0
L
o
L
n
(a4
L
o
<
o
r4
(©)
0
n
>
O
0
(a]

IZA DP No. 7619

Artifactual Evidence of Discrimination
in Correspondence Studies?
A Replication of the Neumark Method

Magnus Carlsson

Luca Fumarco
Dan-Olof Rooth

September 2013

| Z A

Forschungsinstitut

zur Zukunft der Arbeit
Institute for the Study
of Labor



Artifactual Evidence of Discrimination
In Correspondence Studies?
A Replication of the Neumark Method

Magnus Carlsson
Linnaeus University

Luca Fumarco
Linnaeus University

Dan-Olof Rooth

Linnaeus University
and I1ZA

Discussion Paper No. 7619
September 2013

IZA

P.O. Box 7240
53072 Bonn
Germany

Phone: +49-228-3894-0
Fax: +49-228-3894-180
E-malil: iza@iza.org

Any opinions expressed here are those of the author(s) and not those of IZA. Research published in
this series may include views on policy, but the institute itself takes no institutional policy positions.
The IZA research network is committed to the IZA Guiding Principles of Research Integrity.

The Institute for the Study of Labor (IZA) in Bonn is a local and virtual international research center
and a place of communication between science, politics and business. IZA is an independent nonprofit
organization supported by Deutsche Post Foundation. The center is associated with the University of
Bonn and offers a stimulating research environment through its international network, workshops and
conferences, data service, project support, research visits and doctoral program. IZA engages in (i)
original and internationally competitive research in all fields of labor economics, (ii) development of
policy concepts, and (iii) dissemination of research results and concepts to the interested public.

IZA Discussion Papers often represent preliminary work and are circulated to encourage discussion.
Citation of such a paper should account for its provisional character. A revised version may be
available directly from the author.


mailto:iza@iza.org

IZA Discussion Paper No. 7619
September 2013

ABSTRACT

Artifactual Evidence of Discrimination in Correspondence Studies?
A Replication of the Neumark Method

The advocates of correspondence testing (CT) argue that it provide the most clear and
convincing evidence of discrimination. The common view is that the standard CT can identify
what is typically defined as discrimination in a legal sense — what we label total discrimination
in the current study —, although it cannot separate between preferences and statistical
discrimination. However, Heckman and Siegelman (1993) convincingly show that audit and
correspondence studies can obtain biased estimates of total discrimination — in any direction
— if employers evaluate applications according to some threshold level of productivity. This
issue has essentially been ignored in the empirical literature on CT experiments until the
appearance of the methodology proposed by Neumark (2012). He shows that with the right
data and an identifying assumption, with testable predictions, this method can identify total
discrimination. In the current paper we use this new method to reexamine a number of
already published correspondence studies to investigate if their estimate of total
discrimination is affected by group differences in variances of unobservable characteristics.
We also aim at improving the general understanding of to what extent the standardization
level of job applications is an issue in empirical work. We find that the standardization level of
the job applications being set by the experimenter appear to be a general issue in
correspondence studies which must be taken seriously.
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1. Introduction

Correspondence studies have become an increasingly popular method for measuring
discrimination in the labor market. The standard correspondence study sends matched
pairs of qualitatively identical applications to employers that have advertised a job
opening, the only difference being the name of the applicant, which signals group
belonging (see Rich and Riach, 2002, for a survey). The degree of discrimination is
quantified by calculating the difference in the number of job invitations to interview
between the groups. The advocates of this methodology argue that it provide the most
clear and convincing evidence of discrimination. Essentially, the arguments are based on
the fact that a carefully designed correspondence study should allow the researcher to
circumvent the problem with unobserved individual heterogeneity — a common problem
in studies using administrative data. Despite this claim, there are uncertainties regarding
interpreting the group difference in callback rates for job interviews solely as arising from
discrimination. The main purpose of this paper is to investigate if these alternative
explanations are important using already published CT experiments.

A first thing to note is that without making strong assumptions the CT method cannot
separately identify the mechanisms that drive discriminatory treatment, that is, whether
the difference in callbacks across groups arises from taste based discrimination and/or
from statistical discrimination (Heckman, 1998). Not being able to decompose these
alternative explanations is certainly a drawback if one wants to decide upon policy
measures to prevent discrimination in hiring. On the other hand, one might argue that the
most policy relevant issue is to provide proofs of discrimination, and both taste based

discrimination and statistical discrimination fall under the legal definition of



discriminatory practices.! In the reminder of this paper we will refer to total
discrimination as their common impact on the difference in callback rates across groups,
since the inability to separate these mechanisms also apply to our analyses.

The focus of this paper is instead on another type of identification problem, potentially
having the consequence of not even being able to identify the level of total
discrimination, which was first pointed out by Heckman & Siegelman (1993, hereinafter
HS). They convincingly show that audit and correspondence studies can obtain biased
estimates of total discrimination — in any direction — if employers evaluate applications
according to some threshold level of productivity.? The source of this bias in total
discrimination originates from the design of the correspondence study, more specifically,
from the level of productivity being assigned to applications by the experimenter
combined with perceived group differences in the variance of unobserved productivity
characteristics. In fact, under such a scenario a standard correspondence study could find
discrimination when not existing or find no discrimination when it exists, depending on
the standardization level being decided upon for the job applications and which group’s
variance of unobservables dominates. It is important to note that we do not include a
difference in callback rates across groups arising from employer perceptions of group
differences in the variance of unobservables in total discrimination, since this difference
is an artifact of the experimental design.

Despite that the idea that variances of unobservables differ across groups has a long

tradition in economics, e.g. Aigner and Cain (1977), this issue has essentially been

! See Rooth (2010) and Carlsson & Rooth (2012) for attempts to identify preference based discrimination in
CT experiments.

