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Gender composition predicts gender bias: A meta-
reanalysis of hiring discrimination audit experiments

Diana Roxana Galos'*t and Alexander Coppock?t

Since 1983, more than 70 employment audit experiments, carried out in more than 26 countries across five
continents, have randomized the gender of fictitious applicants to measure the extent of hiring discrimination
on the basis of gender. The results are mixed: Some studies find discrimination against men, and others find
discrimination against women. We reconcile these heterogeneous findings through a “meta-reanalysis” of the
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average effects of being described as a woman (versus a man), conditional on occupation. We find a strongly
positive gender gradient. In (relatively better paying) occupations dominated by men, the effect of being a
woman is negative, while in the (relatively lower paying) occupations dominated by women, the effect is pos-
itive. In this way, heterogeneous employment discrimination on the basis of gender preserves status quo gender
distributions and earnings gaps. These patterns hold among both minority and majority status applicants.

INTRODUCTION

The audit experiment (or correspondence study) has been used to
study many forms of discrimination, including on the basis of race
and ethnicity (I), religion (2), sexual orientation (3), and social class
(4), across several domains, including housing (5), education (6),
and employment (7). As applied in employment settings, the
main virtue of audit experiments (relative to other study designs)
is that they allow us to study the effects of applicant characteristics
on hiring free of the selection concerns that different sorts of people
apply to different jobs at different rates. Because audit experiments
randomly assign candidate characteristics, they provide design-
based assurances of unbiased discrimination estimates.

The first study to deploy the audit experiment design for the
study of discrimination on the basis of gender appears to be (8),
who sent 1982 resumes of fictitious men and women applicants
to 991 job openings in Victoria, Australia in 1986 and found a
—2.4 percentage point effect of being a woman on receiving an in-
vitation to interview (cluster-robust SE: 1.2 points). A second early
study in this line (9) randomized the gender of 130 applicants for 65
restaurant jobs in New York City in 1994, finding a large and neg-
ative but nonsignificant effect (—12.3 points, SE: 8.4 points) of being
a woman. In the following decades, more than 70 total employment
audit studies that randomize applicant gender have been conducted.
We have obtained or reconstructed the data for a total of 57 such
studies, reported in 51 papers. The goal of this article is to synthesize
what we have learned from the repeated application of the audit ex-
periment research design about employment discrimination on the
basis of gender.

The average treatment effect estimates yielded by these studies
are mixed. In contrast to the early results, two-thirds (37 of 57)
show a positive effect of being a woman, and the remainder show
a negative effect. A standard random-effects meta-analysis of the
average treatment effect estimates of these studies yields an estimate
of 1.2 percentage points with an SE of 0.4 points. In fig. S1.1, we
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formally present this analysis, which is in line with previous
meta-analyses of gender discrimination audit experiments (10,
11). In our view, this standard meta-analytic estimate holds only
marginal scientific interest because study-level average treatment
effects are sometimes positive and sometimes negative. The stan-
dard approach simply averages over this heterogeneity. Which
side of zero the meta-analytic average ends up on therefore
depends uncomfortably on the set of contexts social scientists hap-
pened to select when studying employment discrimination on the
basis of gender.

A theoretically key contextual variable is gender composition,
parameterized here as the fraction of employees in an occupational
setting who are women. Gender composition is mentioned in most
theoretical treatments of how effects ought to vary [including in the
very first such study (8) and in many subsequent efforts, e.g., (12—
14)] and is incorporated into the study design of many of the exper-
iments that we collected. Unfortunately, the statistical power of any
one study to distinguish the effects in men-dominated contexts
from those in women-dominated contexts is usually quite low.
Some studies find evidence of heterogeneity by context (13-15),
while others do not (16). As a result of these within-study sample
size limitations, the broadly-held intuition that gender composition
ought to predict gender bias has not received the systematic, syn-
thetic investigation that it deserves.

