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Abstract

University programs differ in their gender earnings gaps, the difference between the subse-
quent earnings of the program’s male and female enrollees. A program could have a positive
gender earnings gap because the program attracts higher-ability men than women (a selection
effect), or because the program increases the earnings of male enrollees more than female en-
rollees (a causal effect). To understand the source of cross-program differences in gender earn-
ings gaps, we exploit a discontinuity built into the Danish national university admissions sys-
tem, which provides a quasi-random assignment of similar applicants to different programs.
Enrolling in a program with a $1 larger gender earnings gap, holding average earnings con-
stant, does not affect male earnings but reduces female earnings by $0.45. This effect is small
as women enter the labor market but increase over time, and cannot be explained by channels
related to marriage or childbirth. Our results show that programs that appear worse for women
— in the sense of having economically significant gender earnings gaps — are worse for women
because they reduce female earnings more than programs with smaller gaps.
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1 Introduction

Some university programs appear relatively worse than others for women in the sense that they
have larger gender earnings gaps; their male enrollees go on to earn more than their female en-
rollees. For example, programs within the broad field of social science differ substantially in the
subsequent gender earnings gaps of their enrollees, with much larger gaps in economics pro-

grams than in psychology programs.!

Even among economics programs, there are substantial
differences between universities in terms of their programs’ gender earnings gaps. Large gender
earnings gaps could reflect selection effects (attracting higher-ability men than women) or causal
effects (increasing earnings for men more than for women). What are the relative roles of selection
and causal effects in explaining the cross-program differences in the gender earnings gap?

To answer this question, we exploit an institutional feature of the Danish university admis-
sions system that quasi-randomly assigns university applicants to different programs. Prospec-
tive university students receive a composite score summarizing their performance in high school.
They then rank their preferred programs (university—major pairs, such as physics at the University
of Copenhagen) from first to the eighth choice, at most. Selective programs have a score cutoff,
which changes from year to year to clear the market. Students are admitted to their most preferred
program for which their score meets or exceeds the cutoff.

We focus on students who have a score that is close to the cutoff for their most preferred
“reach” program and well above the cutoff for their next most preferred “safety” program. For
students in this “reach-safety sample”, a small increase in their score from below to just above
the cutoff of their reach program leads to a large and discontinuous increase (decrease) in the
probability of enrolling in their reach (safety) program. Our identification strategy exploits this
quasi-random assignment of similar students to programs with varying gender earnings gaps
in a fuzzy regression discontinuity IV design. Consider a student whose reach program has a
larger gender earnings gap than their safety program but the two programs have the same average

earnings.? If cross-program differences in the gender earnings gap reflect causal effects, crossing

1For example, in Denmark, the annual earnings gaps are 56,000 DKK for economics and 23,000 DKK for psychology.
The difference between economics and psychology programs in terms of their enrollees’ subsequent average earnings
is proportionally much smaller (380,000 DKK and 280,000 DKK, respectively).

2For example, imagine male enrollees in the reach program subsequently earn 450,000 DKK on average while female
enrollees subsequently earn 350,000 DKK on average; men and women are equally represented in the reach program,
so that average earnings for the program are 400,000 DKK overall. Male and female enrollees in the safety program



this threshold from below — so the student becomes discontinuously more likely to enroll in the
higher-gap reach program — will increase earnings for male students and decrease earnings for
female students.

We test this hypothesis and find that enrolling in a program with a larger gender earnings
gap, holding average enrollee earnings constant, reduces the subsequent earnings of women but
not men. We estimate that enrolling in a program whose enrollees experience a $1 larger gender
earnings gap, controlling for earnings, leads to women earning $0.45 less on average (C.I. -$0.81
to —$0.096) when evaluated at our baseline time horizon of 10 to 12 years after enrollment.> This
result is also statistically indistinguishable from OLS estimates, which suggests that cross-program
differences in the gender earnings gap reflect cross-program differences in the relative returns
experienced by men and women, and not a differential selection by men and women into various
programs. In other words, we would expect that if a woman were to enter a program with a
100,000 DKK larger gender earnings gap but the same average earnings, we would expect her
annual earnings to be 45,000 DKK lower.

The causal effect for women of their program’s gender earnings gap is marginal when women
initially enter the labor market seven to nine years after enrollment and grows over time to $0.80
(C.I -$1.24 to —$0.36) 13 to 15 years after enrollment. Such result is in line with previous research
findings that the observed gender earnings gap tends to be low as graduates enter the labor mar-
ket, and then increases over time (Bertrand et al., 2010, Goldin et al., 2017).

We also show that the causal effect of average program earnings is stronger for women than
for men. Women earn more when they enter programs with higher average earnings, but men
do not. We estimate that women earn an additional $0.48 by enrolling in a program with an
additional $1 of average program earnings (C.I. $0.23 to $0.74) while men earn an (insignificant)
additional $0.06 (C.I. -$0.31 to $0.43). These IV estimates are almost statistically indistinguishable
from the OLS results for women ($0.79, C.I. $0.73 to $0.85) but are very different for men ($0.75, C.I.
$0.65 to $0.85). The similarity of IV and OLS estimates for women suggest that the causal effect of

program earnings is the key driver of cross-program differences in average program earnings for

both earn 400,000 DKK on average. The gender earnings gap is 100,000 DKK for the reach program and zero for the
safety program.

3In our baseline 10 to 12 years horizon, individuals are in their early thirties and they have been approximately 5
years in the labor market.



women; the divergence of IV and OLS estimates for men suggests that selection is the key driver
of cross-program differences in program earnings for men. The earnings of women depend much
more on the average earnings of the program they enter than do the earnings of men.*

Our initial analysis provides evidence that enrolling in programs with large gender earnings
gaps reduces earnings for women, but does not tell us why. First, we look for possible pathways,
namely factors that may impact earnings and be impacted by program. For example, marriage
and the presence of children are associated with lower earnings for Danish women; some pro-
grams may reducing earnings for women by increasing the prevalence of marriage and children.
To explore this hypothesis, we add marriage and child controls to our regressions, but find that
our results persist. This suggests that marriage and children are not channels through which pro-
grams’ gender earnings gaps operate to reduce earnings for women. Second, we examine the
level — academic institution, broad field of study, or specific program — at which the presence of a
gender earnings gaps operates to reduce earnings for women. We find that the impact of gender
earnings gaps on earnings for women are similar whether those gaps are measured at the level of
the institution, field, or program.

A few studies have used admissions discontinuities similar to the Danish ones we exploit
to study different questions: Kirkeboen et al. (2016) in Norway; Hastings et al. (2013) in Chile;
and Heinesen (2018), Humlum et al. (2017), Foley and Groes (2018), Daly and Le Maire (2019) and
Heinesen and Hvid (2019) in Denmark. Previous studies have used such discontinuities to identify
the effect of entering specific programs of study on average earnings. Unlike those studies, we

examine cross-program differences in the gender earnings gap to test how much of the dispersion

4Qur results can be further explained with a hypothetical example of a female student who considers enrolling in
the Finance program (a business field) at the University of Arhus or to the Psychology program (a Social Sciences field)
at the Copenhagen University. Imagine that there are equal numbers of men and women in both programs; the average
annual earnings in the Psychology program is 450,000 DKK, and there is no gender gap in this program so the average
incomes for men and women are equal; furthermore, the average earnings in this Finance program are 500,000 DKK
but there is a 100,000 DKK gender gap, with women earning 450,000 DKK and men earning 550,000 DKK on average.
We can interpret our point estimate on average earnings for women of 0.48 as the gain for a female student who would
choose Finance instead of Psychology. In this case, this represents an increase in average earnings of 24,000 DKK (a
coefficient of 0.48 multiplied by 50,000 DKK, the difference between the programs in average earnings).

Our gender gap point estimate for women of 0.45 represents the cost for women of enrolling in a program with a
larger gender earnings gap. In this case, it represents a 45,000 DKK penalty for a female student studying the Finance
program instead of the Psychology program (a coefficient of 0.45 multiplied by 100,000 DKK, the difference between
the programs in average gender earnings gap). In particular, in this example a female student would earn 21,000 DKK
more (45,000 DKK minus 24,000 DKK) by enrolling in the Psychology program instead of the Finance program, even
though Finance has higher average earnings.



reflects selection versus causal effects.’

One challenge inherent in estimating the return from a program of study is that there are
many programs, and consequently many potential parameters to identify (e.g. the causal effect of
moving from program X to program Y). The number of university-major pairs available in any
given year is large, and the number of possible combinations of programs for which one might
compute causal effects is enormous.® Instead of focusing on specific program pairs, we describe
each program in terms of the gender earnings gap of its enrollees, and measure the effect on
earnings of men and women of moving across programs with small to large gender earnings gap.
Our identification strategy shrinks the problem and allows us to estimate differences in returns
experienced by men and women instead of estimating pair-wise returns between various broad
tields. This approach has the appealing feature that it maps to the actual signal extraction problem
faced by many prospective university students who observe the earnings of various programs and
wish to estimate how entering a particular program will affect their own earnings.

Another potential challenge for our empirical strategy is that students may try to use the in-
formation about their scores and historical cutoffs of their preferred programs strategically. While
honest ranking of preferences is optimal in the Danish admissions system,” if prospective students
can guess the admission cutoffs, students who do not expect to enroll in a program may be less
likely to rank it. Such bunching could present an econometric problem if the likelihood of bunch-
ing was correlated with unobserved ability. We perform various manipulation checks to rule out
this possibility and ensure that the institutional setting generates exogenous variation in student
scores relative to the cutoff score of students” preferred reach programs. We present density tests

following Calonico et al. (2018) and reject any manipulation of the assignment variable. We further

SHeckman et al. (2018) discusses two general approaches to estimate the causal effects of education: structural
models (e.g. Keane and Wolpin (1997) and Eisenhauer et al. (2015)) and instrumental variables methods including both
randomization and regression discontinuities as instruments (e.g. D.Angrist and Imbens (1995)).

®Kirkeboen et al. (2016) and Heinesen and Hvid (2019) deal with this problem by estimating a series of pair-wise
comparisons across broad fields of study or universities, effectively measuring the effect of entering one broad cate-
gory of programs over another (e.g. studying in a health-related program versus one that is engineering-related, or a
program from one university versus that of another). Using a similar approach, Hastings et al. (2013), Humlum et al.
(2017), Foley and Groes (2018) and Daly and Le Maire (2019) classify educational programs into broad fields. They esti-
mate the effect of entering the most preferred educational program as opposed to a mix of next-best degrees. Heinesen
(2018) estimates the causal effects of being accepted into the first-ranked program as opposed to a program that is not
the first choice on earnings and educational completion.