2 Heckman (1998) also discuss this issue.



ignored in the empirical literature on CT experiments until the appearance of the
methodology proposed by Neumark (2012).® In short, under some identifying
assumptions this method makes it possible to back out the relative variance across groups
in a heteroscedastic probit model in order to decompose the difference in group belonging
on the callback rate into one part that is due to the level of total discrimination mentioned
above and one part that is due the standardization level and second moment differences in
unobservable productivity characteristics across groups.* Neumark applies his method on
the CT data used in Bertrand & Mullainathan (2004) and finds suggestive evidence that
the estimated degree of total discrimination in the original paper is slightly
underestimated due to Blacks having a relatively higher variance of unobservables
combined with the experiment using a low level of standardization for their job
applications. Similarly, Baert et al. (2013) find that their results are only marginally
affected when using this correction method.

The main contribution of the current paper is twofold. First, we make use of this new
method to reexamine a number of already published correspondence studies to investigate
if their estimate of total discrimination is affected by group differences in variances of
unobservable characteristics. Second, our aim is also to improve upon the general
understanding of to what extent the standardization level of job applications is an issue in
empirical work and if this varies when job applications are designed to be richer in
productivity-related characteristics. For our purposes, we take advantage of data from

four correspondence studies conducted in the Swedish labor market between 2005 and

® This literature most often suggests that this variance is larger for the minority group.
* To be clear, the first moment difference in unobservable characteristics is the difference in means and,

hence, is related to the legal definition of discrimination through its relation to statistical discrimination.



2007, which all have the design required for implementing Neumark’s method, that is,
include random variation in (some) applicant characteristics.” There is also a shift in the
construction of these experiments over time developing from standard ones into more
advanced experiments including a much richer set of productivity related characteristics.
The most advanced CT experiment, i.e. the data set including the richest set of
productivity related characteristics, that we reexamine is found in Carlsson & Rooth
(2012) and Rooth (2011) where we find an ethnic gap in the probability of a job interview
of around ten percentage points. When we apply Neumark’s method to these data the
estimate of total discrimination is found to be the same indicating that the experimental
design and differences in the variance of unobservables is not an issue in this case.
However, when we merge the data from two other experiments including fewer worker
attributes, which are found in Carlsson & Rooth (2007), Carlsson (2010) and Rooth
(2010), we find that the traditional CT method overestimates the level of total
discrimination. We interpret this as arising from the experimental design using a low
standardization level for the job applications combined with employers perceiving a
difference in the variance of unobservable characteristics across groups. Interestingly,
when we implement the Neumark methodology on this study, we get a similar degree of
total discrimination as in the main experiment. In a third analysis we also reexamine
Carlsson (2011), which studies gender discrimination in hiring. For this data we find a
small gap in the probability of an invitation to a job interview in favor of female
applicants using the standard CT method. However, this gap fades away once we apply

Neumark’s method. Thus, this new analysis suggests that there is no gender

> These experiments are found in various sources: Carlsson & Rooth (2007a), Carlsson & Rooth (2007b),
Carlsson (2010), Carlsson (2012), Rooth (2010), Rooth (2011).



discrimination (against male applicants) — at least not for the occupations chosen in this
experiment. Finally, when conducting a number of heterogeneity we find that the
standardization level of the job applications being set by the experimenter might be a
general issue in correspondence studies that must be taken seriously.

The remaining of the paper proceeds as follows. The next section explains the HS
critigue and Neumark’s methodology in more detail. In Section 3 we implement the
Neumark methodology on the data from previous CT studies/experiments, while Section

4 concludes the paper.

2. The Heckman and Siegelman critique and the Neumark solution®

The Heckman and Siegelman critique

HS mainly criticize audit studies, and do not explicitly discuss correspondence studies.’
Audit studies are a slightly different type of experiments, where researchers send real
persons or actors to job interviews, compared to correspondence studies, where written
applications are sent. HS point out — quite correctly — that audit studies are associated
with several methodological problems, but many of these problems, such as experimenter
effects, do not apply to correspondence studies. The recent trend towards conducting
more correspondence studies and fewer audit studies suggests that researchers have
responded to the HS critique. However, one of their critiques applies to correspondence

studies as well. In the case employers give a callback for interview only to those job

® Much of the content of this section is taken directly from Heckman and Siegelman (1993), Heckman
(1998) and Neumark (2012). For a more detailed explanation of the issues involved in this section the
reader should turn to those articles.

" This applies for Heckman (1998) as well.



applicants who surpass a certain hiring threshold, the level of total discrimination could
be biased and might partly, or fully, reflect the standardization level of the job
applications rather than total discrimination.®

Following HS, this potential identification problem can be understood with a
framework that describes how employers decide whom to invite to a job interview when
using a threshold when hiring.? Imagine that there is a productivity scale — with low
values to the left and high values to the right — and that employers decide whether to
invite a job applicant to a job interview based on the likelihood that the applicant’s
productivity is above a certain productivity threshold on this scale. Further, suppose that
applicants obtain productivity based only on three factors: observed variables,
unobserved variables, and a “discount factor”, which reflects preference based
discrimination. Let the hiring rule be such that an applicant is invited to a job interview if
the perceived productivity is above a certain productivity threshold c.’® Suppose the

perceived productivity for group g; € {0,1} is given by

BXq + Xy +70 (1)

where Xéi are observed application characteristics for group i, which in a

correspondence study typically are identical for the groups, with return equal to £, , Xg”i

8 Before continuing, a few words should be said about empirically setting the standardization level in an
experiment. Information on what standardization level the employers use when hiring is of course unknown
to the researcher and hence, the researcher can only assume whether it is high or low relative to the pool of
applicants for the jobs applied to.

% This critique does not apply if hiring is linear in worker productivity.

1% Following Heckman and Siegelman (1993) and Heckman (1998), we assume that these factors affect

productivity in an additive way.



is unobserved characteristics, not contained in the job application, with a return that has

been normalized to one, y is the (negative) preference discrimination coefficient. The

probability that a firm invites an applicant that belongs to group g; is

Prc<AX! + X! —,) @

The observed variables are deterministic and consequently contribute to the likelihood
of passing the productivity threshold in a straightforward way by simply moving an
applicant from zero to the right on the productivity scale, closer to — or even beyond — the
productivity threshold. A similar logic applies to the preference discrimination factor,
although this factor only affects applicants in the discriminated group, who are moved to
the left on the productivity scale.