Here, we offer conclusive confirmation of this intuition using a
research design that we call a “meta-reanalysis.” Our approach in-
volves three steps: First, we reanalyze each experiment to yield con-
ditional average treatment effect (CATE) estimates by occupation.
Next, we obtain occupation-level gender composition data from
the International Labor Organization (ILO). Third, we meta-
analyze the occupation-level CATEs according to gender composi-
tion. Our meta-reanalysis reveals a clear mirroring of the status quo.
In women-dominated occupations, the effects are positive. In men-
dominated occupations, the effects are negative. Seen in one light,
discrimination is even-handed: Yes, men are advantaged in men-
dominated settings, but women are advantaged in women-domi-
nated settings. However, this result does not imply that women
are on equal employment footing with men, as average salaries
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are lower in women-dominated industries compared with men-
dominated-industries (17-19).

Theory
Like others before us, we conceive of employment discrimination
based on gender as the causal effect of learning that an applicant
is a woman versus learning that an applicant is a man on hiring de-
cisions. In potential outcomes notation, Y;(1) is the decision ren-
dered by a hiring process for job opening i after learning that an
applicant is a woman and Y;(0) is the decision after learning that
the applicant is a man. Pro-woman discrimination occurs if Y;(1)
=1 and Y;(0) = 0 and pro-man discrimination occurs if Y(1) = 0
and Y;(0) = 1. If Y;(1) and Y;(0) are equal, then no discrimina-
tion occurs.

Audit experiments provide estimates of net gender bias in a

N
sample of N job openings: w Gender bias equals the

rate of pro-woman discrimination minus the rate of pro-man
discrimination.

With others, we theorize that the sign of this average causal effect
will depend on context (8, 12-14). To distinguish among contexts,
we seek a measure that will allow us to predict when the CATE of
being a woman (versus a man) on hiring will be positive and when it
will be negative. We will use the term gender composition to refer to
the status quo share of workers in a context who are women. In our
empirical section, we will operationalize “context” as an occupation
in a country and year. Among occupations that are fully men dom-
inated, gender composition is 0, and among occupations that are
fully women-dominated, gender composition is 1.

We expect gender composition to predict the sign and magni-
tude of gender bias, precisely because the existing gender composi-
tion is a product of the unobserved forces that lead to
discrimination. To be clear, we do not assign a causal role to
gender composition per se. Instead, we conceive of the existing frac-
tion of women employed in an occupation as being the result of the
same causal forces that act on applicants. Pro—status quo forces re-
produce and maintain the status quo by discriminating against
women in men-dominated contexts and by discriminating against
men in women-dominated contexts. We therefore think of gender

Pro-status quo forces dominate
(positive gender gradient)

composition as a correlate (but not necessarily a cause) of the con-
ditional effects of being a woman on hiring decisions. We refer to
this correlation as the gender gradient. Like others (8, 12-14), we
expect the gender gradient to be positive: positive CATEs in
women-dominated contexts and negative CATEs in men-dominat-
ed contexts. We grant that gender composition could also, in prin-
ciple, exert its own independent causal effect on gender bias,
although such an effect would be challenging to estimate as
gender composition and gender bias likely share common unob-
served causes.

But what about attempts to correct gender imbalances? Some
employers self-consciously adopt hiring policies and practices that
aim to bring the gender composition of a firm (or subdivision of a
firm) closer to 50%. These anti-status quo forces could include af-
firmative action policies; gender quotas; diversity, equity, and inclu-
sion initiatives; or empowerment-based confrontation programs
(20). Some experimental studies show that such attempts can be
successful in decreasing bias in men-dominated fields (21, 22)
and improving the representation of women in elected offices
(23). If anti-status quo forces were to dominate at every level of
gender composition, we would expect the gender gradient to be
negative. Despite the increased prevalence of these initiatives,
however, descriptive studies show that they are still a relatively
long way from achieving their goals (24-26).

Furthermore, attempts to correct gender imbalances have (often
appropriately) been asymmetric, focusing more on increasing
women's representation in men-dominated fields than on increas-
ing men's representation in women-dominated fields (27, 28). This
is not to say that men are disadvantaged upon entering women-
dominated occupations. Observational studies suggest that once en-
tering women-dominated occupations, men do not seem to be dis-
advantaged in earnings (29, 30), and they are rewarded for spells in
women-dominated occupations when subsequently transitioning
into men-dominated occupations (30).

