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Abstract: For the past three decades, scholars have conducted field experiments to examine gender-
based hiring discrimination in the United States. However, these studies have produced mixed results.
To further interpret these findings, we performed a meta-analysis of 37 audit studies conducted
between 1990 and 2022. Using an aggregated sample of 243,202 fictitious job applications, the
study finds no evidence of statistically significant gender discrimination at the study level. However,
a series of more focused meta-analyses reveal important variations in the extent of discrimination
by occupation type and applicant race. First, the gender composition of an occupation predicts
gender bias in hiring. Second, the intersection of gender and race is critical—in female-dominated
jobs, White female applicants receive more callbacks than their male counterparts, but Black female
applicants experience no such benefit. The study contributes to the literature on labor market and
gender (in)equality by synthesizing the findings of field experiments.
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INCE the 1960s, women’s employment patterns in the United States have signifi-
S cantly changed. During this period, employment rates among women increased
dramatically (Cotter, Hermsen, and England 2008), women began to participate in
previously male-dominated occupations (Cotter, Hermsen, and Vanneman 2004),
and the federal government passed laws banning gender-based discrimination in
the workforce (Hirsh 2009). Scholars have argued that despite these changes, the
gender revolution in the paid labor market has stalled since the 2000s (England,
Levine, and Mishel 2020), and in particular, gender-based wage and hiring gaps
persist in the U.S. workforce (Budig 2002; Budig and Hodges 2010; Charles and
Grusky 2004; Eaton et al. 2020; Huffman 2004; Killewald and Bearak 2014).

Sociologists, economists, and gender scholars have investigated hiring discrimi-
nation based on gender via various research designs. One of the leading methods
in this area is field experiments, which entail some of the controlled elements of
traditional lab experiments but occur in natural, real-world settings. Specifically,
audit studies or correspondence studies are one of the most common forms of
field experiments. In audit studies, researchers use fictitious job applications with
randomly assigned characteristics (e.g., gender, race/ethnicity, and criminal record)
to audit employment outcomes and thereby assess discrimination in hiring based
on manipulated characteristics (Gaddis 2018). Unlike surveys, which focus on
individuals who have already been hired, audit studies offer a rare opportunity to
assess discrimination in the initial stage of hiring. The experimental research design
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allows researchers to explore decisions made by real employers, thus offering a
high internal validity level. Given these strengths, the use of field experiments has
expanded; numerous studies have leveraged this methodology to explore hiring
discrimination based on social locations and demographic backgrounds, including
race and ethnicity (Bertrand and Mullainathan 2004), educational credentials (Deter-
ding and Pedulla 2016), criminal background (Pager 2003), and union membership
(Kreisberg and Wilmers 2022).

The first experiment examining patterns of gender discrimination in the United
States was conducted by Neumark, Bank, and Van Nort (1996) and explored gender
discrimination in hiring practices at restaurants in Philadelphia. In the experiment,
male and female research assistants submitted 130 job applications in person. The
results showed that in high-priced restaurants, female job applicants had lower
probabilities of receiving both interviews and job offers than their male counterparts.
However, in-person experiments are rare, mainly because it is difficult to keep the
nature of the experiment confidential. In most studies, research confederates apply
for jobs via phone or online to avoid in-person encounters between applicants and
employers. Nearly all field experiments of hiring patterns use identical human
capital and skill sets across different gender groups of confederate applicants,
ensuring that the fictitious resumes include the same levels of education and job
experiences. The results are often measured by the gender gap in callback rates.

Notably, field experiments that explore gender-based discrimination have pro-
duced mixed results. Some studies have found evidence of gender discrimination
(Deming et al. 2016; Pedulla 2018), whereas others have observed discrimination
only when gender is interacted with additional demographic characteristics (Correll,
Benard and Paik 2007; Quadlin 2018, Rivera and Tilcsik, 2016; Thomas 2018); and
yet others have found no evidence of gender discrimination (Botelho and Chang,
2022; Mihut 2022; Nunley et al. 2015; Weisshaar 2018).

The central aim of this study is to unpack the mixed results found in prior field
experiments to better understand the patterns of gender-based discrimination in
the U.S. labor market. The analysis both extends the existing research that employs
meta-analyses and synthesizes the results from field experiments in hiring (Flage
2019; Gaddis et al. 2021; Lippens, Vermeiren, and Baert 2023; Quillian et al. 2017).

In particular, this study is the first to perform a meta-analysis that solely situates
gender discrimination within the U.S. labor market and policy context. Recent
meta-analyses on gender-based discrimination have explored why field experi-
ments puzzlingly find both disproportionately high and disproportionately low
callback rates among female job applicants (Galos and Coppock 2023; Lippens et al.
2023; Schaerer et al. 2023). Such a line of existing work provides insight into how
occupational characteristics (i.e., gender composition) predict gender bias in hiring
(Galos and Coppock 2023). However, these studies pool multiple countries with
divergent labor market structures, workplace conditions, and policies. This—using
international settings and heterogeneous macro-level contexts—makes it challeng-
ing for scholars to adequately sort out the impacts of occupation and group-based
differences. Thus, the current study focuses on field experiments conducted within
one country, considering the fact that gender and race are context-specific social
constructs.
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Table 1: Theories of status predicting gender-based hiring discrimination.

Gender Status Beliefs

Conceptual Framework Measurements Predictions for Callback
Rates of Female Applicants
Applicants’ gender -
Interaction between diverse +/— Depending on the interaction

Intersectionality

Compositional Status
(tokenism and statisti-
cal discrimination)

demographic characteristics and between background measures
gender

Gender composition + For occupations with

(the average proportion of female  a higher proportion of women

workers) of a job or occupation — For occupations with a lower proportion
of women

To explain the mixed results found in field experiments in the U.S. labor mar-
ket, we compiled audit studies of gender-based hiring discrimination that were
administered in the United States from the first experiment in 1996 to the most
recent in 2022 (N = 37). Then, we conducted meta-analyses using an aggregate of
the focal study samples, including 243,202 fictitious job applications.