"The admission system is similar to the Swedish and the Norwegian systems and are all closely related to serial
dictatorship, subject to limits in the number of programs that can be ranked, which is both Pareto efficient and strategy-
proof (Svensson, 1999).



present evidence that cutoffs change from year to year. We use this fact in the analysis to obtain
clean identification; while students can know last year’s cutoffs, they do not know the cutoff they
will face when applying. As a result, by controlling for a student’s score relative to last year’s
cutoffs, our estimated parameter is identified by the change in probability of entering a program,
given year-to-year changes in program cutoffs. Finally, we present evidence of covariate balance
around the admission cutoffs, suggesting that students on each side of the cutoffs are comparable
on observable characteristics.

The literature on estimating the return to education is large, with an extensive focus on esti-
mating the impact of additional years of schooling on various outcomes.® Fewer studies examine
the causal effect of admission into different programs of study.” Research on the gender earnings
gap is also substantial.!® A large part of the literature documents the unconditional gap in earn-
ings between men and women, and decomposes that gap into observable factors (for example,
experience and chosen occupation) and unobservable factors (for example, discrimination, as in
Blau and Kahn (2017)). We take a different approach by comparing university program differ-
ences in the gender earnings gap instead of trying to explain the overall gap.In this regard, we
know of one other study, (Hausmann et al., 2017), which examines differences across industries
and occupations in terms of field-specific female representation. Of other evidence, the National
Science Foundation (2017) reports that women receive roughly 25% of all PhD degrees awarded
in mathematics and statistics.!! Stark gender earnings gaps in particular fields have recently been
documented in news reports (Cain and Kiersz, 2018). There has been a recent focus on the particu-
lar challenges and experiences of women within the economics profession. For example, National
Science Foundation (2017) and Lundberg (2018) have noted the under-representation of women

at all levels of the profession. Wolfers (2018) also notes that “the list of problems [for women in

8For effects on earnings, see literature reviews from Psacharopoulos and Patrinos (2018) and Tables 4, 5 and 6 in
Card (1999). See Lochner (2011) for a literature review on the effect on criminality, health, mortality, citizenship and
political participation. See Hanushek and Rivkin (2006) for a literature review on the effect of teacher quality, class size
and teacher demographics. Research from Hoxby (2009) and Dale and Krueger (2002) estimates the impact of attending
one university over another.

9 Altonji et al. (2012) and Altonji et al. (2016) review the literature on payoffs in relation to field of study or ma-
jor. Arcidiacono (2004) handles selection with a dynamic discrete choice model, and Wiswall and Zafar (2015) use an
information experiment wherein they measure how beliefs change after providing objective statistics of earnings by
major.

10For example, see Nopo et al. (2011) for a review of evidence around the world. See also Bishu and Alkadry (2017)
for a systematic review of gender pay gap evidence in both the economics and non-economics literature.

Bertrand et al. (2010) studied gender disparities in the corporate and finance sectors. Reuben and Wiswall (2016)
studied gender differences in terms of major choice.



economics] is daunting.”?

The results we document in this study have important implications for policy and our un-
derstanding of the gender earnings gap. Our results suggest that interventions in programs with
large gender earnings gaps, or the fields they feed into, may be useful in reducing gender earnings
gaps and increasing female earnings in those programs. Second, the fact that the gender earnings
gap is present both at the university and field levels suggests that educational institutions have a
role to play in preventing discrimination against their students, whether while they are in school
or once they reach the job market. Lastly, because we find that the gender earnings gap grows
over time, more results are needed to document the career progression of women in their jobs to

identify the extent and mechanism of gender discrimination.

2 Institutional Setting and Data

2.1 Institutional Setting

Admissions to Danish universities are handled centrally by a government agency called Den Ko-
ordinerede Tilmelding, which translates to the Coordinated Signup. Admission generally requires a
high school degree, from which students receive grades for each course they completed in upper
secondary school. An algorithm calculates a standardized score, varying in 0.1 increments from
0 to 13, as the weighted average of their course grades, with weights that vary based on the dif-
ficulty of the courses (e.g. A-level courses typically receive greater weights than B-Level courses,
which in turn typically receive greater weights than C-level courses). The admission process is the
same for a vast majority of programs. The high school score is often the only relevant factor con-
sidered for admission, although certain programs, such as medicine, may also have requirements
on the course grade or the level of specific subjects.

When applying to university, prospective students can rank up to 8 different programs (i.e.

university major pairs, such as economics at the University of Copenhagen) in preferred order.

2yolfers (2018) notes that “women in the field are often held to higher standards in relation to their written work
(Hengel, 2017) and are not given credit for papers written collaboratively with men (Sarsons, 2017). Student teaching
evaluations tend to be biased against women (Boring et al., 2016), while journalistic discussions of economic research
often relegate women to a secondary role (Wolfers, 2015)... In addition, a popular online discussion forum has been
found all too often to sexualize or trivialize women and their work (Wu, 2018). Another study (Ceci et al., 2014) has
found economics to be an ‘outlier’ among academic fields because of ‘a persistent sex gap in promotion that cannot

Iz

readily be explained by productivity differences’.



To be admitted into their preferred program, prospective students compete for a finite number of
places. The Danish Ministry of Education and the universities, through their funding and prior-
ities, determine the maximum intake of students in each educational program.!® Places in each
program are allocated to the students with the highest scores until all available places are filled.
Programs therefore have admission cutoff scores that clear the market given the supply and de-
mand for places and students are admitted to their most preferred program for which their score
meets or exceeds the program’s cutoff. The cutoffs from prior years are known when applying,
but not the cutoffs relevant for the current application season.

While the key stylized features of the admission system are simple, some details are worth not-
ing. First, two different admission systems, called “Quotas”, allow students to apply to university.
Students who come out of high school directly (without additional relevant experience) typically
apply through “Quota 1” in June, and their admission depends on their high school score alone.
Students with relevant post-high-school qualifications can apply through “Quota 2” in March, and
a bonus may be added to their score to reflect the relevance of their additional qualifications to the
program of study for which they are applying.!* In this sense, Quota 1 admissions are the clean-
est because they involve students without additional post-high-school qualifications and depend
solely on the composite high school score that we observe. Quota 2 admissions are noisier because
applicants can receive a bonus to their score that we do not observe based on the relevance of their
extra-curricular qualifications. 54.4% of all applications are made through the Quota 1 system and
45.6% through the Quota 2 system. In our analysis, we retain applications made through both
admission systems, but we treat them separately by adding Quota fixed effects and calculating
their admission probabilities separately.

Second, students can choose to apply with the option of being on a standby list in case they
are very close to the program’s cutoff but are not initially admitted to the program (about 40%

of students select this option). The standby list avoids leaving empty places in programs where

13The Ministry of Education regulates the numbers of students graduating within specific programs with the purpose
of satisfying the predicted demand for given qualifications in the Danish labor market. As all Danish universities are
public, there are no tuition fee constraints on poor students. Students also receive educational subsidy support (Statens
Uddannelsesstotte in Danish) and can apply for generous student loans. Another detail omitted from the description is
the option for students to postpone enrolling in a higher education program.

4These could include completion of additional courses, work experience, or any other additional qualifications
deemed relevant for a given program. We do not observe these additional points in our data. Quota 2 applications
are initially evaluated within the Quota 1 system, and for the applications that do not make the cut on Quota 1, they
are then evaluated in Quota 2 and the additional qualifications beyond the high school grades are taken into account.



admitted students either reject the offer or quickly drop out of the program. The cutoff for the
standby list is usually 0.1 to 0.2 grade points below the actual cutoff point. If students choose to
apply for standby places, they will be offered the standby place instead of their safety program if
they are above the cutoff point for the standby list. In case they are not offered a place within the
tirst month of the program starting, they are guaranteed a place in the program the following year.
Because standby applications are conceptually different, in this study we focus on students who
do not use this option. Nonetheless, we present the admission discontinuities for each admission
system in Figure Al and Section 5.5 we show that our results are robust to including the standby
applications, and also hold for the Quota 1 subsample of applications.

Because the effects that we document are the results of infra-marginal variation in admissions
cutoffs, caution is nevertheless warranted when extrapolating to students far from admission cut-
offs. Furthermore, the assignment scheme produces variation at the admission-level, and not at
the graduation-level. For this reason, we perform the analysis at the admission level and analyze
program switching behavior in Section 5.1. We then re-estimate our baseline results using the

program in which students are enrolled four years after enrollment and show similar results.

2.2 Data

We derive data on the entire Danish population from three different administrative sources made
available through Statistics Denmark and detailed below. First, the Danish Civil Registration
System provides demographic information including individuals” unique personal identification
number, as well as their gender, date of birth, and marital history up to 2016. The personal iden-
tification number is used to merge information from the different administrative data sets. These
administrative records also contain a unique household identification number, as well as the per-
sonal identification number of each individual’s spouse and children in the household. We use
these data to obtain demographic information about each individual and household, and to gen-
erate intergenerational links.

Second, the Ministry of Education provides the full list of programs to which prospective stu-
dents applied in ranked order of preference between 1993 and 2006. It also includes upper sec-

ondary school grades, official cutoff information for each program, the program in which the in-



dividual has been accepted (if any), as well as the distinction between applications made through
Quotas 1 and 2, and standby lists.!> We use grade information from upper secondary education
diplomas to identify the distance from a student’s grade to the admission cutoff for a program. Al-
though we observe the specific programs to which students apply and to which they are originally
admitted, for subsequent attendance and graduation information, we only observe the institution
code and a four-digit education code constructed by Statistics Denmark that identifies the field of
study. We rely on this education code to follow what students are studying over the years after
initial enrollment and the field from which they graduate.

