In additional analyses, we used the 1,654 gender neutral names 
(<0.65 proportion female or male) as a counterfactual. See Table A1 for 
additional analyses of gender-neutral prospects. Unlike strongly gen-
dered names (e.g., Mary, Andrew), where gender differences should be 
captured by both differences in behaviors on the prospect side and dif-
ferences in treatment from the recruiters, any gender differences associ-
ated with gender neutral names (e.g., Lindsey, Alex) should stem only 
from the behaviors of the prospect. We find little evidence of demand- 
side differences in treatment at the preapplication stage for gender neu-
tral names, which is consistent with the idea that recruiters are using 
strongly gendered names in deciding who to contact.
6 In supplementary analyses (Table A9), we show that the coeffi-
cient for Female prospect is negative and significant in alternative 
specifications of the Poisson regression models, in which we control 
for all information collected on the prospect intake form rather than 
using Priority tier (which is based on a prospect’s undergraduate GPA 
and work experience). This suggests that the results with respect to 
gender are not an artefact of the use of the Priority tier measure.
7 Whereas the first meaningful call duration between a recruiter and a 
male prospect is on average 5.42 minutes (standard deviation� 6.43 
minutes), it tends to be 0.40 minutes (24 seconds) shorter with female 
prospect (t� 5.50, p< 0.001).
8 Consistent with this explanation, we also examine the ratio of out-
bound calls to meaningful calls by gender. We find a mean ratio of 
0.17 (standard deviation� 0.32), which suggests that on average, a 
recruiter needs to make six outbound calls to have one meaningful 
conversation. However, we observe that the mean ratio for male 
prospects is 0.18 (standard deviation� 0.33) compared with 0.15 
(standard deviation� 0.31) for female prospects (t� 18.00, p< 0.01).
9 Examining the ratio of inbound call backs to outbound calls, we 
find a mean ratio of 0.053 (standard deviation� 0.24), which sug-
gests that on average, a recruiter needs to make 19 outbound calls 
to have one inbound call back from a prospect. However, we 
observe that the mean ratio for male prospects is 0.057 (standard 
deviation� 0.25) compared with 0.045 (standard deviation� 0.22) 
for female prospects (t� 9.00, p< 0.01). This suggests that compared 
with male prospects, female prospects require five additional out-
bound calls to receive an inbound call back.
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