Theoretical Frameworks

The theoretical foundations of this study are demand-side theoretical models that
predict and explain the patterns of gender-based hiring bias in multiple contexts.
Field experiments test whether employers make discriminatory decisions. Thus,
demand-side explanations of hiring discrimination, which focus on employers’
decisions to hire, promote, and evaluate employees, are particularly useful in
explaining the results of prior field experiments (in contrast, supply-side theories
focus on factors related to the employees themselves).

Table 1 presents three key demand-side theories and their predictions for gender-
based hiring discrimination. The first possible explanation of hiring discrimination
is that employers make decisions that are rooted in status beliefs—specific beliefs
about which groups are more capable and competent (Ridgeway 2014, 2019). Status
beliefs may derive from stereotypes or purely discriminatory beliefs about the
superiority of a particular group. The top row in Table 1 refers to a framework that
considers discrimination based on an applicant’s gender, which results in fewer
callbacks and worse hiring outcomes for women.

A second conceptual framework concerning status beliefs is the intersectional
perspective, which emphasizes that status beliefs are not based solely on the ap-
plicant’s gender but rather represent compounded beliefs about multiple groups
(Choo and Ferree 2010; Crenshaw 1989). Thus, the intersection of race, ethnicity,
citizenship, and human capital likely influences the magnitude and direction of
gender bias. For example, this approach acknowledges the persistence of racial
inequality in the U.S. labor market (Quillian et al. 2017) and stresses that racial
differences among female applicants in field experiments will impact the results.
Based on the intersectional perspective, we predict that there is heterogeneity in
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results across audit studies that hinges on interaction effects between gender and
other variables such as education credentials, race/ethnicity, and parental status.

A third key perspective is a composition-based status perspective, which posits
that the proportion of women in an organization or institution (i.e., occupation) is
an important factor associated with employers” hiring bias. Both economists and
organizational scholars have argued that the compositional positioning of women
measured by the proportion of female employees is a salient factor for explaining
gender-based discrimination in hiring. Economists have introduced the idea of
statistical discrimination, which posits that employers make hiring decisions based
on their prior knowledge about average productivity levels across different groups
(e.g., women and other identifiable classes of job applicants) (Bielby and Baron 1986;
McPherson, Smith-Lovin, and Cook 2001). Statistical discrimination theory argues
that hiring discrimination against women in male-dominant jobs is the result of
employers’ rational choices, given that they seek to overcome uncertainty around
applicant performance (Arrow 1973).

Organizational scholars also emphasize the composition of the workforce as a
factor driving gender discrimination, arguing that when women hold a proportional
minority of positions within an organization, it induces gender inequality (Kanter
1977). Kanter (1977) proposed the idea of tokenism to explain the disadvantages
faced by either male or female workers when they constitute less than 15 percent of
the population of an organization. In this framework, those of the “token” gender
face discrimination in promotions, evaluations, and hiring (Campero and Fernandez
2019; Kanter 1977).

Additional Predictions: Occupational-Level Status

Given that field experiments have been conducted in a wide range of occupa-
tions (Galos and Coppock 2023), this study further predicts that employers” hiring
patterns may vary across occupations. Specifically, we explore how the different
occupational-level statuses shape hiring decisions to further analyze the impact of
hiring discrimination on producing inequality. Although we hold an exploratory
stance in predicting the directionality of the relationship between occupational-level
status and hiring discrimination, we predict that different forms of occupational-
level status—including symbolic status (prestige), median wage, and skill sets—are
likely to shape hiring patterns.

First, occupational prestige is a measure of the social status and symbolic status
of an occupation. Higher-prestige jobs often enhance individuals’ career choices and
opportunities for advancement (Lamont et al. 2016; Valentino 2020). In addition,
median wage level is used as an indicator of the economic status of an occupation.
Finally, skill level is a salient characteristic of an occupation often correlated with
prestige and wages. Thus, we explore how these status measures of an occupation
relate to different levels of gender inequality in hiring.

Data

To conduct the meta-analysis, we first identified and compiled relevant field ex-
periments and then constructed a novel data set. We employed data collection

sociological science | www.sociologicalscience.com 29 January 2025 | Volume 12



Park and Oh

Meta-Analysis of U.S. Audit Studies of Gender Bias in Hiring

approaches similar to those used in prior meta-analysis studies (Flage 2019; Gaddis
et al. 2021; Quillian et al. 2017).

Study Identification and Inclusion Criteria

We conducted the data collection in two steps. First, we defined a set of eligibility
criteria based on the research problem specification. To be included in the analysis,
a study had to meet three criteria: (1) the field experiment (correspondence audit)
was conducted in the U.S. labor market, (2) job applicant gender was either the
focal variable in the within-subject (matching) design or randomized within and/or
across jobs in the application process, and (3) the outcome of interest could be
transformed into a binary hiring decision (e.g., callback) for or against job applicants.

In the second step, we conducted several rounds of searches to find all possible
qualifying studies to include in the data set. The initial list of studies was cre-
ated through systematic searches using EBSCO SocINDEX, NBER working papers,
ProQuest Dissertations and Theses, ProQuest Sociological Abstracts, and Web of
Science SSCI. We then conducted both forward and backward citation searches
using the selected studies. The backward search involved a careful review of the
bibliography of each study in the initial list. For the forward citation search, we
used Google Scholar to identify all later works citing studies from the initial list.