Figure 1 displays two ways the CATEs of being a woman (versus a
man) on hiring decisions might depend on gender composition. In
the left panel, we see that if pro—status quo forces dominate, the
gender gradient will be positive: pro-woman bias in women-domi-
nated occupations and pro-man bias in men-dominated

Anti—status quo forces dominate
(negative gender gradient)
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Fig. 1. Gender gradient (how the CATEs of being a woman depend on gender composition), depending on whether pro—- or anti-status quo forces dominate.
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occupations. In the right panel, we see that if anti—status quo forces
dominate, the gender gradient will be negative: Hiring processes
will work to correct the status quo gender composition by preferen-
tially hiring more women in men-dominated occupations and more
men in women-dominated occupations. We note that these are just
two possible gender gradients; others, including nonlinear gradi-
ents, are possible as well.

Which scenario, a positive or a negative gender gradient, is more
likely? All previous theoretical predictions have pointed to a positive
gender gradient. As the foregoing review suggests, the attempts to
address workplace gender imbalances have been uneven and only
partially applied, suggesting that anti—status quo forces are typically
overpowered by pro—status quo forces. Our ex ante prediction is
therefore that the gender gradient will be positive. We do note,
however, that some popular discourse emphasizes a view that the
gradient is negative. For example, a New York Times headline
(31) reads “Push for Gender Equality in Tech? Some Men Say It's
Gone Too Far.” A 2019 YouGov poll (32) finds that 37% of men
"believe workplace gender diversity efforts ultimately disadvantage
males.” A 2020 Pew Research poll (33) arrives at a similar figure,
with 28% of men respondents saying that “women’s gains toward
equality have come at their expense.” Stated in our terms, these per-
spectives claim that the anti—status quo forces dominate, yielding a
negative gender gradient (at least across the 0 to 50% gender com-
position range).

Thus far, we have focused on the sign of the gender gradient, but
we now turn to how the magnitude of the gender gradient might
differ depending on other applicant features. In particular, we con-
sider applicants’ membership in minority or majority social groups.

Studies of intersectionality suggest that groups that are disadvan-
taged on multiple dimensions (e.g., both gender and majority/mi-
nority status) might face larger disadvantages than groups that are
disadvantaged on fewer dimensions (34-36). When pro-status quo
forces dominate, then, one can expect that the positive gender gra-
dient should be steeper for disadvantaged groups and shallower for
advantaged groups. That is, we expect pro—status quo forces to
operate more strongly on disadvantaged than advantaged groups.
If, however, anti-status quo forces dominate, then the negative

Pro-status quo forces dominate
(positive gender gradient)

gender gradient should also be steeper for disadvantaged groups
and shallower for advantaged groups. Under an anti—status quo
mindset, hiring managers would take advantage of any opportunity
to correct multiple imbalances at the same time.

These possibilities are summarized in Fig. 2. The left facet shows
how, if pro—status quo forces dominate, the gender gradient is more
positive for disadvantaged groups than for advantaged groups. The
right facet shows how if anti—status quo forces dominate, the gender
gradient will be more negative for disadvantaged groups than for
advantaged groups. In the empirical section, we will measure the
gender gradients separately for majority and minority social groups.

Mechanisms of gender discrimination

Before turning to the design and results of our empirical meta-re-
analysis, we briefly pause to offer a “theoretical” meta-analysis or a
synthesis of the theoretical frameworks used by our study authors to
explain the mechanisms through which applicant gender affects
hiring decisions. We manually coded the mechanisms described
in 51 papers (encompassing 57 studies) into five broad categories,
described in brief below. We include a sixth category for studies
whose theory sections were not about the mechanisms through
which applicant gender results in hiring decisions. Figure 3 shows
the results of this exercise.

Most commonly, authors draw the distinction between taste-
based and statistical discrimination (37-40). Statistical discrimina-
tion is the term used to describe the heuristic inferences employers
draw about applicants’ productivity on the basis of the sparse infor-
mation available to them (41-43). Employers’ inferences can be
based on accurate information about group productivity or they
can be based on inaccurate stereotypes (44, 45). Taste-based dis-
crimination, by contrast, refers to the notion that employers have
an inherent preference (“taste”) for individuals who belong to
certain social groups (46). Sexist, misogynist, or misandrist employ-
ers may actively discriminate against members of different gender
groups because of their gender per se and not because of the pro-
ductivity characteristics that may be stereotypically correlated with
their gender in a given setting.

