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Abstract

Hiring discrimination is illegal, morally distasteful, and seen as incom-
mensurate with modern societal ideals. From an economic perspective,
if employers hire based on anything other than an applicant’s expected
productivity they are behaving inefficiently. If group markers are imper-
fect signals of productivity, discrimination is also inefficient. Measuring
discrimination is a substantial practical challenge but indispensable to
policy development and theory evaluation. This thesis focuses on corre-
spondence testing, experiments where researchers create fictitious ap-
plicants who apply for real jobs, and then analyze differences in re-
sponses between groups to arrive at credible estimates of discrimination.

In chapter I, “Do ethnicity and sex of employers affect applicants’
job interest? An experimental exploration,” co-authored with Ali Ahmed
and Niklas Ottosson and published 2020 in Journal for Labour Market
Research, we present the findings of a survey experiment. We tested the
novel hypothesis that job seekers may discriminate against employers
based on ethnicity or gender when they are choosing jobs to apply to.
Ultimately, we concluded that the survey experiment provided no evi-
dence of such discrimination.

In chapter II, “Hiring discrimination against transgender people:
Evidence from a field experiment,” co-authored with Per A. Andersson
and Ali Ahmed and published 2020 in Labour Economics, we present
the findings of a correspondence experiment that tested for hiring dis-
crimination against transgender applicants. We found that transgender
applicants were indeed discriminated against in hiring, but that there
were some important nuances. For example, transgender men seemed to

be discriminated against in male-dominated occupations because they



were transgender and in female-dominated occupations because they
were men.

In chapter III, “Gender discrimination in hiring: An experimental
reexamination of the Swedish case,” co-authored with Ali Ahmed and
Shantanu Khanna published 2021 in Plos One, we present the findings
of a study that combined data from three previously published corre-
spondence experiments. Although these experiments were originally de-
signed to test other hypotheses, we used the data to test for gender dis-
crimination in hiring. We found discrimination against males, largely
driven by female-dominated occupations.

In chapter IV, “An assessment of the correspondence testing meth-
odology,” I describe and analyze the methodology and ethics of corre-
spondence tests. I do this by reviewing the 199 correspondence studies
published between 2005 and 2020, focusing on methodological choices

and the ethical implications of those choices.
Keywords: Discrimination, Job search, Labor demand, Labor supply,

Field experiment, Correspondence test, Transgender people, Gender,

Experimental design, Research ethics.
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Introduction

Having a job is an integral part of people’s lives and identity. It is a finan-
cial necessity for all but the most fortunate, and a basic source of social
interaction and self-realization in the lives of many. Yet, despite societal
ideals of equality of opportunity and widespread legal prohibition of dis-
crimination, access to jobs does not seem to be equal across different
groups. Registry data shows disparities in both wages and employment
rates between majority and minority groups and between men and
women (Blau & Khan, 2017).

It can be tempting to take these apparent differences as evidence
of discrimination. Results from these types of data, however, say almost
nothing about the mechanistic reasons behind outcome differences, no
matter how many factors we control for in producing our difference esti-
mates. This is why social scientists who study labor market discrimina-
tion have adopted experimental methods. The idea is that if we can in-
duce experimental variation into situations where real decisions which
affect peoples’ outcomes are being made, then we can arrive at persua-
sive causal estimates of discrimination.

The work in this thesis is chiefly concerned with hiring discrimi-
nation, one possible mechanism behind differences in outcomes. Dis-
crimination in hiring is a known barrier for many disadvantaged groups
(for a review of the evidence, see chapter IV, Lippens et al. 2021, or Neu-
mark 2018). The purpose of this thesis was to study hiring discrimination
from new perspectives and experimental approaches in hope of generat-
ing useful insights for future research and for policymakers. The most
compelling evidence of hiring discrimination now comes from corre-
spondence tests, where the researcher constructs fictitious applications

and sends them to real employers with jobs to fill. By experimentally



manipulating what group these fictitious applicants belong to, differ-
ences in positive employer responses, or “callbacks,” can be analyzed.
While not the originators of the method, Bertrand and Mullainathan
(2004) popularized its use and inspired many successive correspondence
tests. In chapter IV I critically review the 199 correspondence tests pub-
lished since theirs.