To avoid publication bias (bias resulting from the exclusion of studies that
were not published due to a lack of findings demonstrating discrimination or
other factors), we emailed the authors of unpublished manuscripts and sought out
nonpublished field experiments—dissertations, pre-prints, working papers, and
conference papers. These studies are included in the main sample and the results
reflect both published and non-published studies. After compiling the study list,
the two researchers cross-coded the data by reading each article to extract and code
the variables necessary for the analysis.

Study-Level Data Set

In total, we included 37 individual studies that analyzed 243,202 job applications in
the study-level data set. This data set is composed of 37 studies that met our criteria.
Despite searching for studies published from the year 1990, our data span field
experiments that were conducted between 2002 and 2021 and published between
the years 2004 and 2022—Figure 1 graphs the number of publications per year as
well as when the studies conducted their experiments. Our data have been restricted
to correspondence audit studies that do not entail an in-person component. This
meant that earlier publications conducted in person, including Neumark et al.
(1996), were excluded. Approximately 84 percent of the studies in our data found
job postings online, mainly using online job boards and job search websites. The
remaining 16 percent of the studies used job advertisements in newspapers and
journals, directories, and directly emailed institutions.

In addition, an important characteristic of our study-level data set is that several
studies have more than one manipulation in their experiment. In other words, the
fictitious applications submitted by researchers varied in more than one feature,
allowing researchers to examine hiring discrimination across several variables.
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Figure 1: Number of U.S. audit studies by year of data collection and publication. Note: For studies that
collected data across multiple years, we used the earliest year of data collection. There were two studies that
did not indicate when the data were collected. For these two cases, we followed an approach used in prior
meta-analysis studies (Quillian et al. 2017) and used publication year minus 2 years.

Figure 2 summarizes the central manipulations in the fictitious resumes used in the
37 selected studies. The three most frequent manipulations are gender (76 percent!
of studies), educational credentials (41 percent), and race/ethnicity (35 percent).
Among all the selected studies, 35 percent focus primarily on gender, whereas 65
percent include gender as part of the manipulation.

Occupational-Level Data Set

To adequately analyze the occupational variations across and within the studies, we
constructed a separate data set at the occupation level. Approximately 84 percent
of the studies conducted their experiments across more than one occupation group.
The remaining 16 percent of the studies focused on one specific occupation group
(e.g., lawyer and teacher). In the end, we have constructed a sub-data set that
comprises 85 individual occupation-level data points?.

Based on the data at the occupational level, we examined four occupational
characteristics: the overall skill levels required gender ratio, the associated level of
prestige, and median hourly wage level. All occupation-level measures were ex-
tracted from external data. Thus, the occupation categories used in the studies were
re-categorized into the Standard Occupational Classification System and the Census
occupation codes. The two researchers found the next best matching occupation
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Figure 2: Mapping resume manipulations. Note: The first author’s name is used for co-authored studies. The
“other” category includes manipulations such as age, class, geographical area, political leaning, and sexual
orientation. Our study eligibility criteria cover the period from January 1990 to June 2022. For Botelho (2023)
and Mai (2023), we used earlier versions of the article but included the published articles in Figure 2 and the
list of studies used in the meta-analysis in the online supplement for reference.
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Table 2: Descriptive statistics for occupational-level data points (N = 85) from 37 studies.

Frequency Percentage
Race
White only 15 18
Mixed 62 73
Unknown 8 9
Parenthood status
Yes 7 8
No 78 92
Median Std. Dev.
Year of data collection 2014 3.83
Education (years) 16 1.82
Percent female 55.7 23.59
Median hourly wage (USD) 32.57 17.16
Prestige score 47 11.41
Required skill level 67.2 20.47
N 85

category for categories that did not match exact descriptions. All occupation cate-
gories were a one-to-one match with data®.

We provide descriptive statistics of the occupation-level data set in Table 2.
The demographic characteristics of the study sample include the applicants’ race,
which we coded as whether the experiment was limited to White job applicants (18
percent), whether applicants of varying race/ethnicity were examined (73 percent),
or not specified (9 percent), the average education level coded in years of education
completed (median = 16 years), and a binary variable indicating whether a portion
of the applicants signaled statuses of parenthood or pregnancy (8 percent of the
studies included parenthood status signals). The median percent of females is 55.7
percent, indicating a slightly higher proportion of female workers. The median
prestige score, a relative scale measuring the perceived prestige of an occupation, is
47. The median required skill level, a relative scale created using the percentage of
individuals in an occupation group who have completed postsecondary education,
is 67.2. We also coded the year of data collection as a research design factor. The
median year of data collection is 2014.

Methods

Dependent Variable

The dependent variable for the meta-analysis is the logged discrimination ratio.
The original studies assessed discrimination based on whether the applications
submitted to jobs received “callbacks,” which is a measure of an employer’s
request for either additional information or an interview that is common in hir-
ing field experiments. The discrimination ratio is the proportion of positive call-
backs for men’s applications relative to positive callbacks for women’s applications.
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Calculating the ratio requires three data points for each study: sample size, callback
rate for women, and callback rate for men. Following an approach used in prior
literature (Schaerer et al. 2023), we changed rates of 0 to 0.5 to avoid dropping
cases; this methodological choice also reduces bias in the estimator and prevents
division by zero. The adjusted data points totaled four cases, which include two
data points in the occupation-level White applicant data set and two data points in
the occupation-level Black applicant data set

callbackm,ei
applicationsmalel_

M

Discrimination Ratio; = ——————.
Catlback gemale;

applicationsfgmlei

The variance of the logged discrimination ratio was calculated using the following
equation:

1 1
Var(In (DiscriminationRatio;)) = —
ar(In (DiscriminationRatio;)) CATTO0K oty AP PTICREIOT romat

callback,yqye, B applications ..