Anti-status quo forces dominate
(negative gender gradient)
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Fig. 2. Gender gradient (how the CATEs of being a woman depend on gender composition), depending on whether pro— or anti—status quo forces dominate

and on membership in an advantaged or disadvantaged group.
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The second most common framework for describing the mech-
anisms through which gender discrimination occurs is gender ste-
reotypes, broadly conceived. These stereotypes may be either
descriptive or prescriptive (47, 48). The stereotype content model
(49-51) describes how stereotypes for men (e.g., competence) and
women (e.g., warmth) may result in employment discrimination. In
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a similar vein, role congruity theory predicts that gender discrimi-
nation derives from the congruence of gender roles with occupa-
tional roles (47). Correspondingly, these stereotypes might fuel
the perception that women exhibit a “lack of fit" in men-dominated
occupations and vice versa (48, 52, 53).

Taste-based versus statistical discrimination.

Statistical discrimination occurs when employers infer

, (correctly or incorrectly) applicants' productivity from their gender.
Taste-based discrimination occurs when employers have a preference
for applicants of a certain gender, regardless of productivity beliefs.

31

Stereotypes, including those based on cultural beliefs or
conceptions of the ideal worker (perceived lack of fit).

Major strands of stereotype theory include role congruity theory
and the stereotype content model.

o:

Study does not explictly describe
the mechanisms of discrimination based on gender,
“y) usually because theory was focused on mechanisms
behind other randomized CV elements,
e.g., race, sexuality, or beauty.

4 Intersectional theories of discrimination that allow

PY the mechanisms explaining gender discrimination to differ
depending on the level of other socially salient characteristics,
e.g., race, sexuality, or social class.

@ Homophily or in-group favoritism.

Implicit bias or an automatic and unconscious preference
for applicants of a particular gender

Fig. 3. Overview of the discrimination mechanisms discussed in the studies included in the meta-analysis.
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Beyond these two largest categories, authors have also turned to
theories of implicit bias, homophily, and intersectionality to explain
the mechanisms of discrimination. Theories of implicit bias empha-
size that biased employment decisions may not be rooted in em-
ployers’ conscious beliefs about applicants’ productivity but
rather in their automatic and unconscious reactions to applicants’
gender and exposure to pervasive stereotypes (54-57). In the same
vein, Moss-Racusin et al. (58) report an experiment that shows that
science faculty (regardless of their own gender) from research-in-
tensive universities rated men as more hireable and competent
than equally qualified women. Furthermore, in a laboratory study,
implicit attitudes about race (as measured by an implicit attitudes
test) were found to correlate with evaluations of hypothetical
resumes (59).

Homophily, in general, refers to the tendency of group members
to prefer in-group members to out-group members (60). Discrim-
ination based on homophily would occur if hiring managers prefer
applicants of their own gender to those of a different gender. Last,
theories of intersectionality (61, 62) emphasize that whatever the
precise mechanisms of gender discrimination may be, they likely
differ for members of different socially salient groups.

Most of our included studies were published in either economics
(24) or sociology (14) journals, with a handful of studies published
in interdisciplinary, psychology, or management science journals
(13). All five groups of theories are represented in multiple disci-
plines. That said, we see in Fig. 3 that the taste-based versus statis-
tical discrimination framework is more common in economics and
the stereotype explanation is more common in sociology. We view
these explanations as more complimentary than competing. Em-
ployers who engage in statistical discrimination use stereotypes to
infer applicant productivity from their gender; homophily may rep-
resent one flavor of taste-based discrimination among others.

Audit experiments do not provide information that would allow
researchers to determine which mechanisms are at play in a given
setting, as they randomize the treatment (the gender of the appli-
cant) through names, photos, or direct disclosure and measure
the posttreatment outcome (hiring decisions) but do not measure
any intervening variables. An early hope for audit experiments
was that they would yield evidence of taste-based discrimination
by directly providing productivity information in CVs. However,
this hope was soon dashed because even conditional on the ob-
served features of the CV, employers may draw heuristic inferences
about unobserved characteristics. From audit experiments, we learn
about the level of gender bias in a setting, but we do not learn about
the mechanisms that explain gender bias. Bohren et al. (63) raise a
related concern that while audit experiments can measure “direct”
discrimination, they cannot measure the “systemic discrimination”
that yields group-based inequalities in signaling technologies. Our
goal in the following empirical section is to use the existing exper-
imental record to learn how the level of gender bias covaries with
the occupation gender composition, not to distinguish among po-
tential mechanisms through which discrimination may occur.