Since unobservable characteristics can be expected to be less influential in the hiring
situation when many productivity related characteristics are included, the goal for a CT
study is to standardize the worker’s productivity on as many observable productivity-

related characteristics as possible.™* Still, taste based discrimination () is only identified
if the mean of unobserved perceived productivity ( E(Xé‘i )) is identical across groups. To

what extent that is the case for a particular CT experiment is untestable and hence, a CT
study captures the combined effects of taste based discrimination and statistical

discrimination, that is, what the law in many countries recognizes as discrimination. As

1 Although, the inclusion of productivity-related characteristics is not unrestricted and the job applications

being used in the CT experiment have to be similar to the ones being used in the market.



mentioned before, this implies that a CT experiment only identifies total discrimination,
capturing both mechanisms.

We now turn to the case when the variance of unobservables differs across groups and
how this impacts upon the identification of total discrimination. Suppose that an
employer is confronted with job applications from two different groups, which we label
Green applicants and Red applicants, where Green applicants are subject to negative
attitudes. The group difference in the probability of an invitation between Red and Green

applications is given by
PI’(C =< ﬂlxll?ed + Xlged)_ PI’(C =< ﬁlxéreen + ><(I_‘alreen + 7/) (3)

HS makes a necessary parametric assumption about the distribution of the unobserved

variables X2 and X/

Green

by assuming that they follow a normal distribution. As will be

evident below, only a difference in the variance of unobserved variables across groups is
of a concern for the identification of total discrimination and we therefore focus on the
simplest case where both observed and unobserved group averages of productivity are

equal across groups and there is no preference based discrimination (y =0). With these

assumptions, and after standardizing, equation (3) becomes

BX'—c BX'—c
CDL O-Fliled j_q)( G(I‘Jlreen J (4)



Unless the variances of the unobservables are equal, this expression is different from

zero. Further, not even the sign of the expression can be predetermined without
knowledge of the standardization level of the job applications (given by X'). We
illustrate this point graphically. In the first scenario the experimenter sets the
standardization level of the job applications quite low relative to the other applicants for

the jobs, and the productivity based on the observed variables X'is located to the left of

the threshold c, see Figure 1a.

*** Figure 1la here ***

If we assume that Green applicants have a higher variance of unobserved variables than
Red applicants, then the former are more likely to reach above the threshold due to the
more stretched out distribution of unobservables to the right.

The situation when the standardization level of the job applications is instead set high,
and the productivity based on observed variables is located to the right of the threshold c,

is illustrated in Figure 1b.

*** Figure 1b here ***

If we stick with the assumption that Green applicants have a higher variance of

unobserved variables than Red applicants they are now less likely to pass the threshold

due to a more stretched out distribution of unobservables to the left.



The discussion above shows that in the case of employers using a hiring threshold and
information about the distribution of unobserved variables there can be a difference in
callbacks across groups in a CT study although there is no preference based
discrimination or statistical discrimination. Importantly, this identification issue is not
altered if allowing for differences in the means of unobserved variables and/or taste based
discrimination but the probability to be hired is shifted to the left for the discriminated
group either counteracting or reinforcing the effect from the difference in variances.
Separating these sources from one another is the essence of the Neumark method, which
we turn to shortly.

A final issue is why there in this setup is a random component at all in whether a job
applicant is invited to a job interview. If all employers make the same probability
calculation and simply invite the applicant with the highest likelihood of passing the
threshold, it should be deterministic who is invited to a job interview and who is not.
Obviously, this is not the pattern we see in reality. However, it is straightforward to
incorporate a random component into the employers” decision making such that the error
term follow the distribution of unobservables as given above. One way is to assume that
employers have firm specific normally distributed thresholds due to productivity

differences.*?

The Neumark solution
The fundamental problem illustrated above is how to separate between what we label as
total discrimination, that is, statistical discrimination based on differences in the average

of unobservables or taste based discrimination, from the type of artifactual statistical

12 For other alternatives see Neumark (2012).
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discrimination occurring due to employers acting on perceived group differences in the
variance of unobservables. Solving this problem ultimately requires that we can estimate
the group specific variance. Neumark’s insight is that this can be achieved with the right
data, that is, data from a correspondence study that have variation in observed applicant
characteristics, and an identifying assumption. Using his method he is able to decompose
the marginal effect of group belonging into one part that captures total discrimination and
one part that is an artifact of the standard of the applications, that is, the effect of group
belonging working through the group difference in the variance of unobserved
productivity characteristics.

Neumark’s methodology consists of two parts. The first implies obtaining a composite
estimate of the group difference in the probability of a job interview, reflecting both the
effect through total discrimination and the effect through the variance of unobservables.
The second part of the methodology implies actually decomposing this composite
estimate into its two parts, where the aim is to isolate the part that measures total
discrimination.

To understand the first step of the methodology, recall that (with preference based
discrimination against Green applicants) the difference in the probability of a job

interview is

q)(ﬂlxll?ed _C]_q)(lglxéreen +7/_Cj (5)

] 1
O-Red O-Green

Without loss of generality this expression can be normalized by the standard deviation of

the unobserved variables for, say, Red applicants. The result is

11



q)(ﬂlxllQed _C)_ (D(ﬂlxéreen +7/—CJ (6)

1
O_Green/Red

Since the coefficients in the standard probit model only are identified relative to the
standard deviation, the difference in intercepts between the two groups is not identified.
Instead, this difference reflects both the group effect and the relative standard deviation.
Neumark’s strategy for identifying the effect from group belonging is to utilize data from

a correspondence study that contains variation in observed variables. Initially,

observations of, say, Red applicants, are used to estimate B7*. Then, based on the

Green

observations of Green applicants —*—— is estimated. In the next step Neumark

O_Green/Red

invokes  the  identifying  assumption  that A =p4%*"  to  obtain

Green

B +[ 1 j: Og red - With knowledge of G e it is straightforward to obtain

1
O-Green/Red

the composite estimate of group belonging on the probability of a job interview. In
practice, Neumark uses the the heteroskedastic probit model for estimation, where the

error term has the standard assumption of zero expectations and a variance equal
to[exp(wg;)[ and where g, again is a group indicator.