Independent Variables

The independent variables in the meta-regression models fall into two broad cate-
gories: study sample demographic characteristics and study sample occupational
characteristics. Study sample demographic characteristics include applicants” edu-
cation, parenthood status, and race (whether the experiment was limited to White
job applicants, included applicants of various races/ethnicities, or did not clearly
state applicants’ race/ethnicity). Study sample occupational characteristics include
occupational skill level (a measure of the overall skill level required by an occupa-
tion), the average ratio of female-to-male workers in the occupation, the median
hourly wage in the occupation, and occupational prestige.

We extracted the data points for the four variables from multiple sources, in-
cluding an index of occupational skill level developed by Hauser and Warren (1997)
and updated by Frederick (2010)*. We have also used the Bureau of Labor Statistics’
Employed Persons by Detailed Occupation in 2022 and May 2021 National Occupational
Employment and Wage Estimates. Finally, we utilized Treiman’s Standard Interna-
tional Occupational Prestige Scale (Ganzeboom and Treiman 2019). Furthermore,
merging the occupational characteristics data involved matching occupation cate-
gories between the selected studies and the Bureau of Labor Statistics report. The
authors independently cross-coded the occupations and went through multiple
rounds of calibration. All four measures are continuous variables. All scales range
from 0 to 100 apart from the median hourly wage variable measured in U.S. dollars.

In addition, the analysis included only White and Black applicants because the
number of applications from candidates of other races was negligible. The full data
set included 66,145 White applicants and 34,328 Black applicants. The education
levels used in each study and occupation group of applications were comparable,
with an average of 14.82 years of education for White applicants and 14.75 years of
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education for Black applicants. Occupations were also comparable across Black and
White applicants. All occupation groups were included except domestic workers,
human resources, lawyers, manufacturing, and teachers (these five groups either
had only White job candidates or race was not introduced into the study). We
excluded Hispanic and Asian applicants because there were so few. For example,
for the 15 occupation-level data points that included information on Hispanic job
candidates and callback results, half had less than 100 observations per gender.

Analytical Model

We conducted a series of meta-regressions using a logged version of the calculated
discrimination ratio as the dependent variable. More specifically, we used a random-
effect model to account for potential variability across studies that may result from
two factors: individual studies targeting different geographic areas and occupation
categories and variation across studies in the characteristics of job applicants. The
random-effect model assumes that there is not a single true effect size but rather
a distribution of true effect sizes. Therefore, the model’s goal is to estimate the
mean distribution of true effects. Because we anticipated considerable inter-study
heterogeneity, we used a random-effect model to pool the effect sizes. The meta-
regression model equation is

In (y;) = x;B + u; +¢;, where u; ~ N (0, 72> and ¢; ~ N(0, 0'1-2). 3)

In the first step, we conducted a random-effect meta-analysis regression for the
pooled effects of the 37 studies in the data set. We then conducted a random-effect
meta-analysis regression of the 85 individual occupation-level data points. Our
second prediction was that there might be a high level of heterogeneity in the jobs
selected for field experiments, which might increase the likelihood of obtaining
inconclusive results. To address this possibility, we introduced the four occupation-
level variables into the model.

Finally, to assess the generalizability of the meta-regression results, we divided
the sample by the racial composition of the applicants, and following previous audit
studies conducted in the United States, which showed race-based discrimination
in initial hiring stages (Quillian et al. 2017), we conducted additional analyses
considering race-based variations in callback rates for women. We ran two separate
models: one exclusively for White applicants and the other for Black applicants
(racial background was indicated by fictitious names) to tease out the divergent
patterns of gender discrimination. The synthesis of all the field experiments in the
data set also revealed evidence of racial differences for the Hispanic population.
However, we did not include that analysis due to the small sample size.

Findings

Patterns at the Study Level

Similar to prior studies that examined the overall trend of gender discrimination in
hiring (Galos and Coppock 2023), the meta-analysis of the full set of sample studies
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Study

Bertrand (2004)
Correll (2007)
Berk (2008)
Bailey (2013)
Gaddis (2015)
Pedulla (2018)
Hinrichs (2021)
Norlander (2020)
Darolia (2015)
Nunley (2015)
Gorsuch (2015)
Rivera (2016)
Deming (2016)
Thomas (2018)
Yavorsky (2019)
Phillips (2020)
Cheung (2022)
Weisshaar (2018)
Neumark (2019)
Quadlin (2018)
Carbonaro (2018)
Namingit (2021)
Yemane (2021)
Gorzig (2022)
Gaulke (2019)
Lennon (2021)
Pedulla (2022)
Kacperczyk (2022)
Mai (2022)
Chavez (2022)
Botelho (2022)
Mihut (2022)
Cheng (2020)
Zhu (2021)

Kline (2022)
Bennett (2021)
Paul (2021)

Random effects model (HK)