Finally, the Danish Tax Authority provides disaggregated income and wealth information be-
tween 1993 and 2016. The Danish Tax Authority receives this information directly from relevant
third-party sources: employers supply statements of wages paid to their employees, and all finan-
cial institutions supply information on their customers’ information. Because taxation in Denmark
mainly occurs at the source, this income and wealth information is highly reliable. For our pur-
poses, the records include annual income and total net wealth. The earnings measures we use in
the analysis represent labor income and exclude self-employment income and income earned from
investments. We are able to link students to their parents and obtain parental income and wealth
details. Although this information is extensive, not all components of wealth are recorded by the
Danish Tax Authority: we do not have information about individuals” holdings of unbanked cash,
their private debt (i.e. debt to private individuals), accumulated pension savings (although we

observe pension contributions), private business equity, or other informal wealth holdings.
2.3 Sample Construction

2.3.1 Population data

We start by constructing the universe of students applying to a university program for the first

time between 1994 to 2006. We restrict applications to these years for two reasons: (1) because

15 All information is obtained by third parties: upper secondary grades from diplomas provided by the grading insti-
tutions, applications from the governmental agency collating all applications and clearing the market, and completed
educational programs from the diploma granting institutions. Each program has a unique identifier and consists of a
university—major pair, both of which are linked to the program identifier in the form of an institution code number and
a major name. We verified that the unique program identifiers are associated with the same program every year in the
sample we studied and dropped 15 programs for which the name changed substantially over time within a program
identifier.



we look at outcomes for students at least 10 years after applying to university and most of our
data are available until 2016; and (2) because we control for admission cutoffs in the year prior to
application, and we have these data starting in 1993.

We only retain students for whom we have the full range of information used in our analyses,
which gives a total of 320,308 student applications. We winsorize the financial outcomes at the 1%
and 99% levels of this population of first-time applicants. We construct average earnings and gen-
der earnings gaps across programs, fields of study and institutions, as well as segmented across

men and women, allowing us to investigate the cross-sectional dispersion of various measures.

2.3.2 Reach-safety pairs

We then restrict our main analysis to the sample of prospective university students who are “close”
to the discontinuity we exploit and have a viable pair of reach—safety programs of more and less
preferred rankings. To be included in the reach-safety sample, students must have a reach pro-
gram for which their score is within 0.5 of the admission cutoff (either above or below), such that
students could plausibly be assigned to a different program if the admission cutoff happened to be
slightly higher or lower that year.!® Additionally, the student’s next-most-preferred safety choice
must be one for which the student’s grades are easily good enough for them to be admitted (their
score must be more than 0.5 above the admission cutoff). The restrictions that a student’s score
must be within 0.5 of the reach cutoff and 0.5 above that of the reach is tight in the sense that the
standard deviation of scores is 1.0 in the overall sample of applicants.

10,944 prospective students have scores and program rankings that include them in the sam-
ple of applicants with viable reach—safety pairs, where small changes in student grades or reach

cutoffs would plausibly yield assignment to a different program.

2.4 Admission Discontinuity

The key variable driving admission for student i is D; = S; — C;,, the difference between their
score (S;) and the cutoff for their reach program (C,,). When the assignment scheme is precisely

implemented, students are admitted to a program (p) that is either their reach program () when

16We also test robustness to different bandwidths around the admission cutoff in Section 5.3.
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S; > Cy,, or their safety program (s) otherwise:!”

r ifDiZO
p= (1)
s ifD; <0.

However, as detailed above, the Danish university system contains complications that lead
enrollment outcomes to deviate from the clean, deterministic predictions in equation (1). This
is illustrated in Figure 1, which presents the share of individuals who are admitted to different
programs as a function of D;.!8 Panel (a) shows the subsample of applications made through
the Quota 1 system of admission. The probability that students enroll in their reach program,
IP(p; = r;|D;), jumps discontinuously from 10% to more than 90% as the difference between their
score S; and the cutoff of their reach program C,, crosses from negative to positive. Meanwhile,
the probability that they enroll in their safety program, P(p; = s;|D;), falls discontinuously. When
necessary, admissions may be randomized among students with scores that fall exactly on the
threshold, i.e. when D; = 0. For this reason in Section 5.3 we also run a donut-hole analysis
excluding these individuals. Panel (b) of Figure 1 shows admissions through the Quota 2 system,
which are accordingly more noisy. In the analysis, we estimate a fuzzy instrumental RDD to take
into account the fact that admission in each of these two systems is not a perfect function of the
assignment variable. We measure time-invariant admission probabilities separately and include
Quota fixed effects for each admission system.

Figure 1 shows that students also have a small probability of enrolling in other programs (nei-
ther reach nor safety programs, denoted by o;) or in nothing (denoted by 7;). Some students elect

to defer or not attend university, and some subsequently re-apply to switch programs. We con-

7For example, consider a hypothetical student who obtained a composite score of 9.8. The student does not have
post-high-school qualifications, and thus applies under “Quota 1” based on this score alone. The student selects physics
at the University of Copenhagen as the first choice, and chemistry at the University of Copenhagen as the second
choice. We refer to the student’s first and second choices (detailed in Section 2.3) as the “reach” and “safety” programs,
respectively, because the student’s grade of 9.8 turns out to be close to the 10.0 cutoff of the first choice, while it is
much higher than the cutoff of 9.0 for admission to the second choice. In this example, the student is denied a place in
the first/reach choice of physics because his/her grade falls just below its cutoff, and is admitted to the second/safety
choice of chemistry instead. We could imagine that physics might have been less competitive the previous year, with
a cutoff of only 9.7, in which case the student would have been admitted to study physics had the student applied the
previous year.

18Cutoffs are not directly observed for all programs because of missing data. For approximately 13% of the programs,
we impute the cutoff point. Mechanically, we classify a jump of more than 50 percentage points in the acceptance rate
of Quota 1 students as the identified cutoff point. Excluding these programs does not change our conclusions.
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sider these subsequent enrollment and switching issues in Section 5.1. However, because these
outcomes are small and do not change drastically with D;, in the empirical model we only exploit

the variation in the acceptance to the reach and safety programs.

2.5 Summary Statistics of the Data

Table 1 presents descriptive statistics for the population of students applying to university for the
first time in application years 1994 to 2006 (all applications; left) as well as the sample of students
who have a reach-safety programs pair in these application years (used sample; right). It is help-
ful to contrast both samples to highlight the potential differences when evaluating the external
validity of our study. We show that our reach-safety sample is somewhat positively selected on
observables, which all else constant does not suggest that the effect of the gender earnings gap
should be upward biased. Panel A presents demographics. In both the population and in the
sample used, prospective students are on average 21 years old, and close to 39% are men. Parental
income, wealth and education are the average values for both parents (or the values for the single
parent on record) at the time of application. Students in the reach—safety programs pair sam-
ple have parents with higher incomes (328,600 DKK versus 298,100 DKK), higher wealth (432,900
DKK versus 348,700 DKK) and more education (13.5 years versus 12.7 years).!” Panel B presents
information typically found in a student’s application. 60% of the sample are admitted to their
reach program, which is on average listed as their first choice, while their safety program is on
average listed as their second choice. On average, the program in which the students enroll is
ranked at position 1.6. Panel C shows 60% of students have a reach-safety programs pair in the
same broad field of study, and 30% have one at the same institution.

Panel D of Table 1 presents information on earnings. The earnings are averaged over the period
10 to 12 years after the applications to university programs, although we investigate earnings from
7 to 15 years after application in Section 4.3.20 The average earnings of students in the reach-safety

programs pair sample is similar to the overall population (306,900 DKK versus 300,400 DKK), and

19The January 2019 exchange rate for USD to DKK is 6.5.

20We maximize the number of years we can use in our sample by imposing the condition that the observation has at
least 10 years of observations, and is averaged over future years 10 to 12 whenever possible. In particular, for the 2006
application-year cohort, we only have the outcomes 10 years after application, for the 2005 cohort we can average the
outcomes 10 and 11 years after application, and for all prior years up to 2004 we can average the outcomes from 10 to
12 years after graduation. We do so to maximize the number of cohort years used in the analysis.
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this is true for both women (286,600 versus 273,900) and men (338,600 versus 345,100). The stu-
dents” enrollment cohort average earnings (303,600 DKK versus 294,100 DKK in the population)
and earnings gap (40,200 DKK versus 46,500 DKK in the population) are also similar. The reach—
safety earnings gap is the difference between the average earnings of students admitted to their
reach program and the average earnings of students admitted to their safety program, and is on
average 16,000 DKK. The reach-safety gender gap is the difference between the earnings gender
gap for students admitted to their reach program and the earnings gender gap for students admit-
ted to their safety program, and is on average 1,100 DKK with substantial variations. In the next
section we decompose the earnings and gender earnings gaps by field. Appendix Tables Al and
A3 present the descriptive statistics separately for the subsamples of students who apply through

the Quota 1 and Quota 2 systems of admission, respectively.

2.6 Earnings and Rankings of Fields of Study

Although our analysis exploits the variation in admission at the program level, we summarize the
data in broad fields of study. Each program is categorized by Statistics Denmark into educational
areas, such as agriculture, arts, mathematics, architecture or basic university programs.21 We re-
group these categories into 10 broad fields of study. The left panel of Table 2 presents descriptive
statistics for all students — not just those in the reach-safety sample — who were admitted to a vari-
ety of fields of study (all applications; left). This panel summarizes the variation across programs
- within and between fields — in the average earnings and gender earnings gaps that we use to
identify the causal effects of gender earnings gap. The standard errors show the variation over
programs within a broad field. In particular, it is interesting to see that the correlation between
earnings and the gender earnings gap is not perfect. For example, law is the highest paid field
but has one of the lowest relative gap at 13%. However, the three next highest paying fields (busi-
ness, engineering, and technology) have some of the highest gaps, both relatively and absolutely.
This shows that there is ample variation in earnings and earnings gaps in the data to identify our
parameters. Women tend to be more numerous in fields where the gender gap is lower (as is the
case in Education, Health and Humanities). One notable exception is business, where the share of

share of women in business is almost half despite the fact that the field has the biggest absolute

21We exclude vocational programs from the analysis as they are usually not comparable to university programs.
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gender earnings gaps.

The right panel of Table 2 presents the relative frequency at which fields are listed as reaches
or safeties by women and men in our reach-safety programs pair sample (used sample; right).
Although most fields are ranked with similar frequency by men and women, there are a few
notable exceptions: men are more likely than women to rank programs in business as their reach
and safety choices; women are more likely than men to rank programs in education and health
as their reach and safety choices. Note that, in general, women are more likely to rank fields
of studies where the gender earnings gap is low. Because our identification strategy focuses on
randomizing students across these reach and safety programs, we elicit the returns to education
while controlling for selection issues in admissions. In Section 5.2, we further show that our results

are robust to including fixed effects for reach and safety pairs.