The second step of the methodology implies decomposing the composite estimate of
group belonging into one part that is the group effect through total discrimination — the
policy relevant part — and another part that is the group effect through the variance of

unobservables. Calculating the marginal effect of group belonging when using the

12



heteroscedastic model is somewhat complicated since when the group indicator changes
both the variance and the level of the latent variable that determines callbacks shift. If
group belonging is treated as a continuous variable, the marginal effect of belonging to,
say, the Green group is calculated by taking the derivative of the probability of a job
interview with respect to group belonging. Again, separating these two effects is
important since the former should not be treated as discrimination.

In the case of a heteroskedastic probit, the marginal effect is

8Pr(hired)z¢{ Xt. B J*[(y—(ilﬁ)*w)}
o9, ep(w*g,) ep(w*g;)

| (7)
where X* ,5 is X*- A, but also includes the group indicator variable and its coefficient.

Neumark shows that this expression for the composite group effect can be decomposed
into the two parts of interest. The first part is the group effect through total

discrimination, holding the variance constant, which is given by

¢[exp>z(;fga)]*[exp(g*gi)} ®

The second part, the group effect through the variance of unobservables, holding the

effects through total discrimination constant, which is given by

6Pr(hired)z¢[ X' B j{(ilﬁ)*w}
o, ep(w*g;)) | ep(o*g,)

(9)
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An important question is how likely the identifying assumption of equal returns to
observed characteristics across groups is to hold? One could easily come up with stories
why it is violated. For example, ethnic groups may attend different schools of different
quality and therefore have different returns to education. But as Neumark points out, the
identifying assumption is more likely to hold for well designed correspondence studies
where it is possible to control for the most obvious group differences. For example, in a
written application the experimenter can easily choose schools that are located in similar
neighborhoods. Given these concerns it is of outmost importance that the identifying

assumption has testable predictions, which we return to below.

3. Data®®

To implement the Neumark strategy we take advantage of data from no less than four
different CT studies conducted in the Swedish labor market, which all have random
variation in applicant characteristics in one way or another. In these experiments we
investigate both ethnic and gender discrimination. For our purposes in this paper, we
combine these studies into three data sets which we label experiment A, B, and C.
Neumark’s method requires that the used observed variables have a significant effect on
the probability of an invitation and that the effect is the same across groups. The set of
variables that fulfills this requirement vary across the experiments and, thus, for each

experiment we will use a different set of observed characteristics. In this respect the

13 Since these experiments are explained in detail in other published articles this section is limited to only

the most relevant information for implementing the Neumark method.
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labels A through C could also be viewed as a ranking with experiment A having most

characteristics being varied and experiment C the least.

Experiment A

In Experiment A we focus on ethnic discrimination against applicants with Arabic names
and the data was gathered in a field experiment conducted between March and November
2007. This field experiment was designed for analyzing a number of research questions
related to individual worker productivity and therefore has a large variation in
productivity characteristics of the fictitious job applications. In principle, twelve different
variables were randomly assigned to each application."* However, not all of them were
found to have an effect on the probability of a job interview or to have the same return
across groups. In the end we included five variables that fulfilled these requirements in
the analysis of the variance of unobservables. The first two variables regard the
personality of the candidate, that is, basically following the Big Five taxonomy using the
two of its five categories - extroversion and agreeableness, see Borghans et al. (2008).
Both variables are coded as dummy variables in the empirical analysis. The third variable
captures in what type of neighborhood the applicant lives with a dummy variable that
indicates if the applicant lives in an area with a low or high average income. The fourth
variable gives the applicant’s previous work experience as the total length being
employed (in years), which varies between one and five years. In the empirical analysis
this variable is coded with dummies for each year of experience and with one year

serving as the benchmark. Finally, the fifth variable measures whether being engaged in

! Details of this experiment are found in Carlsson and Rooth (2012) and Rooth (2011).
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sport activities or not, with the benchmark not being engaged in sports. Sport activities
could further be exercised at two different effort levels: a recreational and a competitive
level, and this variable is included as a dummy for each level of sport activity.

During Experiment A all employment advertisements in thirteen selected occupations
found on the webpage of the Swedish employment agency were collected. For these
advertised jobs, 5,657 applications, 2,837 with a typical native Swedish name and 2,820
with a typical Arabic name, were sent to 3,325 employers. All applications were sent by
email; a clear majority of employers posting vacant jobs at this site accept applications by
email. Jobs were applied to all over Sweden, but most advertisements were found in the
two major cities of Sweden: Stockholm and Gothenburg. Callbacks for interview were

received via telephone (voice mailbox) or e-mail.

Experiment B

In Experiment B we consider gender discrimination against female names. Within the
same project as Experiment A, it is also possible to analyze gender discrimination, since
additionally 2,830 applications with the same design but now with a native female name
were sent to employers.” Compared to Experiment A we find much fewer individual
variables that affect the probability of a job interview and which also have the same
return for both men and women. However, there are variables that have a joint effect that
fulfill these requirements. To this end we constructed two new combined variables based
on the individual variables. We label these new variables good labor market
characteristics and good personal characteristics, and both are simply two indicators. An

applicant is defined as have good labor market characteristics if he or she has at least one

15 Details of this experiment are found in Carlsson (2012).
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of the following characteristics: the person has been abroad for one year during high
school; the person has at least four years of experience; the person has experience from
more than one previous employer; the person has employment at the moment. An
applicant with good personal characteristics is defined as an individual that has at least

one of the following characteristics: the person is extrovert or the person is agreeable.

Experiment C
In Experiment C we again consider ethnic discrimination against applicants with Arabic
names. What we label Experiment C actually consists of observations from two different
correspondence studies found in Carlsson & Rooth (2007), Carlsson (2010) and Rooth
(2010). What justifies viewing them as a single experiment for our purposes is that both
studies have the same design and are conducted roughly during the same time period
between 2005 and 2007. In both experiments the job applicants were born in Sweden
with either a typical native Swedish or Arabic name that on average were 25-30 years
old, had two to four years of work experience in the same occupation as the job applied
for and had obtained their education in the same type of school. Also, in both studies the
applications consisted of a quite general biography on the first page and a detailed CV of
education and work experience on the second page. Finally, a similar routine for
receiving responses from the employers were used. Email addresses and a telephone
numbers (including an automatic answering service) were registered at a large Internet
provider and a phone company for all fictitious applicants.