Year of Data Collection Discrimination Ratio Discrimination Ratio 95%-CI Weight

2001 = —0.11 [-0.34; 0.12] 2.4%
2005 — i —021 [-0.72; 0.31] 0.8%
2006 — -0.17 [-0.81; 0.47] 0.6%
2010 e 001 [-0.14; 0.17] 3.2%
2011 e 0.04 [-0.20; 0.28] 2.3%
2012 -0.15 [-0.36; 0.06] 2.5%
2012 010 [-0.12; 0.31] 2.5%
2012 S 0.02 [-0.59; 0.64] 0.6%
2013 e 0.09 [-0.10; 0.27] 2.9%
2013 : -0.05 [-0.14; 0.04] 3.9%
2014 - -0.02 [-0.23; 0.19]  2.6%
2014 056 [-0.28; 1.40] 0.4%
2014 = -0.23 [-0.36; -0.10]  3.5%
2014 —— -0.02 [-0.26; 0.22] 2.3%
2014 -0.10 [-0.25; 0.05] 3.3%
2014 ~0.09 [-0.25; 0.07] 3.2%
2014 —_— ~0.94 [-1.44; -0.44]  0.9%
2015 -0.12 [-0.30; 0.05] 2.9%
2015 ~0.07 [-0.13; -0.01]  4.2%
2016 0.16 [-0.06; 0.38] 2.5%
2016 -0.15 [-0.42; 0.13] 2.0%
2016 = -0.18 [-0.29; 0.07]  3.7%
2016 ~0.14 [-0.31; 0.04] 3.0%
2016 0.07 [-0.03; 0.18] 3.8%
2017 =| -0.20 [-0.33; -0.07]  3.5%
2017 —— -0.00 [-0.25; 0.24] 2.3%
2017 ~0.07 [-0.15; 0.02] 4.0%
2017 -0.30 [-0.58; -0.01]  1.9%
2017 031 [0.23; 0.39] 4.0%
2018 = ~0.05 [-0.15; 0.06] 3.8%
2018 - 0.00 [-0.17; 0.18] 3.0%
2018 ——t -0.28 [-0.70; 0.14] 1.1%
2019 - -0.08 [-0.28; 0.13] 2.7%
2019 | = 029 [0.16; 0.42] 3.5%
2019 ~0.00 [-0.03; 0.02]  4.4%
2020 -0.12 [-0.25; -0.00]  3.6%
2020 -0.17 [-0.40; 0.06]  2.4%

-0.05 [-0.10; 0.01] 100.0%

Heterogeneity: 12 = 77%, 12 = 0.0156, p < 0.01

Figure 3: Gender bias at
Negative ratios reflect a

-1 -05 0 05 1
Log Discrimination Ratio (95% CI)

the study level. Note: The first author’s name is used for co-authored studies.
preference for female applicants and positive ratios reflect a preference for male

applicants. The weights are assigned based on the inverse of the variance of each study, which incorporates
both within-study sampling error and between-study heterogeneity. Studies with higher precision are given
a higher weight in the analysis (Borenstein et al. 2010).

sociological science | www.sociolo

shows mixed results. At the individual study level, some studies identified gender
discrimination, some did not, and others observed gender bias only in conjunction
with variables such as race/ethnicity, credentials, or parenthood status. This pattern
mirrors the lack of consensus in the literature on the directionality of gender bias
due to varied institutional contexts and individual attributes.

Figure 3 shows the meta-analysis results at the aggregate study level. When
analyzing the overall level of gender discrimination observed across all studies,
the weighted average male/female discrimination ratio (transformed into a log
risk ratio) is —0.05. The negative ratio indicates a preference for female applicants.
However, the results are not statistically significant when studies are the unit of
analysis (95 percent confidence interval: —0.10 and 0.01). In sum, the results suggest
a mixed pattern of gender-biased hiring decisions, which we posit may stem from
the diversity in institutional contexts and occupational characteristics across studies.

In addition, as expected, we found that because most audit studies were con-
ducted after 2010, there are not sufficient empirical findings to assess trends or
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Occupation Discrimination Ratio Discrimination Ratio 95%-Cl Weight
Nurse — -0.76 [-1.12;-0.40] 1.5%
Human Resources s a—— -0.46 [-0.99; 0.07] 0.7%
Bookkeeping S -0.42 [-1.02; 0.17] 0.6%
Supervisor — -0.39 [-0.83; 0.04] 1.1%
Domestic Worker — -0.39 [-0.82; 0.04] 1.1%
Administrative —— -0.31 [-0.50; -0.13] 4.4%
Clerk — -0.19 [-0.56; 0.18] 1.5%
Banking — -0.17 [-0.58; 0.24] 1.2%
Server — -0.17 [-0.43; 0.10] 2.5%
Finance — -0.14 [-0.43; 0.14] 2.2%
Customer Service = -0.13 [-0.24; -0.03] 8.1%
Marketing - -0.11 [-0.21;-0.00] 8.2%
Medical —— -0.11 [-0.42; 0.21] 2.0%
Retail -0.08 [-0.14; -0.02] 11.0%
Insurance —-I— -0.07 [-0.27; 0.13] 3.8%
Information Technology & -0.05 [-0.19; 0.08] 6.6%
Analyst —— -0.04 [-0.24; 0.16] 3.9%
Sales - -0.02 [-0.09; 0.04] 10.7%
Accounting = -0.01 [-0.10; 0.08] 9.1%
Management - -0.01 [-0.16; 0.15] 5.6%
Cook - 0.06 [-0.08; 0.20] 6.2%
Teacher e 0.10 [-0.12; 0.31] 3.5%
Maintenance S 0.19 [-0.15; 0.54] 1.6%
Parking Attendants —— 0.24 [-0.20; 0.68] 1.0%
Manufacturing ) I 0.32 [-0.14; 0.79] 1.0%
Engineer e 046 [-0.17; 1.09] 0.5%
Lawyer — 0.56 [-0.28; 1.40] 0.3%
Random effects model (HK) : : : | -0.07 [-0.14; -0.01] 100.0%

-1 -05 0 05 1
Log Discrimination Ratio (95% CI)

Heterogeneity: 12 = 51%, 12 = 0.0043, p < 0.01

Figure 4: Discrimination ratios by occupation. Note: Negative ratios reflect a preference for female applicants
and positive ratios reflect a preference for male applicants. The weights are assigned based on the inverse
of the variance of each study, which incorporates both within-study sampling error and between-study
heterogeneity. Studies with higher precision are given a higher weight in the analysis (Borenstein et al. 2010).

changes in gender (non)discrimination over time. Using fieldwork years instead of
publication years revealed a similar pattern: the meta-regression results for changes
in the level of gender bias over fieldwork years are not statistically significant,
regardless of whether applicant and occupation characteristics are controlled. Im-
portantly, however, the meta-analysis found two significant patterns of gender bias:
an occupational characteristic significantly predicted gender bias in job callback
rates and findings varied by race. We explain these findings further in the following
sections.