This introduction proceeds as follows. In the next section I dis-
cuss the theoretical foundation of economists’ study of discrimination. I
then give a brief description of the methods we can use to test for hiring
discrimination with a focus on the methods used in the different chapters
of this thesis. Finally, I summarize the work that makes up the four chap-

ters of this thesis.



Discrimination in theory

Discrimination is a broad term. After all, even pigeons “discriminate” be-
tween objects (Lazareva et al., 2006), and any human action entails dis-
crimination in this broader sense. In this thesis, discrimination is under-
stood as the differential treatment of people from a group because of
their membership in that group. This thesis examines discrimination
based on ethnicity (Chapter I), gender (Chapters I-IIl), and gender iden-
tity (Chapter II). Chapter IV covers all correspondence studies published
between 2005 and 2020 regardless of their group of interest.

Beyond our moral qualms about discrimination, as economists
we are obliged to point out that any discrimination against people who
are equally qualified for a job and whose labor costs the same would be
evidence that firms are not profit-maximizing, a fundamental theoretical
assumption in neo-classical economic theory. Why would a firm, which
exists solely to maximize its profits, ever see fit to pay more for a man, if
he is just as qualified as a woman applying for the same position? Such
behavior would be inefficient and unsustainable in fully competitive
markets. Becker’s (1957) answer was to add to the firm’s profit function
an experienced cost of hiring people from a certain group. The profit
function is a simple tally of all firm revenue minus all of its costs. Becker’s
insight was that if we are willing to include subjective costs in this model
it will be a better fit to reality, where discrimination is observed as a
matter of course. One could certainly argue that a model which includes
such subjective costs in the profit function is not showing firms as
objective profit maximizers; instead, they are maximizing their utility.
However, the model seems to be a better fit to reality and much empirical
work has been undertaken to identify this coefficient of discrimination.

This is often referred to as “taste-based discrimination.”



Another possibility is that employers may be using someone’s
membership in a certain group as a signal of some unobserved
productivity-relevant attribute. This seems a logical way for employers
to compensate for their inability to fully observe the real productivity of
applicants. For example, assume men as a group are on average stronger
than women as a group. If an employer wants to hire someone for a
physically demanding job, and applicants do not mention their physical
strength in their application, then the employer may use the inherent
gender signal in the applicant’s name as a proxy for ability to perform the
specific task. This could lead to unusually strong women being passed
over in favor of weaker men. This is an example of statistical
discrimination which was concurrently proposed by Phelps (1972) and
Arrow (1973). Here, the employer is acting in a profit-maximizing
manner to overcome an information asymmetry which unfortunately
results in discrimination against some applicants.

When statistical discrimination is discussed, it the focus tends to
be on mean group differences, as in the example above. But the argument
applies to any group differences that are difficult for employers to
observe. Let’s say that the distribution of ability in a group is
approximately normal. Assuming limited information on ability, a
difference in mean between two groups would incentivize employers to
discriminate against the group with the lower mean because an applicant
from the higher mean group would be more likely to be more capable
(this mimics the reasoning in the strength example). Similarly, if mean
ability is the same but one group has a higher variance in ability, then in
some situations the employer should favor the high-variance group and,

low-variance group in others (Aigner & Cain, 1977).



Figure 1. Example: Differences in the variance of ability between groups

Density

Ex. 1 Mean Ex. 2 Ability

Source: Author’s illustration. This graph illustrates an example of how
group differences in the variance of ability may influence employers’ de-

cisions about applicants from those groups.

Figure 1 illustrates this concept with an example of normally
distributed ability with equal mean but unequal variance between groups
A and B. Imagine that we want to choose the most able applicant in a
situation where we have reason to believe that all of the applicants lie in
the upper part of the ability distribution (i.e., above Ex. 2) then we are
incentivized to prefer group B. If instead the situation has only excluded
the least able (Ex. 1) then we should prefer group A. This means that
group-level differences in statistical moments can affect the outcomes for
individuals. As these are the first two moments of the distribution, we

can call conventional statistical discrimination on the mean “first



moment statistical discrimination” and discrimination on the variance
“second moment statistical discrimination” (Neumark, 2012). There is
not much reason to assume that higher moments should be excluded
from this reasoning, for instance, a negative skewness (the normal
distribution “leans” to the right) means we can construe cases in a similar
way where group signals can be useful signals of ability. This is a
roundabout way of saying that differences in the distribution of group
ability matter.