Design

Using the terms given in (64), we now describe our data strategy
(how we collected and prepared our data) and our answer strategy
(how we summarized the resulting information).

Galos and Coppock, Sci. Adv. 9, eade7979 (2023) 5 May 2023

Data strategy

We attempted to collect all published employment audit experi-
ments that randomized applicant gender, regardless of whether
the main focus of the study was applicant gender or some other
characteristic. We followed the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) method (65) for
conducting systematic reviews. We searched for studies on Google
Scholar and Web of Science using the keywords “field experiment
gender,” “field experiment labor market,” “experiment gender,” “ex-
periment labor market,” “gender discrimination,” “discrimination
testing,” “correspondence testing,” and “hiring discrimination.”
The PRISMA search process yielded over 70 papers that met our
inclusion criteria. Figure $6.66 is a "PRISMA flow diagram” that il-
lustrates the search strategy and reports the number of records re-
tained at each stage of the process. We have obtained or
reconstructed the microdata for 51 such papers, for a total of 57 sep-
arate audit studies (4, 8, 9, 11, 13-16, 66—108). Figure S.2.2 shows an
“evidence map” of where and when these studies were conducted.
The explosion in audit experimentation began around 2005, mainly
in Europe and North America.

All included studies met two criteria. First, the gender of the ap-
plicants must have been randomized; studies that did not randomize
gender were excluded. Some studies included applications from
both men and women, but they were sent systematically to different
kinds of job openings [e.g., (7, 109)]. We note that the effect of ap-
plicant gender was not always the primary inferential target of the
studies we do include; some were designed to study other things like
the effects of race or beauty. Second, the outcome variable must
have been employers’ binary hiring decision. We took an expansive
view of “hiring decision.” In most studies, the hiring decision was
whether the applicant received a callback. In some, the decision
was whether the applicant was asked to interview. In no cases was
the hiring decisions the actual hiring of the applicant because the
applications were all fictitious, as required by the design.

One drawback of this measurement strategy is that we can only
learn about gender discrimination at the early stages of the hiring
process, but discrimination could be different at later stages. For
example, suppose at the interview stage, men-dominated firms
use an anti—status quo policy like a gender quota, aiming to invite
equal numbers of men and women to interview. If women and men
are nevertheless evaluated differently at the interview stage, the
audit experiment design would fail to measure such discrimination.

We obtained original datasets where possible and reconstructed
datasets from reported tables and figures where necessary. From
each study, we collected as fine-grained information as was possible
on the country, year, and occupation for each job opening, as our
goal is to estimate CATEs at the country-year-occupation level.
Some studies were conducted in multiple countries, but the report-
ed data were not disaggregated by study site, so we average over
country in such cases. Some studies did not disaggregate by occu-
pation, so we average over occupation in those cases. A description
of all included studies is offered in the study manifest reported in
the table S2.1.

We aimed to measure the gender composition of each occupa-
tion in the relevant country and year. To do so, we associated each
job opening with an International Standard Classification of Occu-
pations (ISCO) code (ISCO-08, or the two-digit, submajor group
level code). When the original study authors provided the ISCO
code, we followed their coding. Otherwise, we associated each
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occupation in each study with an ISCO code, following documen-
tation from the International Labour Organization website (110).
That same organization compiles gender composition information
at the ISCO-08 level for each country and year. Where possible, we
obtain the fraction of employees who are women at the country,
year, and occupation level. For some countries, annual data were
not available, so we rely on the fraction of women measured at
the country and occupation level. This substitution is imprecise,
but we do observe that in countries for which complete data were
available, the fraction of women in an occupation does not typically
vary much over time. Last, in a handful of cases, country-occupa-
tion level data were not available, and in those cases, we substituted
in the average occupation-level estimate. Although the resulting es-
timates of gender composition are undoubtedly measured with
some error, we take comfort that it correlates quite well with the
coarse categorizations given by the study authors who characterized
occupations as being men-dominated, women-dominated, or
gender-balanced (see Fig. 4). A further source of measurement
error derives from the heterogeneity within occupations in gender
composition (111). Because occupation is the lowest level of aggre-
gation at which we can summarize the experimental evidence, the
measurement error associated with averaging over the within-occu-
pation heterogeneity unfortunately cannot be avoided. However, we
note that to the extent that the measurement error in gender com-
position is orthogonal to gender bias, our estimates of the gender
gradient will be attenuated toward zero.