Patterns at the Occupation Level

In our additional analysis, we added occupational characteristics into the model.
The aggregate results for the occupation-level data show a statistically significant
discrimination ratio of -0.07 (p < 0.05), signaling a preference for female over male
applicants.
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Figure 5: Relationships between occupational characteristics and gender bias.

However, looking into the data in more detail, Figure 4, which depicts a forest
plot with results aggregated by the target occupations in the selected audit studies,
reveals that the discrimination ratio varies across occupation groups. The discrimi-
nation ratios at the top of the forest plot are negative, indicating a preference for
female applicants. These occupations include nursing, administrative positions, and
clerk jobs, which tend to be dominated by women. In contrast, the discrimination
ratios at the lower end of the forest plot are positive, indicating a preference for
male applicants. These occupations include maintenance work, manufacturing,
engineering, and law, which tend to be dominated by men. These results align with
a body of research that has found an enduring pattern of gender-based occupational
segregation (Breda et al. 2020; Charles and Bradley 2002). Such results suggest
gender discrimination occurs across the horizontal sex segregation of occupations in
both female- and male-dominant occupations. However, further analysis is needed
to explain how gendered occupational segregation creates gender discrimination in
hiring across occupations, potentially increasing gender-based inequality, including
wage differentials. Thus, we further unpack occupational segregation by examining
how the gender discrimination ratio differs by occupational characteristics.

The next steps in the analysis explored the associations between four occu-
pational characteristics—skill level, gender ratio, prestige, and median hourly
wage—and callback ratios. Figure 5 presents the results for each of these occupa-
tional characteristics. Plot points below 1 indicate a higher preference for female
applicants, and plot points above 1 indicate a higher preference for male applicants.
A table with the results of the meta-regression including occupational traits is
provided in the online supplement.
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Four noteworthy patterns emerge. First, skill level does not predict gender bias,
as demonstrated in the top-left graph of Figure 5. In this graph, the slope of the
line is flat across occupational skill levels, indicating that there is no difference in
the callback ratio between male and female candidates based on skill level. Both
meta-regression analyses controlling and not controlling for other occupational
characteristics produced statistically insignificant results for the skill-level difference
variable.

Second, as shown in the top-right figure, the female-to-male ratio predicts
gender bias. The larger the proportion of female workers in an occupation, on
average, the smaller the ratio of male-to-female callbacks. This result indicates that
a higher proportion of female workers is associated with a higher likelihood that
female job applicants will receive a callback. This variable is statistically significant
(p < 0.05) in the meta-regression. Such a result aligns with prior meta-analysis
findings that demonstrate how the gender composition of an occupation predicts
gender bias in hiring at the international level.

Third, wage level does not predict gender bias. The results for wage level and
gender discrimination in callbacks show a small upward-trending slope, but these
results are not statistically significant; thus, we found no empirical support for an
effect of wage levels in the data. Because the data on hourly wages often consist of
lower- and higher-end hourly wages associated with each occupation, we conducted
a robustness check on this finding by running the same model using the lower-end
values of hourly wage estimates provided by the Bureau of Labor Statistics. As
in the main results, wage level did not predict gender bias in hiring. In addition,
we examined whether the median hourly wage predicted gender discrimination
in callbacks when the female ratio of occupations was not controlled for. These
variables still did not significantly predict gender bias.

Finally, prestige scores do not predict gender bias. The bottom-right panel
illustrates the association between occupational prestige scores and gender dis-
crimination. The line has an upward slope, starting below 1 and approaching 1 for
occupations with higher prestige scores. This result means that female candidates
are more likely to receive callbacks for lower-prestige jobs, and as job prestige in-
creases, the preference for female applicant declines. However, despite this overall
trend, the results of the meta-regression are not statistically significant. Additional
analysis that does not control for the ratio of females in the occupation also shows
that the prestige level does not predict gender bias.

In sum, based on field experiments conducted in the U.S. labor market, we
find that only the ratio of females in the occupation predicts gender bias. Other
occupational-level characteristics measured by the average skill level, prestige score,
and median hourly wage do not predict gender discrimination in callbacks. Such a
result holds for both meta-regressions when the ratios of females in occupations are
controlled for and are not controlled for.

The Intersection of Race and Gender

Given prior studies that highlight the importance of adopting an intersectional per-
spective (Choo and Ferree 2010; Crenshaw 1989), we explored whether patterns of
gender discrimination varied across White and Black applicants. We first examined
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Figure 6: Percent female estimates of gender bias by race.

these applicant groups at the study level. The results for both White and Black
applicant groups were not statistically significant. The White applicant group
sample yielded a male/female discrimination ratio of —-0.03 (95 percent confidence
interval: —0.10 and 0.03), whereas the Black applicant group sample was 0.01 (95
percent confidence interval: -0.10 and 0.12). As we had seen for the pooled analysis,
we expect that this result to be caused by diversity in institutional contexts and
occupational characteristics.

Next, we conducted a random-effect meta-analysis at the occupation level to
examine whether there were differences in gender discrimination by race. As for our
pooled analysis, we find that in more female-dominant occupations, White women
received more callbacks than their male counterparts, whereas Black women did
not experience a similar gender preference. Figure 6 graphs the coefficients for the
percent female variable across three meta-regression models, each varying only by
sample: all applicants, White applicants, and Black applicants.