Suppose then that we wish to document empirical evidence of
discrimination. A useful starting point is to construct a mathematical
model which describes the outcome that we wish to explain. We can then
collect the data and estimate the model. Since we are concerned with
hiring discrimination, we can construct a model for the binary outcome
Y; which takes either the value 1if person i is hired and the value o if they
are not. Note that the outcome here (hire) is used without loss of
generality as the illustration would also work with any outcome which is
typically more available in registry data such as wages or work tenure.

To model hiring as Y;, we first note that the hiring outcome could
depend on many factors. As discussed, i’s belonging to a certain gender
or other protected group may have an effect, and so may their education,
strength, physical appearance, experience, familial connections,
personality and so on. Let us suppose that we can make a complete list
of these factors and that we call it X;. This is what we would call a vector,
but really it is just a list of values for each attribute of individual i that

could conceivably affect whether they are hired or not. That is, the vector



education
strength
appearance
experience
connections

Xi=

where each row contains the value for each attribute of individual i. Take
note of the “,” this list goes on forever, because there could be an infinite
number of possible attributes that may explain whether or not a person
is hired.

We also need a value, or a “weight” for each attribute in our model
so that, when we estimate these weights, we can learn how important
each attribute is for whether i is ultimately hired or not. We can denote
these weights as S. This is also a vector with values for each row of X;.
For example, say we estimate a value of 0.01 for B, ucation- If the
education row in X; is measured as years of schooling, then B.qycation =
0.01 would imply that one year of additional education would increase
the probability of being hired by 1%. Also, there is always the possibility
of some noise. We cannot expect to produce a perfect model for each i,
so we also include a normally distributed noise term, ¢; ~ N(0,1). Thus,

our model is

Yi =ﬁXi +€i.

We want to measure differences in hiring probabilities for
protected groups so, given the theme of this thesis, gender seems an apt
example. With the preceding exposition, a variable for gender would
conceivably fall within vector X; as a variable that may affect one’s hiring

probability, but for our purposes it is simpler to include it in the model



separately; we can call it F; which takes the value 1 if i is female and o
otherwise. We also need an estimatable weight for F; which we can call

6. Our model is then

Yi = 8Fi+ﬁXi+€i'

To estimate the weights in this model, § and our list of 8’s, we
need data. For arguments sake, let us say we have a complete and
detailed dataset on hires in the Swedish public sector. We can use this
hypothetical dataset to populate our list of important factors X;.
However, is it reasonable to assume that we could ever complete the list?
We might have data on education and work experience, but are we likely
to have data on appearance or strength in a registry? Even if we do, do
we have data on personality or intelligence? On interpersonal skills? On
connections?

The simple answer is no, we cannot fully populate X;; in practice
it will always be incomplete. One might think, so what? The unobserved
X;’s will just be noise and we already have ¢; to account for noise. The
problem arises if some of these unobserved X;’s are correlated with
gender (F;) and with Y; then clean identification of §, the goal, is
impossible. In such a situation, we cannot say if observed gender
differences in hiring probability are actually due to gender or to the
unobservable differences between men and women as groups. This
highlights a serious limitation with using registry-type data to study
discrimination (and is really just an example of a much broader problem,
omitted variable bias). Fortunately, discrimination research in
economics and the other social sciences has come a long way in

developing methods that avoid this problem.



Measuring discrimination

The solution to the omitted variable problem is rather elegant: We simply
construct a situation where gender is uncorrelated with X;. This is where
experimental methods come in. If the researcher can randomize the
gender signal, then that randomization makes gender uncorrelated to
both observable and unobservable X;’s, and ¢ is identifiable. In registry
data, such randomization is nigh impossible—we cannot experimentally
change an individual’s gender. In experiments, however, we can create
the situation, so we are able to include and randomize the factors which
interest us and leave the rest of X; as noise in ¢ while remaining
confident that those unobservables do not correlate with F; due to
randomization. In this way we can produce a credible estimate of § as
well as the B’s for any X;’s of interest.