Despite the similarities between the two studies there is one important factor that

distinguishes them. For reasons unrelated to this paper, the applications in the second
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experiment were calibrated for six of the occupations relative to the characteristics in the
first experiment, that is, the quality of the applications in terms of labor market
experience and skills were raised in three occupations and lowered in three occupations.*®
These six occupations contain 3,536 observations. This calibration generates the variation
in the standards of the applications that we will utilize in the current paper. However,
since only one variable was changed in this experiment we are not able to test the

identifying assumption of equal returns to characteristics for this experiment.

4. Empirical analysis

As mentioned earlier, Neumark uses the heteroskedastic probit model to implement his
method. Based on the estimated coefficients he then computes the composite marginal
effect of group belonging, reflecting the sum of (i) the total discrimination effect and (ii)
the effect via the variance. To this end we follow Neumark’s procedure using the
heteroskedastic probit model for estimation, and then decompose the estimated composite
marginal effect into the two parts of interest and use the delta method to calculate their
standard errors.’

Neumark also suggests a procedure to test the identifying assumption of equal
coefficients of the observed applicant characteristics across groups. To get the intuition
behind this test, imagine as before that we estimate the probability of an invitation to a

job interview separately for the two groups. Also, the standard deviation for the two

1° The quality was raised in the following occupations: sales assistants, accountants, and restaurant workers.
The quality was lowered in the following occupations: construction workers, motor-vehicle drivers, and
business sales assistants.

7 All estimations are conducted using Stata 12. The code to calculate the marginal effects and their

standard errors is available upon request.
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groups is normalized such that the standard deviation is equal to unity for one group and
the ratio of the standard deviations for the other group, respectively (see Equation 6).
Starting with the simplest case, assume that there is only one observed variable that varies
in the applications. If the coefficient for the variable is different between the two groups
this could either be because the identifying assumption does not hold or because of the
relative standard deviation is different from unity, and we cannot distinguish between the
explanations. However, with (at least) two observed variables that vary in the
applications, it becomes possible to test the null hypothesis of equal coefficients of the
observed applicant characteristics. This can be done by first computing the ratios of the
two coefficients separately for each group of applicants. For the second group, the
relative standard deviation cancels out, since this is a factor in both the dominator and
numerator. Therefore, the null hypothesis of equal coefficients can be tested by testing if

the two ratios are equal.'®

Basic results

Table 1 presents some basic results for Experiment A-C. The purpose with this table is to
1) show the estimated degree of discrimination when we do not take into account the
potential effect that differences in the variance of unobservables might have, and 2)
provide evidence of that the observed application variables that we will rely on when
implementing Neumark’s methodology have significant effects — with expected signs —

on the probability of an invitation to a job interview.

18 As Neumark points out, failing to reject the null hypothesis of equal coefficients does not decisively rule
out the alternative hypothesis of unequal coefficients. On the other hand, with a large number of varying

variables, failing to reject a false null hypothesis becomes less likely.
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*** Table 1 here ***

The basic results for Experiment A are in the first two columns of the table. In the first
column in the top row we find that the ethnic difference in the probability of a job
interview is 9.4 percentage points without control variables. This is the number that
would be reported as the main result in a correspondence study capturing the total
discrimination effect. From the following seven rows of this column it is evident that
applicants that are extrovert, agreeable, or have more than one year of experience (the
benchmark) have significantly higher probability of receiving an invitation to a job
interview. Also, the next two rows in this column show that applicants that are engaged in
sport activities have a (weakly significant) higher probability of an invitation to a job
interview. This means that essentially all the observed application variables have a
significant effect — with the expected signs — on the probability of a job interview. While
the regression underlying the estimates in the first column does not include any other
control variables, the second column includes other application attributes and
occupational fixed effects. The other application controls include dummy indicators for
whether the job applied for was located in Stockholm, Gothenburg, or in other parts of
Sweden, the order the applications were sent, and the typeface and layout of the
application.™

The basic results for Experiment B are found in the next two columns of the table.

Again, in the top row we find the group difference in the probability of a job interview,

19 The fact that the reported marginal effects of the observed application variables are more or less identical

in the two columns suggests that the randomization of the application variables have succeeded.
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now between male and female applicants, which is 2.6 percentage points in favor of
female applicants. From the estimates further down in the table it is evident that
applicants that have good labor market and personal characteristics have a significantly
higher probability of an invitation to a job interview (three and four percentage points,
respectively).?’

Finally, the basic results for Experiment C are found in the last column of Table 1.
This time the ethnic difference in the probability of a job interview is 12.8 percentage
points, in favor of applicants with native Swedish names. The row at the bottom of the
table reveals that improved quality applications have a significantly higher probability of
a job interview by four percentage points. Note that there is only a single column with
estimates for Experiment C. This is partly because in this experiment we do not have any
useable information to construct other application controls other than high quality.
Moreover, in the case of Experiment C it does not make sense to present the estimates
without occupational fixed effects. The reason is that the quality of the applications
where manipulated at the occupational level, which means that without occupational

fixed effects the estimate of improved quality will also reflect job specific demand.

Main results
Table 2 presents the baseline results for the Neumark decomposition. The first row is for

comparison and repeats the first row of Table 1 and is estimated using the dprobit

% The fact that the estimated marginal effects of the observed application characteristics are unaffected in
this case too by whether or not other application controls and occupational fixed effects are included in the

regressions provides further evidence for that the randomization procedure have succeeded.
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command in Stata. The results in the following rows of the table present the main results

of the paper.