3 Identification

This study aims to estimate the following econometric model to predict an individual’s earnings

using educational variables available to researchers:

Yi = 5%+Ag+ﬁXi+ei, (2)

where y; denotes the earnings of student i who enrolls in program p; , y,; denotes the average
earnings of individuals who enroll in program p;, §,; = ¥p,m — Yp,w denotes the average gap be-
tween the earnings of men and women who enroll in program p;, X; denotes individual covariates
2

(including a constant) and ¢; is the error term.

We are interested in recovering and interpreting A, the degree to which the gender earnings

221 our baseline specification, earnings are annualized averages over the period 10 to 12 years after initial enrollment.
Note that average earnings in a program will be a weighted average of the earnings for men and women who enroll in
the program (,n and ¥p,w, respectively), with weights proportional to the share of men and women in that program.
Because programs include a relatively large number of individuals enrolled over many years, including or excluding
y; from the calculation of 7, has virtually no effect on the value of ¥/, or the results that follow from it. For individuals
who are not admitted to any program of study, we calculate the average earnings of their enrollment cohort as the
sample average of students who were not admitted to any program in the reach—safety programs pair sample used in
our main analysis. Therefore, these averages potentially include both the effect of enrolling in a given program and the
effect of program peers. To address this concern, in Section 5.4, we test the robustness of our main results to alternative
ways of calculating average earnings, first by excluding the enrollee’s own cohort year from the calculation, and second
by excluding the enrollee’s own cohort year and any ulterior cohort year from the calculation.
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gap of a program affects a prospective student entering this program, keeping average program
earnings ¥/,. constant. A measures the increase in earnings an individual receives by enrolling in
a program that has a $1 larger gender earnings gap; this coefficient will be estimated separately
for men and women. An OLS regression of equation (2) may not reveal an unbiased estimate of
A in the presence of selection problems, that is, if cov(y/,;,€) # 0 or cov(g,,, €) # 0. For example,
unobserved ability could correlate with program admission.

We instead obtain a causal estimate of A from equation (2) using the discontinuity built into
the Danish university admissions system described in Section 2.3. The natural null hypothesis
is A = 0; enrolling in a program with a larger gender earnings gap does not causally affect the
individual’s earnings. In this case, cross-program differences in average enrollee earnings merely
reflect selection or the tendency of high- and low-ability students to enter different programs.
One alternative hypothesis is that cross-program differences in the gender earnings gap are due
to heterogeneous program returns for men and women, with no cross-program differences in
selection. Section 3.1 shows that if all programs had equal numbers of men and women, this
would correspond to the hypothesis that A = 0.5 for men and -0.5 for women. Because the share
of men and women varies across programs, a better way to measure selection is to test the equality
of A with the OLS estimate: the OLS and true coefficients will coincide when there are no selection
effects.

We estimate a fuzzy regression-discontinuity IV design, in which we use instruments to predict
the average earnings and gender earnings gaps of the program the student enrolls in (y,; and g,

respectively). The following variables are included as instruments in Z:

1P<p, = T’i’Di) X %; IP(pl = Si’Di) X TSI.; 1P<p, = T’i’Di) X gTﬁ and I[)(pl = Si’Di> X gisl (3)

These instruments can be used in a fuzzy-discontinuity design because they include the probabil-
ities of admission to the reach versus safety program choice. The probability of being admitted
to the reach and safety programs therefore respectively increase and decrease discontinuously
when comparing scores just below and just above the reach program choice cutoff score. To verify

their validity, we investigate bunching and other density tests in Section 3.2. Here, we present the
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first-stage regressions given by:

Yp =9Xi + XZi + € (4a)

gipi :(,DgXl' + XgZi + €gi- (4b)

We use the predicted values from the fuzzy discontinuity in these first-stage regressions as a source
of variation to obtain unbiased estimates of § and A in equation (2). Figure 2 provides a graphical
representation of first-stage equations (4a) and (4b), replacing a continuous measure of probability
of enrollment in the reach or safety program with a sequence of score bins. This allows us to
see graphically the discontinuous change in the average earnings and gender earnings gap of
the enrollment program as the admission cutoff is crossed, depending on the earnings or gender
earnings gaps of the reach and safety programs. We construct 10 such dummy bins, as cutoff levels
are binned to 0.1 centered around 0. Each student will have exactly one dummy bin variable
equal to 1, with the rest equal to zero. The reach and safety coefficients are shown in the top
panels of Figure 2 for average earnings and the gender earnings gap, respectively. The reach
coefficients jump up sharply as D; goes from negative to zero/positive; once the students’ scores
are high enough for admission to their reach programs, the average earnings of the reach programs
strongly influence the average outcome of the program in which they enroll, as this is typically
the reach program. Similarly, the safety coefficients fall sharply as D; goes from being negative to
zero/positive; once the students” scores are high enough for admission to their reach programs,
the average earnings of the safety program no longer strongly influence the average outcome of
the program in which they enroll, as this is typically no longer the safety program.

Note that these jumps appear discontinuous, are large, and are estimated very precisely. This
reflects the fact that the Danish admissions system does in fact operate as described, and thus
moving across the grade threshold will frequently land students in their reach program instead
of their safety program. Concerns about weak instruments are absent here. Appendix Figure
A2 presents the reduced form results for the Quota 1 admission system and Appendix Figure A3

presents the first-stage and reduced form results for the Quota 2 system.
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3.1 Signal Extraction Problem

To understand equation (2), consider a more fundamental model to predict the same individual’s

earnings but with variables that may be unobservable:

Yi = ai+c(p1~) + bX; +e;. (5)

The individual’s earnings y; can be decomposed into four parts: (i) a;, the component attributed
to the ability of the individual; (ii) c(p;), the causal component, the return the student receives
from enrollment in program p;, which may differ between men and women for a given program
(in which case, c(p, m) # c(p, w)); (iii) X;, observed characteristics affecting earnings; and, (iv) e;,
an error term.

Ceteris paribus, prospective students may want to identify programs with higher returns ¢(p)
or where the returns for men and women differ (c(p,m) — c¢(p,w) # 0). However, information
about ¢(p) and ¢(p, m) — c(p, w) is not directly observable. Instead, we only observe the average
earnings for students who enrolled in each program (i/,) and the gender earnings gap for students
who enrolled in each program (g,). These observables are the sum of the causal return component
of interest and the ability or selection component that we may wish to filter out.

If the distributions of c(p) and E[a(p)|y,] are jointly normal over program p (and for ease of
exposition here, uncorrelated with each other and other observables X), the solution to this signal

extraction problem is:?

2
_ v: o
C(pi) =Cc+ U% T U% (yPi - C) + €p; (6a)
o % o
c(pi,m) — c(pi,w) =G — ¢ + P (8p; — (Cm —Cw)) + eg,. - (6b)
g ag

Plugging equation (6) into equation (5) (when average earnings and the gender earnings gap are

uncorrelated and the shares of men and women in each program are equal) yields equation (2),

Bleta = Elal, ¢ = Ele(p))], tn = Ele(pim)], G = Ele(pi,w)], 0% = varle(p))], o, = varle(p;,m) — c(pi,w)],
v2 = varla, vﬁg = var[ay, — ay] and cove, = covia,c(p;)] = 0 (as well as all other covariances equal to zero by
assumption). While we ignore non-zero correlation terms, these can be accommodated at the expense of expositional
simplicity. ey, represents the program-specific error, the degree to which a program has a higher or lower causal effect
than would be predicted by the average earnings of its enrollees.

17



2
c

2
[ . . . . .
and A = :t% p vaz , with differing signs for men and women. This makes clear
cg T VY%g

but with § = ngjrvg
that if v2 = 0, that is, if there is no variation across programs in the the ability gap between women
and men, then A = £0.5. In such case there is no selection since it is the variation in differential
returns for women and men that cause all of the gender earnings gap. This also shows that if
v% = 0, that is, if there is no variation across programs in the differential returns to education
for women and men, then A = 0. In this case, all variation in the gender earnings gap reflects
selection into the programs. Intermediate values are possible when the returns to education reflect
partly selection into programs, and partly heterogeneity across women and men. Note that the
parameters estimated separately for men and women need not be of equal and opposite sign when
estimated using actual data. This could be the case when men and women select from different

groups of programs for which different parameters are appropriate, or when programs that tend

to have causal gender gaps for women tend to have positive selection for men (or vice versa).

3.2 Manipulation Tests

When prospective students do not know the exact admissions cutoffs, they have a strong incentive
to honestly rank their preferences. These preferences should not jump discontinuously around a
cutoff that is unknown to applicants. As a result, students should not “bunch” just above the
cutoff of their reach program; the number students and the attributes of those students should
be similar for students with scores just above and below their reach program’s cutoff. McCrary
(2008) provides a manipulation test to look for this bunching the context of RDD. The idea is that
absent manipulation, the density of units around the admission cutoff should be continuous. In
our case, although the assignment variable is discrete (grades and cutoffs are calculated in 0.1
increments), Lee and Lemieux (2010) suggest that local linear or polynomial regressions can be
used to test jumps around the cutoff, as would be the case for a continuous assignment variable.
The main differences in our case are that the data are naturally binned in 0.1 increments, and that
the choice of bandwidth around the cutoff is therefore more limited. We investigate manipulation
of the assignment variable by looking at bunching around the cutoff, year-to-year dynamics of the

cutoff, and covariate balance around the cutoff.
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3.21 Bunching

The density of the assignment variable D; is presented in Figure 3 (a). We present the number of
applicants in each score bin around the cutoff, and segment the total number of applications into
women and men. Initial visual inspection provides evidence of bunching around the cutoff for
neither men nor women. Nonetheless, a manipulation test proposed by Cattaneo et al. (2019) can
be used to test for the continuity of the density function of D around the normalized cutoff point
0. Formally, we are interested in testing

Ho : lim () = lim f(d), %

against the alternative that the two limits are not equal. Following Cattaneo et al. (2019), a test
statistic can be constructed using a local-polynomial density estimator based on the c.d.f. of the

observed sample which takes the form:

~NO1) V) = = {feph) = fop ()} ®)

The test statistic depends on the local-polynomial density estimators f+,p(h) and f_,p(h), and
on the standard error estimator Vp(h). The parameter & denotes the bandwidth used around the
cutoff point, while p denotes the choice of polynomial order. Additional inputs to compute the test
statistic include the choice of standard errors (either conventional or jackknife), and the restrictions
imposed on the model. The unrestricted version of the test allows both estimators f+,p(h) and
f_,p(h) to be unrelated. The restricted version of the test is more powerful but assumes that the
c.d.f. and higher-order derivatives of the running variable are equal for treated and untreated
groups at the cutoff even when f_ # f..