As shown in Figure 6, a statistically significant outcome was observed for White
applicants in contrast to the non-significant results for Black applicants. This
result supports the assertion that the intersection of race and gender influences the
magnitude and direction of gender bias. In other words, during the first stage of
screening, as observed through audit studies conducted in the United States, the
preference for female job candidates applies to White applicants but not to Black
applicants. Thus, it is crucial to consider the race/ethnicity of job candidates when
examining gender (non)discrimination.
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Figure 7: Gender discrimination among White applicants across occupations. Note: Negative ratios reflect a
preference for female applicants and positive ratios reflect a preference for male applicants.

The forest plot in Figure 7 presents the gender discrimination ratios for White
applicants by occupation. As in the pooled data, there is a negative-to-positive trend
across occupations as they shift from relatively more female to male-dominated.
Occupations at the top of the forest plot (e.g., nursing and administrative positions)
tend to be female-dominated. The log discrimination ratios for these occupations
are mostly negative, indicating that resumes from women received more callbacks
than resumes from men. Occupations at the bottom of the plot (e.g., maintenance
work and manufacturing) tend to be more male-dominated. The log discrimination
ratios for these occupations are mostly positive, indicating that resumes from men
received more callbacks than resumes from women. Despite this occupation-specific
variation, the results from the occupational-level data for White applicants yield
a statistically significant (p < 0.1) discrimination ratio of —0.08. Thus, a weighted
average of the occupation-specific-effect sizes among White job candidates across
the different studies signals a preference for female job applicants.

When focusing solely on Black applicants, a noteworthy disparity emerged.
Figure 8 shows the parallel forest plot for Black applicants. Here, the discrimination
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Figure 8: Gender discrimination among Black applicants across occupations. Note: Negative ratios reflect a
preference for female applicants and positive ratios reflect a preference for male applicants.

ratio calculated from the occupational-level data for Black applicants (—0.03) is not
statistically significant. Furthermore, the trend across occupations is less clear-cut.
Some more female-dominated occupations have positive discrimination ratios (male
candidates received more callback offers than female candidates), whereas some
more male-dominated occupations have negative discrimination ratios (women
received more callbacks than men). These nuanced dynamics highlight that the
results of existing field experiments on gender bias generalize predominantly to
White female applicants and Black female applicants follow somewhat different
patterns.

It is true that the high callback rates for female applicants in female-dominant
occupations are not found in experiments that have Black female applicants. How-
ever, caution is warranted when interpreting this pattern. The wide confidence
intervals suggest that it is difficult to draw firm conclusions about the relationship
between occupational characteristics and gender discrimination patterns for Black
applicants. Overall, the results do not answer the question of whether the gender
composition of an occupation predicting gender bias pattern only applies to the
White female group. Based on our data and the available evidence, this pattern
is likely to be only found among White women. However, clearly explaining the
hiring patterns for Black applicants is not possible based on the limited, existing
evidence. In the end, while differences in gender discrimination by race highlight
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the importance of considering the intersection of race and gender in studies of
hiring discrimination, caution is warranted in interpreting these results.

In sum, the findings indicate that occupational characteristics, specifically the
gender composition of an occupation, influence gender discrimination in hiring—
the more female-dominated an occupation, the more female applicants are preferred.
However, this influence varies by race, such that White female applicants in more
female-dominated occupations benefit from a preference in hiring, whereas Black
female applicants in female-dominated occupations do not experience a similar
benefit. Further research is needed to unpack these complex dynamics.

Further Analysis

We conducted several robustness checks. As shown in Figure 2, some of the sample
studies on discrimination focus solely on gender, some focus on gender in conjunc-
tion with other characteristics, and some focus on other characteristics but control
for gender. The full data set includes all studies—those that randomized or varied
the gender of job applicants for each employer and those that blocked gender, mean-
ing that they sent resumes from same-gendered job applicants (i.e., only female
applicants or only male applicants) to each employer. We conducted a robustness
check by rerunning the analyses with only those studies that randomized or varied
the gender of job applicants. The overall results remained the same.

We also ran a model with an interaction term between race and gender to
formally test for differences in the relationship between the gender composition of
occupation and hiring outcomes across Black and White applicants. The interaction
term was statistically significant at the p < 0.05 level. This finding reinforces our
main analysis, indicating a meaningful difference in the relationship between the
occupational gender composition and hiring outcomes across these racial groups
(result tables for our robustness checks are included in the online supplement).

Discussion

Based on audit studies from the United States, some scholars have found no evi-
dence of gender-based discrimination, whereas others have emphasized that gender-
based discrimination persists. To unpack these inconclusive results, we conducted
a meta-analysis of field experiments analyzing differences in callback rates for men
and women. Reflecting the mixture of positive forecasts and concern about stalled
progress toward gender equality (England et al. 2020) in the U.S. workforce, the
initial meta-analysis of the full sample produced mixed results.

A series of meta-analyses examined in this study identified some of the factors
responsible for these mixed results. Specifically, there are two main findings: the
gender composition of an occupation and an applicant’s race predict discrimination
in callback rates. The results show that at the start of the hiring process, the gender
composition of an occupation predicts bias. When a woman applies for a job in a
female-dominant occupational field, she is more likely than her male counterpart
to receive a callback. However, this pattern differs by race—in female-dominated
occupations, White women applicants received more callbacks than White men,
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but Black women did not experience a parallel benefit. Both of these findings align
with existing work on the persistence of gender segregation (Zhu and Grusky 2022)
and racial inequality (Quillian et al. 2017) in the U.S. labor market.

This study has two main implications. First, our findings show almost no statisti-
cally significant effect of occupational-level characteristics on hiring discrimination.
In contrast to our predictions that occupation-level status predicts levels of hiring
discrimination based on gender, we find that occupational status—measured by
wage, skill set, and symbolic prestige—does not correlate with gender bias in hiring.