*** Table 2 here ***

Considering ethnic discrimination in Experiment A (first column), the second row shows
the estimated composite marginal effect of having a typical Arabic name being obtained
from the heteroskedastic probit model. The fact that this estimate is very similar to the
estimate from the standard probit suggests that differences in the variance of
unobservables might not be an important issue in this experiment. The next two rows give
the marginal effects of group belonging decomposed into the effect through the level
(total discrimination) and through the variance of unobservables. For Experiment A the
marginal effect through the level is very similar to the composite marginal effect from
group belonging and hence, there is as expected no evidence of an effect through the
variance. Also, the point estimate of the relative standard deviation for applicants with
typical native Swedish and Arabic names is very close to unity (.96).%* This implies that
the standard CT methodology showed an unbiased measure of total discrimination, that
is, the sum of taste based and statistical discrimination.

Interestingly, when considering gender discrimination (Experiment B, column 2) the
composite group effect in favor of females is somewhat higher (see second row) than
what was found in with the standard probit model (first row). In other words, when using

the standard CT methodology for this experiment the level of total discrimination is

2! Further, the high p-value for the Wald statistic on the last row suggests that the data is consistent with the

identifying assumption of equal coefficients for the observed applicant characteristics.
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estimated as somewhat lower than the estimate for the measure of group belonging using
the heteroscedastic probit model. Also, the estimates from the decomposition found in the
next two rows indicate that the composite effect goes entirely through the effect of the
variance of unobservables. This implies that a standard correspondence study measure of
total discrimination would find spurious evidence of discrimination against males.
Although the relative standard deviation is not different from one in a statistical sense (p-
value: .29) the interpretation of the point estimate is that the standard deviation of the
unobserved variables is 13 percent higher for females compared to males. This is
consistent with a low standard of the applications being set in the experiment and where
the higher variance of unobservable charactersitics benefits females. The high p-value for
the Wald statistic on the last row suggests that the data is consistent with the identifying
assumption of equal coefficients for the observed applicant characteristics.

Finally, for Experiment C (ethnic discrimination, last column) the standard probit
model shows a smaller marginal effect of having a typical Arabic name compared to the
marginal effect of the same group belonging in the heteroscedastic probit (compare the
first and second row). Indeed, the estimates found in the next two rows suggest that quite
a large fraction of the composite effect of group belonging go through the effect of the
variance of unobservables. This implies that a standard correspondence study estimate of
total discrimination overestimates the degree of discrimination against applicants with
typical Arabic names. Interestingly, the point estimate of the marginal effect of total
discrimination using the Neumark decomposition (third row) is very similar to what was
found for Experiment A. This indicates the importance of actually implementing the

Neumark method when comparing the estimate of total discrimination across
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experiments using different designs, since the use of different standardization levels, i.e.
using a different set of productive characteristics across experiments, together with
employers acting on perceived differences in the variance unobservables would hide
similarities in this estimate. In principle, in this case the Neumark method simply adjusts
each experiment for the standardization level of the job applications.

Although the relative standard deviation in experiment C is not different from one in a
statistical sense (the p-value is .14) the interpretation of the point estimate is that the
standard deviation of the unobserved variables for applicants with typical Arabic names
is only .83 of the standard deviation for applicants with native Swedish names. Similarly
as for Experiment B, this is consistent with setting a low standard of the applications in
the experiment where applicants with typical Arabic names suffering from their lower

variance of the unobservables.

Heterogeneity

The average standard of the pool of applications might in realty vary across occupations.
In other words, what is a relatively low standard in one occupation might be a relatively
high standard in another occupation and vice versa. Similarly, it is not difficult to imagine
that differences in the variance of unobservables also vary across occupations. If the
effect of these varying factors goes in opposite directions for different occupations
interesting patterns might be hidden in the analysis of the total sample. While we do not
have enough observations to analyze single occupations, it is for Experiment A and B
possible to do the analysis on subsamples based on the type of occupation. However, this

is not possible for Experiment C where the observed application characteristics where
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manipulated at the occupational level and there are relatively few occupations. In this
section we repeat the analysis in Table 2 for Experiment A and B, but separately for
low/high skilled occupations, occupations with a share of immigrants above/below the
population average, and a share of females above/below the population average. Also, for
Experiment A, where we find the most compelling differences in callbacks, we divide the

occupations into three groups of occupations based on the job specific demand.

*** Table 3 here ***

Table 3 presents the results for low/high skilled occupations. A high skilled
occupation is defined as a job that requires a university degree.?” Starting with
Experiment A (ethnic discrimination), the results for low skilled jobs are very similar to
the results for the whole sample; there is no evidence for that differences in the variance
of unobservables is an issue. For high skilled jobs, however, the results indicate that the
composite group effect is slightly higher than what was found with the standard probit
model. When this effect is decomposed (see the next two rows), we see that the effect
partly goes through the effect of the variance of unobservables. Thus, a standard
correspondence study would overestimate the degree of ethnic discrimination for high
skilled jobs. Again, the relative standard deviation is not different from one in a statistical
sense (p-value: .29), but the interpretation of the point estimate is that the standard
deviation of the unobserved variables is lower for applicants with typical Arabic names.

This is consistent with a low standard of the applications being set in the experiment and

%2 The high skilled occupations are accountants, primary school teachers (math/science), high school

teachers, computer professionals, nurses, and primary school teachers (language)
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where the lower variance of unobservable characteristics is to the disadvantage of
applicants with a typical Arabic name.

For Experiment B (sex discrimination) the results for both low and high skilled
occupations are similar to what was found for the total sample. Total discrimination
(against males) appears to largely go through the variance of unobservables.

Next, the results for occupations with a relatively large/small share of
immigrants/females are reported in Table 4, where the occupations simply are divided
around the average share of immigrants and females in the population.?® In the case of
ethnic discrimination (Experiment A), we explore heterogeneity with respect to the share
of immigrants, and in the case of sex discrimination (Experiment B), we explore
heterogeneity with respect to the share of females. The motivation is that we find it likely
that ethnic differences in the variance of unobservables vary to a larger extent with the
share of immigrants in an occupation, while sex differences in the variance of
unobservables vary to a larger extent with the share of females. The argument is based on
the idea that the own ethnic group/gender might have better/different information about

the unobservables of an applicant in an occupations.