There are a few ways to create the situation so that we have
experimental control and can randomize treatment. For example, the
setting in lab experiments is artificial, but choices can be incentivized
such that people are prone to making realistic decisions. Indeed,
economic lab experiments have been used to document discriminatory
behavior (see Lane, 2016, for an overview). The first chapter of this thesis
covers another alternative method: a survey experiment where the
situation is just as artificial as in the lab, though the full experimental
control of the lab is lacking. The rest of the thesis is concerned with
correspondence studies, a type of field experiment where fake
applications are sent to real jobs. This type of experiment comes as close
as possible to the natural setting of hiring decisions, and as a result the
incentives for decision makers are as real as they can be. The fact that
experimental variation can be introduced in the CV and personal letter

through randomization of names or other details ostensibly means that



there are no unobservable omitted variable problems and that
straightforward estimates can be generated. Indeed, this is the best
method we have for producing such estimates, but it is not without
problems. I cover the problems in detail in chapter IV but will summarize
them here.

One problem is that these studies capture only official job
matching channels and can only measure discrimination at the initial
stages of the hiring process. There is not much to be done about this
limitation beyond finding alternate methods, but with these experiments
being the best we have at the moment, we are forced to take this
limitation as given.

Another problem is that correspondence studies are often
matched, meaning that more than one application is sent to each job
advert. Phillips (2019) shows that matched experiments may introduce
a bias in estimates. The logic is quite simple: The likelihood of a job
application to garner a callback depends on the quality of the other
applications, and in matched tests the applications that the researcher
observes always compete with certain other applications. This risks
artificially lowering or raising the response rate of observed applications,
biasing estimates of discrimination in unpredictable ways.

Heckman and Siegelman (1993) show that, even in experimental
settings, the variance of unobservables may affect estimates of
discrimination. The logic is the same as that given in the theoretical
discussion in the preceding section. The problem is that, if we presume
unequal variances of productivity between groups, then the quality of
applications relative to the applicant pool and the threshold which
employers use for applicants will decide where in the distribution we are
(Figure 1) and how likely the employer is to favor one group over another.

The quality of applications and the ability threshold are not observable

10



and are thus difficult to control for. In practice we can use Neumark’s
(2012) method to identify how much this has affected estimates. Some
authors refer to this as a bias, but I am not convinced that it is. In my
view, if we call differential treatment based on the first moment
“statistical discrimination” then why shouldn’t we do so for differential
treatment based on the second or nth moment of the distribution?
Finally, running these experiments has ethical implications: We
are deceiving unwitting and non-consenting participants. We are
expending someone else’s resources in the hope that the societal value of
knowing the results of these experiments outweighs those costs. This is
why it is important for researchers to think about how much of a
contribution they are making while doing what they can to minimize the
costs imposed on others. To our knowledge, chapter II is the first study
to experimentally test for hiring discrimination against transgender
people. We hope that most would agree that the societal benefit
outweighs the costs. We did try to keep the costs as low as possible by not
collecting an overly large sample for the research question, by running
an unmatched experiment so that the cost per employer was minimized,
and by quickly declining any job offers so that employers spent as little
time as possible on fake applications. In chapter III we reuse data from
earlier correspondence tests, the ethical costs of which were already
sunk, to derive some additional societal value from existing data. I
expand on this discussion in Chapter IV, where I explain my view on the

pros, cons, and ethical challenges of correspondence testing.
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Summary of Chapters

For reasons discussed in the preceding sections, I rely on experimental
methods to test for discrimination in hiring. In the first chapter I use a
less natural setting where students are asked to rate their likelihood of
applying to a job in hypothetical scenarios. The other three chapters
focus on correspondence tests, a more natural setting where
experimental randomization is used in the context of real job
applications. In chapter IV, I discuss the measurement of discrimination
at length, and add to critiques of these experimental methods. I now
summarize the studies which my co-authors and I designed and the
results. (All data and analysis code behind these results are available
online.)