However, we do find a gender compositional effect, where the ratio of female
employees predicts gender bias in the initial hiring stage. Such findings have
been theorized by models of tokenism and statistical discrimination. Our findings
further support these theories and are aligned with empirical studies that argue
that persisting sex segregation in the workforce shapes and is shaped by gender-
based stereotypes (Breda et al. 2020; Charles and Bradley 2002). The finding that
gender composition predicts hiring bias can relate to other outcomes relevant to
gender inequality. One important example is what scholars call the power of having
control over the work schedule (Clawson and Gerstel 2014). Job qualities, including
scheduling control, are important characteristics of a job that shape employment
pathways that diverge greatly based on gender (Damaske 2011; Damaske and Frech
2016). Thus, future studies should continue highlighting social problems related to
stereotype reinforcement and explaining mechanisms that link hiring and gender
inequality. Drawing upon gender, work, and family literature, new studies have
room to contribute to the literature on hiring discrimination and gender inequality
by specifying social problems related to gender-based stereotype reinforcement.

Second, our finding that there is an interplay between occupational gender
composition and race parallels the results of ongoing studies that investigate both
race and gender to explain hiring discrimination (Bertrand and Mullainathan 2004;
Chavez, Weisshaar, and Cabello-Hutt 2022; Deming et al. 2016). This indicates that
theories of employer biases based on a single category of gender do not sufficiently
explain patterns of hiring demonstrated through field experiments. Only when
the multidimensionality of gender and racial stereotypes is considered can we
adequately assess the changes and continuities of hiring inequality at the initial
screening stage. Thus, new experiments will benefit—theoretically and empirically—
if they use intersectionality as the guiding framework.

This study has certain limitations. The data set is composed of field experiments,
and because of this, the results of meta-analyses can only reflect the results of the
field experiments that take place at the initial point of the screening stage. Most
audit studies involve sending fictitious resumes for consideration for entry-level
positions but do not follow up on the callbacks received (Gaddis 2018). Although
elements of the typical design of field experiments (focusing on entry-level positions
or mixing fictitious resumes with real applicants) reduce the risk that an employer
will become aware of the experiment, the narrow focus on the screening stage limits
the scope of the findings of such studies. Because most field experiments do not
include later stages of the hiring process, meta-analyses using the experiments
cannot produce information on the patterns of actual hiring outcomes. Limited
studies that do examine the final point of the screening stage—the job offer—present
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more substantial discrimination than when only examining the callback stage
(Quillian, Lee, and Oliver 2020). Therefore, the patterns observed at the initial
screening stage may underrepresent the extent of hiring discrimination throughout
the process. Nonetheless, the initial screening process has implications for hiring
discrimination because of its impact on the later stages of the hiring process. Thus,
more field experiments need to be conducted, even if the field experiments may
have to take place at the initial stage of hiring.

Reflecting technological development, new studies conducting audit studies
must reflect newer screening processes. With the dramatic development of artificial
intelligence in the era of Big Data, there has been a rapid increase in the utilization
of new technologies for applicant selection. Research conducted by Jobscan (Myers
2023), a recruitment solutions company, showed that 98.8 percent of Fortune 500
companies use applicant tracking systems—software that makes hiring decisions
by using algorithms to automatically filter submitted resumes. Recent studies
have started to investigate the fairness of such algorithm-based hiring (Ragha-
van and Barocas 2019), but thus far, there are few experimental studies on hiring
discrimination—based on race, gender, sexual orientation, and parental status—
resulting from Al-based screening processes (for more discussion on this gap in
the literature, see Pedulla 2018: 1498-1499). It will be critical for future research
on hiring discrimination to investigate the details of gender bias in the context of
technological innovation.

Finally, this study has policy implications. Our findings about intersectionality
and the multidimensionality of gender and race in the hiring process send an im-
portant policy message, particularly related to equal employment laws. Crenshaw
(1989: 139) first coined the term intersectionality based on her evidence from legal
cases and her argument that Black women are legally, policywise, and theoretically
erased when scholars and policymakers depend on the “single-axis analysis that
distorts” the experiences of Black women. In particular, policies that aim to solve
issues of gender- and race-based discrimination (separately) often result in reinforc-
ing existing marginalizations (i.e., Black women) who will fall into the crack that is
neither noticed nor protected by the policies. Thus, equal employment law should
consider the fact that hiring processes must consider diversity from the viewpoint
of intersectionality and ground the law from the starting point that discriminations
are experienced in a compound way rather than resulting from a single axis of
inequality.

Notes

1 The remaining 24 percent of the studies did not manipulate gender but did control for
gender by sending resumes from either only female applicants or only male applicants
to each job opening. We later conducted robustness checks related to this issue.

2 Within 37 studies, 12 studies did not contain data on occupations, thus we emailed
the study authors and requested breakdowns of the specific jobs targeted in the field
experiments. The final occupational-level data set included data points from 23 studies.

3 There were two studies that described the occupation category to which they sent
resumes as a whole. For example, business/research/data analysts can be categorized
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into three separate occupation groups. However, based on the study description, we
used “management analyst” information as crosswalk. Two studies were coded using
this method. In addition, data for hourly median wage were missing for one occupation
(elementary and middle school teachers), so we used an average of the median hourly
wage of occupations that have a similar median annual wage to said occupation.

4 The occupational skill-level variable is an index of occupational education, which is a
measure of the percentage of occupational incumbents’ education level (one or more
years of post-secondary education completed) created using the 1989 General Social
Survey and the 1990 U.S. Census. Following Yu and Kuo (2017), we use this as a measure
of the overall skill levels of workers within occupations.
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