*** Table 4 here ***

% In the total population, the share of females is around 50 % and the share of immigrants was 13.4 % in
2007 (the latter figure is taken from Statistics Sweden, see
http://www.sch.se/Pages/ProductTables.aspx?id=25795).
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For ethnic discrimination (Experiment A) the results in the first column suggest that
the basic probit underestimates the composite effect of ethnic discrimination in
occupations with a high share of immigrants compared to the heteroskedastic probit (see
row 1 and 2). When the composite effect for the heteroskedastic probit is decomposed,
the effect through the level (total discrimination) dominates, but it appears that a portion
also goes through the variance. The interpretation is that an analysis of these occupations
that does not implement Neumark’s methodology would overestimate the degree of
ethnic discrimination. For occupations with a share of immigrants below average
differences in the variance of unobservables does not appear to be a major issue.

For gender discrimination (Experiment B), the results for occupations with a share of
females above average are very similar to what was find in the main analysis; females
have a small advantage based on the composite measure, but this effect appear to entirely
go through the variance (third column). The results for occupations with a share of
females below average are even more interesting (last column). The composite effect
based on the heteroskedastic probit suggests that having a female name increases the
probability of an invitation with approximately three percentage points. However,
decomposing this effect suggests that based on total discrimination females in male
dominated occupations are actually at a disadvantage. Taking the estimate at face value
(about 11 percentage points), discrimination against females in this case is as large as
what we typically find for Arabic names. Of course, this estimate must be interpreted
with caution, since the precision is very low. But at least the estimate indicates that
differences in the variance of unobservables might be problematic in CT. Considering the

relative standard deviation, although not statistically significant, the interpretation of the
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estimate of the relative standard deviation is that the standard deviation of the
unobservables is larger by a factor 2.42 for female applicants compared to male
applicants in male dominated occupations. Again, this is consistent with a low standard of
the applications, where females have an advantage of their higher standard deviation of
unobservables.

Finally, we investigate heterogeneity with respect to job specific demand. In this case,
we only show the results for experiment A, where we find the largest initial differences in
callback rates. As an indicator of job specific demand, we use the occupational callback
rate for female applicants found in experiment B. We identify three groups of jobs,
containing jobs which are homogenous with respect to the callback rate for female
applicants. The first group of occupations with a relatively low demand (<= 22 percent
callback rate for female applicants) consists of shop sales assistants, cleaners, and
teachers (language). The second group, with occupations with a medium demand (> 22
and <= 32 percent callback rate for female applicants), contains mechanics, construction
workers, accountants, high school teachers, business sales assistants, and teachers
(science). The last group, with occupations with relatively high demand (> 32 percent
callback rate for female applicants), consists of restaurant workers, motor vehicle drivers,

computer professionals, and nurses.

*** Table 5 here ***

Table 5 presents the results for the three groups of occupations. Considering the group

with a low demand (first column), we see that the composite marginal effect of having an
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Arabic name is somewhat higher with the heteroskedastic probit compared to the
standard probit. The next two rows, which show the results from the decomposition,
suggest that the major part of the composite effect goes through the variance of
unobservables. This means that a correspondence study that does not implement
Neumark’s method would overestimate total discrimination in occupations with a low
demand. Similarly as before, Arabic names appear to have a lower (although not
significant) variance of unobservables. Again, the results are consistent with a low level
of standardization, where Arabic names are at a disadvantage because of their lower
variance of unobservables. Next, for occupations with medium demand the results are
very similar (second column). In contrast, for occupations with a high demand (last
column) the decomposition of the composite estimate of discrimination indicates that a
CT that does not take differences in the variance of unobservables into account might
slightly underestimate total discrimination. In this case, the interpretation of the point
estimate of the relative standard deviation is that Arabic names have a higher variance.
This is again consistent with a low level of standardization, but in this case to the
advantage to applicants with Arabic names through their higher variance of

unobservables.

5. Discussion and concluding remark

Many researchers hold the view that correspondence studies provide the most clear and
convincing evidence of discrimination, since these studies cleanly take care of any
omitted applicant characteristics that might be correlated both with the applicant’s group

belonging and employment opportunities. However, correspondence studies might obtain
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biased estimates of total discrimination, in any direction, if employers evaluate
applications in a non-linear way by giving a callback to interview to all job applicants
that have qualifications above a certain threshold. In this non-linear setting, the
standardization level of the applications together with group differences in the variance of
unobservables can generate the bias in total discrimination. In fact, correspondence
studies could indicate discriminatory practices when not existing or find no
discrimination when it exists.

However, the empirical literature on CT experiments has until the recent methodology
proposed by Neumark (2012) ignored this issue. In the current paper we apply this new
method with data from a number of previously published CT studies, which have the
necessary ingredients for implementing Neumark’s method. Our first purpose is to
reexamine these studies and investigate if the conclusion for the level of total
discrimination is biased. The second goal is to further improve the understanding of to
what extent employers use information about group differences in variances of
unobservables and to what extent the Heckman and Siegleman critique is an important
issue in empirical work.

The first study that we reexamine contains a large number of individual productivity
characteristics that are experimentally varied. We find an ethnic gap in the probability of
a job interview of about ten percentage points when employing the standard CT
approach. This estimate of total discrimination is unaltered when adopting the Neumark
method, indicating that perceived group differences in the variance of unobservables are
not important for hiring in this experiment. However, the results from a reexamination of

a second CT experiments shows a different picture indicating that the HS critique is not
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groundless. In this experiment, in which a somewhat higher degree of total discrimination
is found using a standard CT approach, we find this estimate to overestimate the true
level. In fact, when we implement the Neumark methodology to purge the total
discrimination estimate off the effect from the two experiments using different
standardization levels, we find total discrimination to be the same in the experiments.
Moreover, based on a completely unrelated (and unpublished) correspondence study we
again find a similar degree of ethnic discrimination as in Carlsson & Rooth (2007), when
we apply Neumark’s methodology. A similar result applies when we reinvestigate a CT
study on gender discrimination. Using the standard CT approach there is small gender
gap in the probability of an invitation to a job interview in favor of female applicants.
However, when we apply Neumark’s method this difference appears to be entirely driven
by the variance of unobservables. Thus, Neumark’s method suggests that gender
discrimination (against males) is overestimated.