In chapter I, I present Granberg et al. (2020a), where my co-
authors and I ask, “are employers discriminated against by the workers
who chose whether or not to apply to their jobs?” It seemed plausible to
us that an employer with a female- or Arabic-sounding name may have a
harder time attracting applications. To answer the question, we designed
a survey experiment where 889 student respondents were asked to look
at job adverts and rate their willingness to apply for the job in the
hypothetical situation that they were searching for work.

To narrow the scope but still keep the jobs general to appeal to
most students, we decided to design job postings for restaurant jobs. We
collected real postings from Sweden’s largest job search website and
edited them so that all identifiable information was removed. We then
randomized the name of the employer attached to each advert to be
either male- or female-sounding and either Swedish- or Arabic-
sounding. Each respondent rated their willingness to apply to 10 job
adverts and we found no evidence of discrimination based on gender or

ethnicity. This null result is remarkably robust across a range of
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robustness checks and alternate ways to cut the data. In the paper we
discuss how the hypothetical nature of the experiments, limitations of
stated as opposed to revealed preferences, and the student sample could
be possible explanations for the null effect and call for future work to find
ways of testing this conjecture in a more natural setting.

For chapter II, Granberg et al. (2020b), my co-authors and I
wanted to answer the question “are transgender people discriminated
against in hiring?” Despite the fact that transgender people as a group
are protected by anti-discrimination law, there had been no
experimental study that had attempted to answer this question. Most of
the evidence we could find was based on self-reports and survey data.
Therefore, we designed a correspondence study. The key, of course, is to
find a compelling way of conveying transgender status, without having
to convey anything else in the application. This was a shortcoming of
many earlier studies which tended to convey LGBT status through the
applicant saying that they were active in an LGBT organization (e.g.,
Ahmed et al., 2013, Weichselbaumer, 2003, or Drydakis, 2009). We saw
several problems in this kind of signaling. First, one does not have to be
LGBT to belong to an LGBT organization. If LGBT status is to be inferred
from affiliation, it is difficult to know how the applicant identified: as L,
G, B and/or T? Moreover, members of these organizations are activists
in a sense, but not all LGBT people are. (These reservations are not novel;
see for example, Weichselbaumer, 2015.)

Fortunately, Sweden has a distinct advantage that we were able
to exploit. It is not uncommon for Swedes to change the name they go by,
usually to their middle names. We therefore had every application in our
experiment include a name change, where we independently randomized
the current and past names from lists of male and female names. Both

treatment and control applicants stated their name along with their old
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name in parentheses: for instance, “Emma Eriksson (prev. Erik
Eriksson)”. The one and only difference between treatment and control
applicants was whether their old name signaled the same gender as their
current name. We also used the personal letter which is common for
Swedish job applications to state that some of the future paperwork of
the applicant would be in their old name, reinforcing the treatment and
explaining why the applicant tried to avoid confusion by including the
previous name. We sent 2,224 applications to as many employers in
twelve occupations in Sweden during the spring of 2019.

We found that transgender applicants were discriminated against
in hiring on average, with transgender applicants in our sample being
about 6 percentage points less likely to receive a positive response
(34.0% as compared to 40.3%). Neumark’s method showed us that this
discrimination in the full sample was mostly second-moment statistical.
The more interesting patterns emerged when we analyzed the differences
in discrimination across business sectors, particularly when categorizing
the sectors in which one gender or the other was dominant.

Figure 2 shows the estimated probability of a callback for
differently gendered applicants on the y-axis and gender ratio in
occupation on the x-axis. As we can see, the dashed lines, representing
trans people, do tend to be lower than the full lines (cis people) in
general, reflecting the overall result. Additionally, there seem to be clear
differences between cis and trans in male-dominated occupations, as
seen by the differences in callback probabilities within colors (genders)
in the left side of the graph. This trans/cis distinction seems to fade as
we move rightwards towards female-dominated occupations where the
gender that the person is presenting as seems to take primacy as a

stronger predictor of callbacks.
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Figure 2. Estimated callback probability depending on gender mix in oc-

cupation
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Source: Author’s calculations, originally published as part of an op-ed in
the LSE Business Review. This graph shows the predicted callback prob-
ability for cis and trans (full and dashed lines) men and women (blue and

red lines) using probit estimates and data from chapter II.