Because of the nature of the data, we choose to present the results of the test using local-linear
regressions for varying bandwidths around the cutoffs, under both the restricted and unrestricted
tests and using both conventional and jackknife standard errors. Table 3 presents the p-values for
the hypothesis test in equation (7) under these different cases. Under all of these cases, we reject
manipulation of the assignment variable at the 5% statistical significance level. This provides

evidence that the admission system works and that individuals are quasi-randomly assigned to
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different university programs based on their score.

3.2.2 Dynamics of Cutoffs

Variation in admission cutoffs is necessary for students to truthfully reveal their preferences. Fig-
ure 3 (b) shows a histogram of the difference between the admission cutoff for the reach program
in the student’s year of application and the admission cutoff for the same program in the previous
year.?* To further investigate how cutoffs move from year to year, Figure 3 (c) presents the same
data but conditional on the students’ distance from the admission cutoff of the reach program in
the year prior to their application. It shows that students who were between 0.2 points below and
0.1 point above the cutoff for their reach program based on the cutoff in the previous year face
similar levels of uncertainty in relation to cutoff changes.

This provides evidence that prospective students face substantial annual changes in cutoffs,
making it hard to game the system by guessing the admission cutoff for their most preferred
program based on past cutoffs. Nonetheless, to consider the possibility that students base their
application decision on the admission cutoff from the previous year, we construct the probability
of being admitted into the reach and safety programs based on a student’s current grade and the
previous admission cutoffs. Our regressions control for these probabilities, interacted with the
average outcomes for the reach and safety programs. This allows us to identify the variation in

unanticipated changes in score cutoffs in the main analysis.

3.2.3 Covariate Balance

Finally, if manipulation around the cutoff is impossible by prospective students, we should not
tind discontinuous changes in observable characteristics of the applicants and of programs around
the cutoff. We verify this in Figure 4, which presents the average of covariates used in the analy-
sis. We start by looking at variables that affect admission into the reach program. Panel (a) shows
the high school score used to rank students when considering admission to programs. The score

trends up linearly around the cutoff without any jump at the cutoff. Panel (b) shows the total

24We restrict the histogram to changes in program admission cutoffs that are between —1 and 1 because they account
for most of the data; 1,262 observations are for programs that have an increase in the admission cutoff of greater than
1, and 29 observations are for programs that have a decrease in the admission cutoff of less than —1.
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number of programs ranked which trends down, while Panel (c) shows the proportion of admis-
sions that have the same field for the reach and the safety and there is also no jump apparent.
Finally Panel (d) shows parental wealth as measured the year before university admission and
again no jump is apparent. Finally, Panels (e) and (f) show the average earnings and earnings gap
for reach and safety programs. None of these characteristics of students, their application or their

reach-safety programs suggest manipulation around the cutoff.

4 Results

4.1 Main Results

Table 4 presents our main results. The top panel shows results from the fuzzy-discontinuity IV de-
sign, while the lower panel shows results from an OLS estimation on the same sample, controlling
for a set of observables.?> The OLS estimations provide an intuitive benchmark for our results be-
cause they represent the best forecasts of prospective students or researchers that do not observe
the admission discontinuity. However, because they are cross-sectional averages, they represent
correlations and cannot be interpreted in a causal way; they potentially include a selection effect.
For this reason, our causal estimates from the IV estimation show what part of the correlation can
be attributed to the causal effects of the returns to education.

In the first column we estimate a bare bone model with only program earnings, i.e. setting g,
to 0 in equation (2). We instrument the average earnings of the program the student enrolls in ()
with equation (4a) using reach and safety program earnings, the two instruments from equations
(3a) and (3b). Our fuzzy-discontinuity IV estimate 5 = 0.26 (C.1.0.055 to 0.47) implies that entering
a program whose enrollees earn $1 more than other programs leads to a $0.26 increase in earnings
on average. A coefficient of § = 0 would suggest that cross-program variation in average earnings
entirely reflects selection, whereas a coefficient of 6 = 1 would reflect a perfect causal effect of
the program studied. Because this result is far less than 1, and even less than 0.5, it implies that
most of the cross-program differences in average earnings reflect selection, even though we find
statistically significant causal effects. The OLS benchmark shows a much larger effect of 0.80,

providing evidence that the returns to education one can observe without random variation in

2The control variables are parental wealth, income and education, high school score, age and year fixed effects.

21



admissions largely represent selection. Our results therefore suggest that enrolling in a program
with higher earnings will lead to increased earnings, but that most cross-program variation in
average earnings reflects selection and will lead to differences in program returns.

In the second and third columns of Table 4, we estimate equation (2) separately for women
and men, instrumenting average earnings and the gender earnings gap of the student’s admission
program with the equations in (4) using reach and safety earnings and gender earnings gaps, the
four instruments from the equations in (3).

The first row of Columns 2 and 3 of Table 4 show that the causal effect of program earnings
is stronger for women than men. The IV estimates of 5 = 0.48 (C.I. 0.23 to 0.74) for women and
5 = 0.06 (C.I. -0.31 to 0.43) for men show that average program earnings impact earnings for
women but not for men. The divergence of OLS results for men (0.75, C.I. 0.65 to 0.85) from
their IV estimates suggest that cross-program differences in earnings for men reflect selection
of high-ability men into programs that consequently show high earnings. Conversely, the OLS
benchmark of 0.79 (C.I. 0.73 to 0.85) for women is much closer to the IV estimate, suggesting that
cross-program differences in earnings for women reflect cross-program differences in returns to
education.

Columns 2 and 3 of Table 4 next show the main results of the paper: women obtain lower
returns when they enroll in programs with higher gender earnings gaps, holding average program
earnings constant. Our fuzzy-discontinuity IV estimate A = —045 (C.I. -0.81 to —0.096) implies
that entering a program with a $1 larger gender earnings gap leads to a $0.45 reduction in earnings
for women on average. Interestingly, this effect is stronger than the analog benchmark OLS result.
This could be the case if women were less likely to self select into programs with large gender
earnings gaps, as is suggested by the results of Table 2. This implies that the causal effect of
gender earnings gap is actually larger than what one would estimate using only observational
data.

Because we reject the hypothesis that gender earnings gaps do not affect earnings for women,
we can also reject the idea that cross-program differences in gender earnings gaps merely reflect
differential selection of high- and low-ability men and women into different programs. The anal-

ogous coefficient for men in the third column A = —0.09 (C.I. —0.58 to 0.41) is statistically indistin-
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guishable from zero and can rule out large positive values.?® For men the OLS benchmark results
actually suggest a positive premium to studying programs in which the gender earnings gap is
larger, but this effect does not translate to our IV results that control for selection. In this case,
although we observe men earning more in fields with larger gender earnings gap, it is not the case
once we account for selection.

In the fourth and fifth columns of Table 4, we estimate equation (2) separately for women
and men using gender-specific program earnings. We instrument average gender-specific earn-
ings with gender-specific reach and safety earnings. These present the same results in a different
way; women earn significantly more when they enroll in programs with higher-earning women
(holding male earnings fixed), with a point estimate of 0.76 (C.I. 0.25 to 1.27). We can reject the
hypothesis that the earnings of men and women in a program affect a woman’s earnings equally.
By contrast, the fifth column shows that male and female earnings in a program are equally im-
portant, although noisy, in relation to a man’s earnings. The benchmark OLS results show that

both women and men earnings mostly load on their gender-specific program earnings.?”

4.2 Alternative Channels

This paper has documented that programs with larger gender earnings gaps reduce earnings for
women. In this section, we investigate potential mechanisms through which this result may oper-
ate.

Programs could lead to women earning less than men through direct channels, such as ex-
plicit discrimination, or through indirect channels. An important body of literature documents
an earnings penalty for mothers but not fathers. For example, Kleven et al. (2018) finds that part
of the gender wage gap can be explained by women having children. In this case, one possible

explanation of our findings could be that some fields have a causal impact on women'’s decisions

26Note that the parameters estimated separately for men and women need not be equal and of opposite sign — as
suggested in the identification section — when estimated using actual data. This could be because men in the reach-
safety programs pair sample may apply to a different set of programs than women, for which the causal effect of the
gender earnings gap is small or absent, or because programs that tend to have large causal gender gaps for women tend
to have positive selection in relation to male enrollees, thereby offsetting the causal effect of the gender gap for men.
Nevertheless, in both of these cases, women do worse when they enter programs with large gender earnings gaps.

27Appendix Table A5 shows the first-stage estimations of equation (3) for the results presented in Table 4. The
coefficients on these instruments have high predictive power: they are close to 1 for average reach and safety program
incomes, and the R-squared values for the regressions are high and vary between 79% and 94% as suggested by their
graphical representation in Figure 2.
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to have children, and that women in these fields earn less as a result of the earnings penalty doc-
umented for motherhood.?® In this section, we analyze whether cross-field/program differences
in the gender wage gap (not the overall gap) can be explained by marriage, number of children,
graduation rates and the labor market participation of women.

To explore these possible channels, Table 5 shows the baseline results and includes additional
controls. The first column reproduces our baseline result for women. In the second column, we
include as controls a dummy variable indicating whether the woman is married 10 to 12 years after
enrollment and the number of children she has during the same period. Our results are robust to
the inclusion of these controls, As a result, we rule out the hypothesis that programs with large
gender earnings gaps have them because they lead women in those fields to get married or have
more children, which in turn leads to lower earnings.29

In the fourth column of Table 5, we include a dummy variable indicating whether the woman
has graduated from her reach program 10 to 12 years after enrollment. Including a a graduation
control has almost no impact on our point estimates, providing no evidence that a graduation
channel explains our gender earnings gap findings. By including graduation controls, we rule out
a channel through which programs with large gender earnings gaps have them because they lead
women in those fields to graduate at lower rates, which in turn would lead to lower earnings.
Including a dummy for the presence of any labor income modestly (but not significantly) reduces
the estimated impact of a program’s gender earnings gap on the earnings of its female enrollees.
This might provide some suggestive evidence that programs with large gender earnings gaps lead
to women earning less on the extensive margin (not working), as well as on the intensive margin

(earning less while Working).30

28Gallen et al. (2017) also finds that the gender gap in Denmark has decreased over the last 30 years, with a further
reduction linked to higher female labor market participation. However, the remaining gender gap is still related to the
child penalty.