Finally, by conducting a number of heterogeneity analyses, we find further support for
the standardization level of the job applications indeed being an issue in empirical work
with correspondence testing. The most striking result is found when we investigate
gender discrimination in male dominated occupations. Although the precision is low, the
results indicate that there is no gender gap using a standard CT framework, but females
are at a potentially large disadvantage when we take the standardization of the
applications and group differences in the variance of unobservables into account.

We conclude, in line with Neumark, that it seems important that future correspondence
studies of discrimination incorporate random variation in observed variables to facilitate

an analysis of to what extent the results are affected by the standard of the applications.
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Figures and tables

Figure 1la. Low level of standardization.
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Table 1. Basic probit.

Ethnicity Gender Ethnicity
Experiment A Experiment B Experiment C
(1) 2) (1) (2) (2)
Arabic/Female Name =094 -096** .026** .026** -.128**
[.009] [.009] [[009]  [.009] [.010]
Application characteristics
Extroversion/competence 03 04+
[.o1]* [.01]
Agreeableness .03* .02%*
[.01] [.01]
Experience = 2 .02 .03
[.02] [.02]
Experience = 3 .06*** .06***
[.02] [.02]
Experience = 4 .08 .08***
[.02] [.021]
Experience = 5 .03 .04
[.02] [0.02]
Bad neighborhood -.02* -.02
[.01] [.01]
Recreational sports .02 .01
[.01] [0.01]
Competitive sports .03* .03
[.02] [0.02]
Good labor market characteristics - - 03 03"
[01]  [01]
Good personal characteristics - - 047 04
[01]  [01]
Increased quality application - - - 07
[.02]
Other application controls No Yes No Yes -
Occupational fixed effects No Yes No Yes Yes
N 5,636 5,636 5662 5,662 3,536

Notes:
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Table 2. Decomposition.

Ethnicity Gender Ethnicity
Experiment A Experiment B Experiment C
A. Basic probit
Arabic/Female name -.096*** .026** - 128"
[.009] [.009] [.010]
B. Heteroskedastic probit
Arabic/Female name (unbiased) -.097*** .029*** - 133
[.009] [.010] [.011]
Marginal effect of name through level -.088*** .001 -.090*
[.028] [.024] [.036]
Marginal effect of name through variance -.010 .028 -.044
[.025] [.025] [.033]
Relative standard deviation of unobservables .96 113 83
Wald test statistic, standard deviation == 1 (p-value) .68 29 0.14
Wald statistic, ratios of coefficients are equal (p-value) 67 .89 -
Other application controls Yes Yes -
Occupational fixed effects Yes Yes Yes
N 5,636 5,662 3,536

Notes:
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Table 3. Decomposition. Low and high skilled jobs.

Ethnicity Gender
Experiment A Experiment B

Low skilled  High skilled Low skilled  High skilled

A. Basic probit

Arabic/Female name -.098*** -.098*** 017 .037**
[.010] [.016] [.012] [.016]
B. Heteroskedastic probit
Arabic/Female name (unbiased) -.097** -100*** .021* .039*
[.011] [.016] [.012] [.017]
Marginal effect of name through level - 110% -.064 -.025 015
[.040] [.048] [.035] [.045]
Marginal effect of name through variance 013 -.037 .046 023
[.034] [.041] [.035] [.047]
Relative standard deviation of unobservables 1.05 .84 1.23 1.16
Wald test statistic, standard deviation == 1 (p-value) 0.71 0.32 0.23 0.64
Wald statistic, ratios of coefficients are equal (p-value) 0.77 0.93 0.34 0.19
Other application controls Yes Yes Yes Yes
Occupational fixed effects Yes Yes Yes Yes
N 3,533 2,103 3,549 2,113
Notes:
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Table 4. Decomposition. Share of immigrants and females.

Ethnicity Gender
Experiment A Experiment B
Share immigrants Share females
above below above below
average average average average
A. Basic probit
Arabic/Female name -.079** =101 .025* .028**
[.020] [.010] [.013] [.014]
B. Heteroskedastic probit
Arabic/Female name (unbiased) -.084*** -101% 027 .030*
[.021] [.010] [.013] [.014]
Marginal effect of name through level -.065 -.098** .008 -113
[.042] [.042] [.031] [212]
Marginal effect of name through variance -.020 .004 .020 149
[.039] [.036] [.033] [159]
Relative standard deviation of unobservables .92 .98 1.09 242
Wald test statistic, standard deviation == 1 (p-value) 0.60 0.92 0.57 0.53
Wald statistic, ratios of coefficients are equal (p-value) 0.95 0.72 0.72 0.66
Other application controls Yes Yes Yes Yes
Occupational fixed effects Yes Yes Yes Yes
N 1,043 4,593 2,963 2,699

Notes:
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Table 5. Decomposition. Occupational demand.

Experiment A

Occupational demand

Low Medium High
A. Basic probit
Arabic name -.058** -.106*** -.106**
[.014] [.013] [.017]
B. Heteroskedastic probit
Arabic/Female name (unbiased) -.064*** -108*** - 104***
[.015] [.014] [.017]
Marginal effect of name through level .025 -.059 -.126%*
[.120] [.107] [.046]
Marginal effect of name through variance -.089 -.050 023
[[134] [.098] [.035]
Relative standard deviation of unobservables .67 .80 113
Wald test statistic, standard deviation == 1 (p-value) 41 .56 53
Wald statistic, ratios of coefficients are equal (p-value) 97 72 .99
Other application controls Yes Yes Yes
Occupational fixed effects Yes Yes Yes
N 1,329 2,509 1,798

Notes: Occupational demand is defined by the callback rate for female applicants in experiment B. The
following jobs are defined as having a low demand: shop sales assistants, cleaners, and teachers
(language)). The following jobs are defined as having a medium demand: mechanics, construction workers,
accountants, high school teachers, business sales assistants, and teachers (science). The following jobs are
defined as having a high demand: restaurant workers, motor vehicle drivers, computer professionals, and
nurses. The three categories are based on whether the job specific callback rate for female applicants are <=
22 percentage points, > 22 percentage points but <= 32 percentage points, or > 32 percentage points.
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