We harmonized measurements of applicants’ membership in a
majority or a minority social group. This feature was chosen by the
original authors using setting-specific definitions. For example, in
the United States, the majority category usually refers to white
people and the minority category usually refers to Black people
(93). In a study conducted in the Netherlands, the minority category
is applicants of Moroccan descent and the majority category is ap-
plicants of Dutch descent (99). We fully admit that the majority and

minority labels mean different things in different contexts, but we
proceed with this coarse labeling in an effort to evaluate the differ-
ential gender gradient theoretical predictions, which do not depend
on the otherwise important distinctions across these categories. We
were only able to reanalyze studies along this dimension if majority-
minority status was randomized and distinguished in the replication
or reconstructed dataset.

We also attempted to collect all survey experiments that random-
ized the gender of hypothetical candidates for employment, al-
though we do not claim that our search for such studies was
exhaustive. Accordingly, we report provisional meta-analytic
results of these survey experimental estimates of gender discrimina-
tion in section S3.

Answer strategy

We describe our study as a meta-reanalysis because we first reana-
lyze each study and then meta-analyze our reanalyses. The reanal-
ysis step proceeds as follows. First, we estimated the CATEs of being
a woman (versus a man) on the binary hiring decision by subtract-
ing the callback rate among men from the callback rate among
women in a given study and occupation. The resulting treatment
effect estimates are in percentage points.

Where multiple applications were submitted for the same posi-
tion, we clustered our standard errors by job opening. In some of
our reconstructed datasets, we were unable to reconstruct the job
opening clusters, so we report unclustered (HC2) SE estimates in
those cases. When we compare the clustered (CR2) and unclustered
(HC2) SE estimates for the cases in which we can cluster, we find
that the clustered SE is sometimes larger, sometimes smaller, never
by much. Because random assignment of gender is carried out
within cluster (as in a blocked experiment), clustering the SEs is
not strictly necessary when characterizing within-sample uncer-
tainty. That said, whenever possible, we follow (112) to cluster at
the level of sampling or assignment, whichever is higher. In five

Conditional average treatment effect

0% 25%

50% 75% 100%

Status quo gender composition (share of women in occupation)

Fig. 4. Study-occupation level CATE estimates of signaling applicant is a woman versus a man on callbacks. Point size is proportional to meta-analytic weight. The
regression line is derived from the model reported in column 1 of Table 1. The gender composition categories (as given by study authors where available and by us
otherwise) are distinguished by color and shape (green circles, men-dominated; orange triangles, gender-balanced; blue squares, women-dominated).
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occupation settings, no applicant (man or woman) received a call-
back, so in those cases, we used the adjustment described in (113) to
estimate an SE. We present CATE estimates for all 57 studies in
section S4.

The meta-analysis step conducts random effects meta-regression
of the CATE estimates on the gender composition variable. The
random effects model is given by y; ~ A (a + Bx;, T° + &%), where
y; is the true CATE for study-occupation i, assumed to be drawn
from a normal distribution with a mean of a plus p times the
gender composition covariate x; and with a variance that is the
sum of two variance terms, the between-study variance t* and
within-study sampling variance £, We use maximum likelihood
to estimate this model. Our main interest is the estimate of f,
which we refer to as the gender gradient. From a theoretical per-
spective, we do not assume that the gender gradient must be
linear, so we interpret {3 as a linear approximation of the possibly
quite flexible conditional expectation function.