2Furthermore, in unreported results, we estimate analogous IV equations to predict marriage and number of chil-
dren and find no causal effect of the program studied on either of these outcomes (with p-values ranging from 0.29 to
0.81 for our coefficients of interest).

30In unreported results, we estimate analogous IV equations to predict graduation and the presence of any labor
income, and find very modest effects of average program earnings on graduation rates; an increase of 0.1 percentage
point (C.I. 0.018pp to 0.19pp) per increase of 1,000 DKK and of a gender earnings gap in the presence of any labor
income and a reduction of 0.04 pp (C.I. -0.10pp to 0.001pp) per increase of 1,000 DKK.
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4.3 Gender Earnings Gap Dynamics

There is growing evidence that the difference in earnings between women and men at the begin-
ning of their careers is small, but grows to be considerable a decade after graduation (Bertrand
et al., 2010, for example). We verify this hypothesis by re-estimating our baseline results while
varying the time horizon over which earnings are averaged. Table 6 shows the results using in-
dividual and program earnings measured 7 to 9 years, 10 to 12 years (our baseline), and years 13
to 15 after enrollment. Panel A shows the main IV results, and Panel B shows the OLS results for
comparison.

The results show that the causal effect that we documented in Table 4 is not present seven
to nine years after enrollment: the within-program gender earnings gap estimate is both much
smaller and statistically insignificant. However, the causal estimate we documented in the main
specification for years 10 to 12 (i.e. coefficient —0.45, s.e. 0.18), is also statistically significant in
years 13 to 15, and even larger (i.e. coefficient -0.80, s.e. 0.23). This provides evidence that cross-
program differences in the gender earnings gap tend to increase with time spent in the labor

t.31

marke We therefore contribute to the evidence on gender earnings gaps growing with the

employment life-cycle.

4.4 University, Field, and Program Effects

We investigate the roles of gender earnings gaps at the level of the academic institution (universi-
ties), broad program of study (e.g., business versus humanities), and specific program of study in
affecting subsequent earnings.

We start by decomposing the gender earnings gap of a program into the university-wide com-
ponent (the average for all programs at that university) and the program-specific component
(the residual contribution for that program compared to others within the same university). We
then reproduce our baseline results but decompose the average program earnings ¥, into these
program- and university-specific averages. This allows us to separate out the effect of the pro-
gram and the university of study. If universities, rather than programs, are driving the results

for the gender earnings gap, we should find that university-wide gender earnings gaps have the

31Table A6 repeats the estimations at different time horizons after enrollment, as shown in Table 6. We find that the
result that the gender gap increases over time remains even after controlling for children and other important controls.
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largest causal effect.

The two first columns of Table 7 decompose gender earnings gaps into the earnings impact of
entering a university with a large gender earnings gap versus the impact of entering a program
with a relatively large gender earnings gap compared with others in that university.>> The re-
sults are estimated separately for men and women. The second column shows that our gender
earnings gap results are present at both program and university levels. Entering a program that
has a relatively large gender earnings gap compared with other programs in the university will
significantly reduce earnings for women (coefficient -0.42, s.e. 0.18), and entering a university
that has a large gender earnings gap will reduce earnings for women even more (coefficient —0.76,
s.e. 0.30). Almost all differences across universities in terms of their gender earnings gaps reflect
causal effects, with no evidence of selection. As with the overall effects, the gender earnings gap
of a program has no effect on earnings for men.

The third column separates the impact of entering a higher-earning university and entering
a higher-earning program within that university.*> While both effects are present, the impact on
earnings of entering a higher-earning university (coefficient 0.57, s.e. 0.16) is significantly larger
than the impact on earnings of entering a higher-earning program within a university (coefficient
0.17, s.e. 0.11). Roughly half of the differences between universities reflect the causal effects of
entering those universities; therefore, the remaining half must reflect the students who select those
universities. Finally, the last column re-estimates the baseline regression on the subsample of
students whose reach and safety programs are within the same university; in this sample, all
variation across programs is also within universities (e.g. moving from physics to chemistry or
economics within the University of Copenhagen). The results in this case are broadly similar, but
with a smaller point estimate (coefficient 0.13, s.e. 0,16).

Next, we decompose the gender earnings gap of a program into the field component (the aver-

age for all programs in that broad field of study, such as business or humanities) and the program-

32Here, we use six instruments: the probability of entering the reach and safety programs, interacted with the average
earnings of those programs, the gender earnings gap of the university in which those programs are taught, and the gap
between the program’s gender earnings gap and the university’s gender earnings gap. These instruments are used to
predict the average program earnings, the gender earnings gap of the university the student attends, and the gender
earnings gap of the student’s program relative to that of the university.

3Here, we use four instruments: the probability of entering the reach and safety programs, interacted with the
average earnings of the university at which those programs are taught, and the gap between the program’s average
earnings and the university’s average earnings. These instruments are used in the first stage to predict the average
university earnings and the gap between the program’s earnings and the university’s earnings.
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specific component (the residual contribution for that program compared to others within the
broad field). Table 8 reproduces our baseline results but decomposes the gender earnings gaps g,
and average program earnings Y, into these program- and field-specific averages. This allows us
to disentangle the effect of the exact program studied (e.g. economics or finance) versus the broad
tield of study (e.g. business, health or science).

The two first columns of Table 8 decompose gender earnings gaps into the earnings impact of
entering a broad field with a large gender earnings gap versus the impact of entering a specific
program with a relatively large gender earnings gap compared with other programs in that field.
Both the gender earnings gap in the broad field and that in the specific program matter in relation
to women’s earnings. Women earn less when they enter broad fields with larger gender earnings
gaps (coefficient -0.34, s.e. 0.22) and specific programs with larger gender earnings gaps than that
in their broad field (coefficient —0.55, s.e. 0.24). As before, the gender earnings gap — regardless of
decomposition — does not affect earnings for men.

The third column decomposes program-specific average earnings into the earnings of the
broad field versus the difference between the program’s earnings and the broad field’s earnings;
both types of variation are broadly similar in magnitude and statistically different from zero. This
suggests that not only the broad field of study but also the exact program a student chooses are
important for earnings. This is confirmed in the last column, which repeats the baseline regression
on the subsample of students whose reach and safety programs are within the same university. We
find that moving to a higher-earning program within a broad field leads to a significant increase in
earnings that is similar to our baseline results (including moves between and within broad fields).
These results are quantitatively smaller and statistically indistinguishable from zero, suggesting

that cross-program differences are important for earnings.

4.5 Program Gender Composition

Beyond differences in the gender earnings gap, programs differ in the proportion of men and
women who enroll. The Pew Research Center conducted a survey and found that “women em-
ployed in majority-male workplaces are more likely to say their gender has made it harder for

them to get ahead at work, they are less likely to say women are treated fairly in personnel mat-
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ters, and they report experiencing gender discrimination at significantly higher rates” (Parker,
2018).

Table 9 uses the same identification strategy as before, but exploits the switch of students from
programs with fewer men to those with more men as they cross the score threshold. We add two
additional instruments (the probability of admission to the reach and safety programs multiplied
by the share of men in the reach and safety programs, respectively) and one additional outcome
predicted by those instruments in the first stage (the share of men in the program in which the
student enrolls). This allows us to estimate the causal effect on earnings of entering an otherwise
identical program with a higher share of men. The first column repeats our baseline results in
relation to earnings. The second and third columns restrict the sample used to women and men,
respectively, and include the share of men in the program of admission.

We find that the share of men in a program has no significant impact on female earnings.
Moving a woman from a program with all women to a program with no women would reduce her
earnings by 22,000 DKK, or less than 3,400 USD based on our point estimates, but this difference
is not close to statistically different from zero (coefficient —21.87, s.e. 32.46). For men, we find that
entering a program with a larger share of men leads to a fairly large and statistically significant
reduction in earnings (118,000 DKK or approximately 15,000 USD from moving from an all-female
program to an all-male one ). One possible explanation is that men in programs with a larger share

of women receive additional attention and consequently gain higher returns in their field of study.

4.6 Discussion

The results presented in this section contribute to an important discussion on the effect of uni-
versity programs on gender earnings gaps (Heckman, 1979, Gronau, 1974). Causal effects reflect
the challenges and experiences of women in particular fields, while selection reflects differences
in the ability and attributes of men and women who enter these fields.>* While they do not con-
sider the gender earnings gap explicitly, Hastings et al. (2013) compare the causal effect of entering

a preferred broad field over all other less preferred options separately for men and women and

34n the overall labor market, the evidence on the effects of selection in wage gap estimations is mixed. For example,
Blau and Beller (1988) found that the wage gains of white women relative to men were larger after correcting for
selection, while Blau and Kahn (2006) and Mulligan and Rubinstein (2008) showed that the wage gap was larger after
controlling for selection and that in some cases the gap had not reduced at all.
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find gender differences in earnings effects from entering health programs in Chile, but no signif-
icant gender differences for other broad fields.*® Buckles (Forthcoming) reviews studies seeking
to address the issue of causality using interventions to reduce the gender wage gap. The com-
mon approach in this line of study is to design a randomized control trial to assess which kinds
of interventions motivate more females to study in a field in which they are under-represented
(Avilova and Goldin, 2018). Moreover, Bennedsen et al. (2019) exploit a 2006 legislation change in
Denmark that requires firms to provide wage statistics by gender, finding that it has had an effect
in reducing the gender wage gap with no significant overall effects on firm profitability.>

Our main results show that a large share of the gender earnings gap across programs arises
from differential returns to education for men and women rather than self-selection of men and
women of different abilities into different fields. This result is important for policy makers as it
suggest earnings discrimination against women. Although we document the presence of gender
earnings gap along many dimensions, we are still agnostic about the exact features of programs
that cause these gaps. The fact that gender earnings gap are present both at the university and
tield levels suggests that education institutions have a role to play in preventing discrimination
against their students, whether while they are in school or once they reach the job market. Because
we find that the gender earnings gap grows over time, more research is needed to understand why

fields differ in the career progression for women.