In chapter III, I present Ahmed et al. (2021). In this article we
used data from three previously published correspondence tests with
similar methods and materials to test for gender discrimination in hiring.
All of the data are available at the respective article website and were
gathered from Ahmed and Lang (2017), Ahmed and Lang (2019) and
from the study discussed for Chapter II, Granberg et al. (2020b). The
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first two studies were matched tests where I had assisted with data
collection as a research assistant. These studies were about the
employability of crime offenders and victims. Though the original
experiments were matched, we realized that since gender was
randomized across application pairs, we could just drop the original
treatment observations (criminal, crime victim) and be left with half the
observations in what was essentially an unmatched test with a fully
randomized gender treatment. The data from Granberg et al. (2020b)
was unmatched to begin with and we could simply discard transgender
observations (M/F and F/M) and be left with experimental data
randomized by gender (M/M and F/F).

These data were taken from similar experiments that ran
reasonably close in time to each other (2016 and 2019) which covered 15
occupations in Sweden. Taken together, we reuse 3,254 observations
(and discard about as many treatment observations) to study gender
discrimination in hiring. We find, in line with some earlier research, that
the treatment of men and women depends on the gender mix in the
occupation to which a job-seeker is applying. We find that men are
discriminated against on average across the occupations in our sample
receiving about 5 percentage points fewer positive responses (28.5% as
compared to 33.3%). However, this effect is almost entirely driven by the
very strong effects in female-dominated occupations such as house
cleaning, childcare, and nursing.

For chapter IV I collect data on all published correspondence
studies and use meta-analytic tools to generate a general understanding
of their contributions. In this chapter I discuss how correspondence
studies have been used in practice and advocate for careful thought about
the ethical implications of allowing these experiments to grow ever

larger. What I hope readers take from this article is that the heuristic
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“large study = good study” is simplistic, misleading, and outright
dangerous when experiments involve externalities. Placing a premium
on larger samples can lead to externalities and a skewed incentive
structure for researchers in these domains.

I have learned a great deal from my work on this thesis, and I have
arrived at some insights which are of value to the scientific community,
to the public, and to policy makers. Chapter I presents the novel
hypothesis that self-employment of minorities, an important avenue for
economic integration, may be hampered if their employee pool is limited.
Despite a lack of evidence for this hypothesis, it may still be an
interesting direction for future studies. To me, the study was important
because it forced me to learn how to present a null result.

For chapter II the main contribution was that we were able to
provide causal evidence of hiring discrimination against a protected
group that had not previously been studied. The issues raised by our
findings on the difficulty of knowing the basis of discrimination against
job candidates is very important. I am pleased with how well the
treatment design turned out and with everything that I have learned
about organizing, overseeing, and managing field experiments.

The main contribution of chapter III was how clearly we could
show a result which was well known in the field experimental literature
on discrimination. An occupation’s gender mix is known to have a large
effect on the treatment of men and women in those occupations where
they are not the dominant gender, our data confirmed this result. An
interesting conjecture that our study raises is that equality efforts might
have had an impact on male-dominated occupations but not on female-
dominated ones. It seems that gender stereotypes about housekeepers
and nurses are as strong as ever, but those about mechanics or truck

drivers have weakened. If we ever want to make progress on wage
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differences this will have to change. I would also contend that this study
makes a very effective implicit argument in favor of open data.

The main contribution of chapter IV is the assertion that research
ethics matter. The way in which we conduct experiments affects the
ethics of those experiments. While I do add to the collective
conceptualization of the ethics of these experiments by drawing on
Phillips (2019), the main point of the chapter is that as researchers we
need to be responsible. Excessively large samples are unethical if
externalities are present. Also, it is up to us as researchers to convince
society that the costs we are imposing on our subjects are far outweighed
by the value of our results. This study was important to me because its
non-experimental and discourse-oriented nature forced me to work
outside of my comfort zone.

In conclusion, I hope that my work has shown the value of
experimental methods in testing for discrimination. That, while we may
have a come a long way in making blatant discrimination socially
unacceptable in many societies, there are still tacit ways in which people
are being treated unfairly and discriminated against. There is, as always,

much work still to be done.
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