RESULTS
We present our results in two sections, our main analysis of the
gender gradient and then our secondary analysis of how the
gender gradient depends on majority versus minority status.
Figure 4 plots the gender composition of each study-occupation
on the horizontal axis and the associated CATE estimate on the ver-
tical axis. Each point is sized proportionally to the weight that it re-
ceives in the meta-regression, with estimates that are more precise
receiving more weight than estimates that are less precise. The meta-
regression fit and 95% confidence region are overlaid on the data.
The meta-regression estimate itself is shown in column 1 of
Table 1. We find that gender gradient is 8.15 with an SE of 1.50.
In an occupation with 0% women, we would expect the average
CATE to be —3.02 percentage points and in an occupation with
100% women, we would expect the average CATE to be —3.02 +
8.15 = +5.13 points. The magnitude of these biases is higher in
women-dominated occupations than in men-dominated occupa-
tions, by a statistically significant 2.10 points (bootstrapped SE:
0.58), perhaps suggesting that pro—status quo forces operate differ-
ently across contexts. In columns 2 through 5 of Table 1, we present
a series of fixed-effect models that variously include indicators for
country, year, country and year, and study. Across these specifica-
tions, the estimated gender gradient remains quite stable, indicating
that the overall pattern that we observe in Fig. 4 also holds within
subsets of the data.

Next, we investigate how the gender gradient may differ for dis-
advantaged groups versus advantaged groups. Figure 5 shows the
gender gradient separately for minority (in blue triangles) and ma-
jority subjects (in red circles). Contrary to expectations, the gender
gradient is quite similar for these two groups. The third column of
Table 2 shows that while it is true that the gender gradient is esti-
mated to be steeper for minority applicants than for majority appli-
cants, the uncertainty attending to the estimates is too great to
declare the difference between them statistically significant.

On the whole, our results do not provide a clear answer to the
question of whether the gender gradient is steeper for disadvan-
taged groups. Our best guess from the available evidence is that it
is, but this guess is quite uncertain.

DISCUSSION

We set out to synthesize what has been learned over the past four
decades from the repeated application of a single research design
(the employment audit experiment) to a difficult measurement
problem (the presence of gender-based employment
discrimination).

We might describe this literature as “mixed,” because some
studies find bias against women, some find bias against men, and
still others uncover no evidence of bias either way. Alternatively,
we might characterize this whole literature with a single number
summary like the meta-analytic average treatment effect, which
turns out to show a weak pro-woman bias overall. Both of these
characterizations would miss the point. To synthesize this research
literature, we need to describe those contexts in which effects will be
positive and those in which they will be negative.

Our meta-reanalysis breaks each study down by occupation, re-
estimates gender bias within occupation, and then arranges the es-
timates according to the gender composition of each occupation.
We learn from this procedure that gender composition predicts
gender bias. The gender gradient is positive: Women are discrimi-
nated against where there are few women, and men are discriminat-
ed against where there are few men. Although this positive gender
gradient hypothesis has been posited since the earliest audit exper-
iment and likely before, the typical audit experiment is underpow-
ered to demonstrate it. As described in section S5, we can obtain
study-specific gender gradient estimates for 37 of our studies,
only 7 of which reach statistical significance. Informally speaking,
this analysis puts the statistical power of the average gender employ-
ment audit study to detect the gender gradient at 7/37 = 19%.

Table 1. Meta-regression estimates of the gender gradient. *P < 0.05, **P < 0.01, and ***P < 0.001.

Model 1 Model 2 Model 3 Model 4 Model 5
Intercept —3.02%** —2.48 —5.43** —5.20** 1.05
(0.81) (1.58) (1.91) (1.82) (1.96)

Gender gradient 8.15%** 8.33%** 8.69%** 7.97%** 7.51%%*
(1.50) (1.58) (1.56) (1.57) (1.54)

Fixed effects

None Country
Tau.squared 12.57 11.71
Nobs 298 298

Galos and Coppock, Sci. Adv. 9, eade7979 (2023) 5 May 2023
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Conditional average treatment effect

E] Majority
Minority

0% 25%

50% 75% 100%

Status quo gender composition (share of women)

Fig. 5. Study-occupation level CATE estimates of signaling applicant is a woman versus a man on callbacks, conditional on majority/minority status. Point size is
proportional to meta-analytic weight. Regression lines derived from models reported in columns 1 and 2 of Table 2. Estimates for majority group applicants plotted as red

circles and as blue triangles for minority group applicants.

Learning about the gender gradient across many contexts requires
the systematic aggregation of many dozens of experiments conduct-
ed on many tens of thousands of employers.

It might seem like our main finding reflects “equal opportunity
bias” because bias against women is mirrored by bias against men,
but this interpretation is misleading. Wages are not equivalent
across industries: Men are advantaged precisely in those industries
that are higher-paying, and women are advantaged in lower-paying
settings (17-19). We attempted to confirm a negative gender gradi-
ent with respect to wages, but unfortunately, the requisite occupa-
tion-level wage information was not available.