5 Robustness of Results and Alternative Specifications

In this section we investigate numerous robustness tests and alternatives specifications for the
main results we document.
5.1 Treatment Identifiers

The baseline specification presented in Table 4 is correct to the degree that initial enrollment in

a program is best understood as the treatment. However, students sometimes switch programs,

3They interpret this result as consistent with findings in the literature whereby non-pecuniary differences and char-
acteristics across fields are more important in driving choices than pecuniary ones. See, for instance, Goldin and Katz
(2008), Bertrand (2011) and Bertrand et al. (2010). For example, women may have preferences related to the proportion
of women in the field, or to work schedule and career trajectory that do not overlap with reproductive age.

36The main channel was by means of slowing wage growth for male employees.
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and students who initially enroll in their safety program are more likely than others to switch.
Students’ earnings may be affected not only by what they enroll in initially but by what they
eventually go on to study. Appendix Figure A5 shows the share of those who are enrolled in their
reach, safety, or other program 1, 2,..., 6 years after initial enrollment.?” Note that the shares of stu-
dents who enroll in reach and safety programs jump discontinuously across the cutoff threshold.
While the size of this jump is slightly higher when looking at the program of initial enrollment, the
jump is significant even when looking at the program of enrollment four or six years after initial
enrollment. Appendix Figure A6 shows that the attenuation in the jump at the cutoff measured
by the program enrolled in many years from initial enrollment reflects an above-average switch
rate for students initially enrolled in their safety program choice. Appendix Figure A7 shows that
roughly 10% of those enrolled in their reach program eventually switch to their safety program;
most of those who switch do so to other programs.

Alternatively, to the degree that the true treatment is time spent studying in a program or
graduating from a program, the IV results based on initial enrollment will yield results that are
too small (because the first-stage results of movement across the cutoff on the program studies will
be too big). Panel A of Table 10 presents the results shown in Table 4 in a different way. First, we
show the first and second stages, and then the IV estimates from the baseline specifications in Table
4, along with the OLS estimates. Panels B and C of Table 10 repeat the baseline results of Panel A,
but replace the initial-enrollment-based measure of ,, with an average of the earnings over the
different programs they studied during the four first years after initial enrollment (Panel B) and the
earnings of all those who enrolled in the program the person studied in year four (Panel C). These
results are consistent with our understanding of the treatment. Many students who enter a given
program eventually switch. The causal effect of entering a program will naturally be smaller than
the causal effect of completing it, because much is learned along the way. Our instrument increases
the probability of entering the reach program more than it increases the probability of continuing
in the reach program, if only because students routinely switch programs. These results echo the
graphical representation in Appendix Figure A8. We note that the coefficients are roughly 50%

higher, reflecting the fact that those who initially enroll in their safety program switch out of it at

37This figure ignores information on drop-outs and considers a student as remaining enrolled in a program until he
or she switches to a new program.
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somewhat higher rates than other enrollees. We also note that the effect of the gender earnings
gap is present under both definitions of average earnings in Panels B and C.

Appendix Figure A8 replaces this measure of ¥, with an average of the earnings over the
different programs studied during the first four years after enrollment (top panel) and the earnings
of all those who enrolled in the program the person studied in year four (bottom panel). While
the results are broadly similar, the jump in the coefficients are smaller, suggesting that moving
over the cutoff threshold has less impact on the earnings from the programs in which students
eventually study than those from the ones in which they initially study. This is unsurprising
because students may switch programs after initial assignment as their interests change or they

are able to enter a program they had previously been unable to enter.

5.2 Instruments

Table 11 shows the results of robustness tests of the results shown in Table 4. Panel A shows our
baseline specification, which controls for distance from cutoff fixed effects (bin FE), average earn-
ings of the reach program, average earnings of the safety program, calendar year fixed effects, and
the probability of being accepted given last year’s admission cutoff interacted with the average
earnings of the reach and safety programs. Panel B adds reach and safety programs fixed effects.
Panel C omits the probability of being accepted given last year’s admission cutoff interacted with
the average earnings of the reach and safety programs. This specification does not control for past
cutoffs that are in the information set of prospective students at the time of application, and there-
fore is identified only on the difference between a student’s score and the cutoff for the reach and
safety programs. Panel D adds the reach and safety program cutoffs and the student’s score. This
allows us to verify whether the competitiveness of programs and the ability of students impacts
our estimates. Panel E adds demographics (parents” wealth, income and education, and student’s
age and gender). This allows us to measure the effect while keeping these demographics constant.

The results are similar across specifications.
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5.3 Bandwidths around admission cutoffs

Figure 5 shows the robustness of our baseline results to different bandwidths of estimation around
the admission cutoff. We retain a symmetric number of bins on each side of the cutoff and tighten
the bandwidth from +/- 0.5 bins to +/- 0.2 bins around the cutoff. We present our main coef-
ficients for earnings and the gender earnings gap in Panels (a) and (b), respectively. Although
the sample size decreases as the bandwidth is tightened, and consequently the statistical power is
reduced, the results are consistent across all bandwidths used.

Table A9 presents our baseline results excluding any prospective students who had a score
exactly equal to the admission cutoff of their reach program. Because in such cases these students
are randomized into their reach program, we check to make sure that our main results are not

affected by their inclusion. The results are quantitatively unchanged.

5.4 Average Program Incomes

The baseline specification presented in Table 4 uses average program incomes calculated over the
entire sample of observations. Such averages maximize the use of the available data by using
all cohort years, thereby producing more precise averages. However, the results estimated using
these averages could include cohort and peer effects. In this section, we present two alternative
ways to calculate average program incomes to address this issue. We therefore recalculate the
average program incomes for students’ reach, safety and enrollment programs by excluding their

own application cohort year. This removes the cohort effect from our results.

5.5 Admission System

Our main results presented so far use the subsample of applicants that did not choose the standby
option. As discussed in Section 2.1, the cutoff for the standby list is usually 0.1 to 0.2 grade points
below the actual cutoff point. If students choose to apply for standby places, they will be offered
a standby place instead of their safety program if they are above the cutoff point for the standby
list. In case they are not offered a place within the first month of the program starting, they are
guaranteed a place in the program the following year. Because the standby option sometimes de-

lays the start of the program, we do not include these applications in our main analysis. Appendix
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Figure Al shows the admission discontinuity for each system.

In this section, we verify that our baseline results are robust to including the standby applica-
tions. Table A7 show the results of our analysis using the entire sample of applicants. We enrich
our econometric specification to include admission-system fixed effects (i.e. fixed effects for each
of the Quota 1, Quota 2, Quota 1 on standby, and Quota 2 on standby admission systems) and their
interactions with the distance from the cutoff, as well as the income and gender earnings gaps for
the student’s reach and the safety programs. We also present the robustness of these results to the
bandwidth around the admission cutoff in Panel (a) of Figure A4. In Table A8 we also present
the same estimations for the subsample of students that applied through Quota 1 only, whether
on standby or not. We also present the robustness of these results to the bandwidth around the
admission cutoff in Panel (b) of Figure A4. The results are qualitatively the same then the ones

presented in Section 4.

6 Conclusion

We exploit a discontinuity built into the Danish university admissions system that quasi-randomly
assigns similar students to different university programs. Prospective university students receive
a composite score summarizing their performance in high school. They then rank programs —
university—major pairs, such as medicine at the University of Copenhagen — as their first, second,
third, and so on, choices. Each program has a score cutoff, which changes from year to year to
clear the market. Students are admitted to their most preferred program for which their score
exceeds the cutoff. We examine students with reach-safety program pairs wherein their score is
close to the cutoff for their more preferred “reach” program but well above the cutoff for their
next-most-preferred “safety” program. For these students, a small improvement in their score
from just below to just above the cutoff will lead to a large, discontinuous increase (decrease) in
their probability of enrolling in their preferred reach (less preferred safety) program.

We find that enrolling in programs with higher-earning enrollees leads to students earning
more, but that most cross-program differences in earnings reflect selection. Entering a program
whose enrollees earn $1 more will on average lead to an enrollee earning $0.26 more (C.I. $0.055 to

$0.47). This effect is somewhat larger when we redefine the treatment as studying the subject four
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years after initial enrollment instead of at initial enrollment. The results are robust to a variety
of bandwidths and controls. We document substantial and important heterogeneity by gender.
In particular, the cross-program differences in the gender earnings gap are causal; enrolling in
a program whose enrollees experience a $1 larger gender earnings gap, controlling for earnings,
leads to women earning $0.45 less on average (C.I. -0.81 to —0.096). This effect is absent when
women initially enter the labor market, but grows over time to $0.80 (C.I. -1.24 to -0.36).
Although documenting cross-program differences in the gender earnings gap is important,
more research is required to understand the potential channels through which it operates. For
example, we find that it is not the result of cross-program differences in marital status and chil-
dren, but our analysis cannot explain whether it is the result of challenges faced by women in
specific university programs or those faced by women in the jobs that those programs eventually
feed into. The fact that we find evidence of effects of gender earnings gap causation at both the
field and university levels suggests that they could be related to both specific fields and specific
universities. However, more research is required to understand whether the challenges faced by
women are determined by the education women attain, by the labor market conditions in the
various fields in which women find work, or a combination of both. Identifying the importance
of each of these channels is useful for policy-makers designing interventions or policies aimed at

reducing the gender earnings gap.
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7 Figures