In our theory section, we described how a positive gender gradi-
ent would occur if pro—status quo forces dominate and how a neg-
ative gender gradient would occur if anti-status quo forces
dominate. We find clear evidence of status quo bias in this body
of evidence. Hiring practices do not appear to be tuned to correct

imbalances in gender composition; instead, they seem to reinforce
them. This finding accords with what some describe as a “stalled” or
“slowed gender revolution” (114, 115), where progress toward
gender employment equality in occupations has slowed.

Audit experiments are rightly praised for measuring discrimina-
tion in real-world contexts, and hypothetical vignette experiments
conducted with survey respondents are rightly criticized for their
artificiality. For example, Incerti (116) compares survey and field
experimental estimates of the effects of corruption information
on support for politicians, finding that the survey experimental es-
timates overstate the field experimental estimates by an order of
magnitude. With that backdrop, it is all the more unexpected that
our provisional meta-analysis of the survey experimental record on
gender bias in hiring also recovers a positive gender gradient (see
fig. S3.3).

Table 2. Meta-regression estimates of the gender gradient by majority/minority status. *P < 0.05, **P < 0.01, and ***P < 0.001.

Model 1 Model 2 Model 3
Intercept —1.55 —-3.72 —3.73%
(1.31) (1.13) (1.14)
Gender gradient 5.70% 9.08*** 9.171%¥*
(2.50) (2.26) (2.28)
Majority status 2.19
(1.74)
Majority x gradient -3.42
(3.37)
Sample Majority status group Minority status group Both groups
Tau.squared 6.60 6.28 6.44
Nobs 91 96 187
Galos and Coppock, Sci. Adv. 9, eade7979 (2023) 5 May 2023 8 of 11
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One important limitation of audit experiments is their reliance
on fictitious resumes. The resumes must be fictitious because we
cannot otherwise randomize applicant gender. As a result, we are
only able to measure gender bias when employers do not already
know the applicants, as in entry-level positions. Audit experiments
are therefore not well suited to study employment discrimination at
the promotion stage [for a clever exception see (71), which found
that women, relative to men, receive fewer callbacks when applying
for jobs that are at a higher level compared to their current job]. Al-
though we cannot demonstrate this claim with experimental evi-
dence, we would extrapolate from our meta-analysis that the
gender gradient that we see across occupations would also occur
within occupations. To the extent that higher ranks within an occu-
pation are dominated by men, we would expect bias against women
for promotion, i.e., a glass ceiling (117, 118).

The audit experimental record on gender bias in hiring currently
stands at over 70 studies and by synthesizing 57 of them, we learn
that gender composition predicts gender bias. What is there left to
learn about gender bias from audit experiments?

First, we have have very large gaps in our evidence base.
Figure S2.2 shows where and when the existing studies were con-
ducted. Most were conducted in North America and Europe since
2005; only a handful of studies have been conducted in South
America, Asia, or Africa. That said, our expectation is that if we
were to conduct audit experiments in those places, we would
again recover a positive gender gradient.

Second, we might wish to conduct future experiments in exactly
those places where we expect a deviation from this pattern, i.e.,
where we expect positive effects in men-dominated settings or neg-
ative effects in women-dominated settings. Such a deviation would
require that anti—status quo forces (affirmative action policies or
similar) dominate the forces that maintain the status quo. Future
audit experiments should deliberately choose research sites under-
going change to show the reductions in bias that accompany affir-
mative action.

Last, future audit experimenters should heed the advice of Butler
and Crabtree (119) to “move beyond measurement,” which is to say
we should marry the inferential powers of audit experiments for
measuring gender bias with randomized interventions for reducing
gender bias. For example, Fang et al. (120) test the effectiveness of a
policy to reduce housing discrimination on the basis of race in
New York City by randomizing the policy and then measuring
housing discrimination with an audit design. Previous literature
suggests some routes forward for reducing gender bias, e.g., (23,
121), that could be profitably crossed with future audit experiments.

Supplementary Materials
This PDF file includes:

Sections S1 to S6

Figs. S1.1 to S6.63

Table S2.1
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