Figure 1: Outcome of Applications
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Note:  This figure shows the different possible outcomes of an application to a program of study. In each panel
we show the share of the sample of students admitted to their reach, safety, other, or no program by applica-
tion score bins. We use the sample of 10,944 students who have a reach-safety programs pair in application years
1994 to 2006. We pool all programs and years and present the distance between the application score and the ad-
mission cutoff of the reach program on the x-axis. Panel (a) shows the subsample of applications made through
the Quota 1 system of admission (6,658 observations) and Panel (b) shows Quota 2 applications (4,286 observations).
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Figure 2: First-stage Results
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Note: This figure presents the graphical illustration of the first-stage earnings and earnings gap results. We use the sample
of 6,658 students who applied through the Quota 1 system of admission and have a reach-safety programs pair in applica-
tion years 1994 to 2006. We pool all programs and years and present the distance between the application score and the ad-
mission cutoff of the reach program on the x-axis. Results present the coefficients estimated separately for reach and safety
programs using 10 dummy bins centered around the admission cutoff. Each student has exactly one dummy bin variable
equal to 1, with the rest equal to zero. In Panel (a) the dependent variable is earnings of enrollees in the program of ad-
mission, and we plot the coefficients of earnings in the reach and safety programs interacted with distance from cutoff dum-
mies. In Panels (b) and (c), the dependent variable is the gender earnings gap of enrollees in the program of admission and
we plot the coefficients of gender earnings gaps in the reach and safety programs interacted with distance from cutoff dum-
mies. Earnings are averaged 10 to 12 years after application. Point estimates are given along with the 95% confidence interval.
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Figure 3: Bunching and Annual Changes in Cutoffs
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(c) Change in Cutoff Given Distance from Reach

Note: This figure presents the number of applications around admission cutoffs, and year-to-year changes in admission cutoffs.
We use the sample of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006. Panel (a)
presents the number of applications around admission cutoffs for the entire sample, and for women and men separately. We
pool all programs and years and present the distance between the application score and the admission cutoff of the reach pro-
gram on the x-axis. Panel (b) presents the difference between the admission cutoff of the student’s reach program in the year
of application and the cutoff for the same program in the previous year. We restrict the histogram to changes in program
admission cutoffs that are between —1 and 1 because they account for most of the data; 1,262 observations are for programs
that have an increase in admission cutoff of greater than 1, and 29 observations are for programs that have a decrease in ad-
mission cutoff of less than —1. Panel (c) shows the year-to-year changes in the admission cutoff of a student’s reach program
conditional on the student’s distance to the admission cutoff of the reach program in the year prior to his or her application.
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Figure 4: Covariate Balance
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the sample of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006.
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This figure presents averages of the covariates used in the analysis by application score bins.

We use
We

pool all programs and years and present the distance between the application score and the admission cut-

off of the reach program on the x-axis.
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Figure 5: Alternative Bandwidths
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(b) Gender Earnings Gap

Note: This figure presents the robustness of our main results to the selection of different bandwidths. Panel (a) uses the
sample of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006 and shows the esti-
mated coefficient of § from equation (2) for earnings, setting g, to 0. Panel (b) uses the subsample of 6,676 women who
have a reach-safety programs pair in application years 1994 to 2006 and shows the estimated coefficient of A on the gen-
der earnings gap from equation (2). A coefficient of 0 represents a model in which individual outcomes reflect only selec-
tion, and a coefficient of 1 or -1 represents a model in which individual outcomes reflect only causal effects. Point esti-
mates and 95% confidence intervals are shown with the number of observations included in the different bandwidth ranges.
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8 Tables

Table 1: Descriptive Statistics

All applications (320,308 obs.) Used sample (10,944 obs.)

Mean Std. dev Mean Std. dev
A. Demographics
Age 214 3.7 21.1 2.9
Male percent 37.3 — 39.0 —
Parental income (000’s DKK) 298.1 153.2 328.6 168.2
Parental wealth (000’s DKK) 348.7 714.7 4329 8154
Parental education (Years) 12.7 3.2 13.5 3.2
B. Application
Grade 8.3 1.0 8.8 0.7
Nbr programs ranked 2.2 14 3.1 14
Accepted into reach — — 0.6 0.5
Rank of reach — — 1.2 0.6
Rank of safety — — 2.3 0.7
Rank of enrollment prog. — - 1.6 0.9
C. Reach-Safety pairs
Grade distance from the cutoff — — —0.1 0.3
Same field 0.6 —
Same institution — — 0.3 -
D. Earnings
All 300.4 154.5 306.9 165.0
Women 273.9 134.5 286.6 149.2
Men 345.1 174.5 338.6 182.7
Enrollment cohort average 294.1 58.3 303.6 63.7
Enrollment cohort gender gap 46.5 34.1 40.2 29.0
Reach-Safety gap — — 16.0 59.8
Reach-Safety gap in gender gap — — —-1.1 37.7

Note: This table presents descriptive statistics for the population of students applying to university for the first time in application
years 1994 to 2006 (all applications; left), as well as the sample of 10,944 students who have a reach-safety programs pair in these
application years (used sample; right). Panel A presents demographics. Parental income, wealth and education represent the aver-
age values of both parents (or the values for a single parent). Panel B presents information typically found in a student’s applica-
tion. The student’s score summarizes their high school grades. The number of priorities ranked refers to the number of programs
to which the student applied. For the sample of students with a reach—safety pair, we present the rankings of the reach, safety and
enrollment programs. Panel C describes the reach-safety pairs. The distance from the cutoff represents the difference between the
student’s grade and the cutoff of the reach program. Panel D presents information on earnings. Earnings are averaged 10 to 12 years
after the application to the university program. We show the average earnings for all students and for the subsamples of women
and men. The student’s enrollment cohort earnings average is the average earnings of the cohort of students admitted to the same
program—university major. The enrollment cohort earnings gender gap is the difference between the earnings of men and women
for the cohort of students admitted to the same program—university major. The reach-safety earnings gap is the difference between
the earnings of students admitted to their reach program and the earnings of students admitted to their safety program. The reach—
safety gender gap is the difference between the earnings gender gap for students admitted to their reach program and the earnings
gender gap for students admitted to their safety program.
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Table 2: Fields of Study

All applications (320,308 obs.) Used sample (10,944 obs.)
Enrollment Cohort Averages (000s DKK) Women (11,725 obs.) Men (7,473 obs.)
Average Gender Gender Gap
Earnings  Gap Average Share of
(s.d.) (s.d.) Earnings Women Reach Safety Reach  Safety
Business 361 75 21 % 45 % 6.9 % 8.2 % 145% 152 %
(49) (32)
Education 289 33 12 % 69%  10.3 % 10.8 % 56% 73%
(29) (14)
Engineering 358 61 17 % 32 % 0.3% 1.2 % 17%  28%
(72) (61)
Health 276 41 15 % 8%  232% 22.5% 13.0% 75%
(53) (29)
Humanities 241 29 12 % 65%  21.0% 26.8 % 195% 231%
(33) (36)
Law 379 51 13 % 58 % 51% 22% 65% 28%
(11) @)
Basic Programs 288 67 23 % 63 % 0.0 % 1.7 % 0.0% 1.8%
(18) (21)
Science 309 32 10 % 47 % 6.4 % 9.2 % 62% 117 %
(43) (26)
Social Science 319 34 11 % 53%  21.1% 13.0 % 257% 19.7%
47) (24)
Technology 326 63 19 % 30 % 5.7 % 4.5 % 74%  82%
(51) (50)
Total 100 % 100 % 100 % 100 %

Note: This table presents descriptive statistics by fields of study for the population of students applying to university for the first time in application years
1994 to 2006 (all applications; left), as well as the sample of 10,944 students who have a reach-safety programs pair in these application years (used
sample; right). The left panel shows the average earnings and gender earnings gap in each field, as well as the gender earnings gap as a percentage
of the average earnings and the share of women enrolled in each fields. Earnings are averaged 10 to 12 years after the application to the university
program. The standard errors show the variation over programs within a broad field. The right panel shows the distribution of fields as reaches and
safeties for men and women separately.
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Table 3: Density Manipulation Tests

Bandwitdh: -05t00.4 -04t00.3 -0.3t00.2
Model: Restricted Unrestricted Restricted Unrestricted Restricted Unrestricted
A. Full Sample
Conventional S.E. 0.344 0.746 0.959 0.499 0.583 0.223
Jackknife S.E. 0.317 0.753 0.956 0.519 0.540 0.266
B. Only Women
Conventional S.E. 0.094 0.222 0.416 0.800 0.843 0.786
Jackknife S.E. 0.077 0.235 0.380 0.809 0.825 0.804
C. Only Men
Conventional S.E. 0.553 0.307 0.347 0.160 0.256 0.105
Jackknife S.E. 0.530 0.319 0.312 0.180 0.205 0.137

Note: This table presents the p-values for the hypothesis test in equation (8) under different assumptions about the data generating process. Panel
A. uses the entire sample, while Panels B and C restrict the sample to women and men, respectively. We present the results of the test using
local-linear polynomials for bandwidths varying from +/- 0.5 to +/- 0.3 around the admission cutoff. The unrestricted version of the test allows
both estimators ﬁr,p(h) and fap (h) to be unrelated. The restricted version of the test is more powerful but assumes that the c.d.f. and higher-
order derivatives of the running variable are equal for treated and untreated groups at the cutoff even when f_ # f,. We show the results
using both conventional and jackknife standard errors.
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Table 4: Gender Earnings Gap

Gender earnings gap  Gender-specific earnings

All Women Men Women Men
A. Instrumental variable estimation
Program earnings (All) 0.26 0.48 0.06
(0.11) (0.13) (0.19)
Within-program -0.45 -0.09
gender earnings gap (0.18) (0.25)
Program earnings (Women) 0.76 0.25
(0.26) (0.36)
Program earnings (Men) -0.31 -0.01
(0.23) (0.29)
B. OLS benchmark
Program earnings (All) 0.80 0.79 0.75
(0.02) (0.03) (0.05)
Within-program -0.14 0.42
gender earnings gap (0.07) (0.10)
Program earnings (Women) 0.69 -0.02
(0.08) (0.11)
Program earnings (Men) 0.14 0.85
(0.06) (0.09)
N 10944 6,676 4,268 6,676 4,268

Note: This table presents the results of estimating equation (2) by IVs (Panel A) and by OLS (Panel B) for the gender earnings gap
and for the subsamples of women and men. Each column presents the second stage of an IV regression. We use the sample of
10,944 students who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a bandwidth
of +/—- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subse-
quent earnings averaged 10 to 12 years after admission. The first column sets g, to 0. The second and third columns separate
the sample based on gender and use the average program earnings of enrollees and the earnings gap between men and women
for the program of enrollment. The fourth and fifth columns separate the sample based on gender and use the average program
earnings of men and women separately. The IV estimation controls for distance from cutoff fixed effects (bin FE), average earn-
ings of the reach program, average earnings of the safety program, calendar year FE, the probability of being accepted given
last year’s admission cutoff interacted with the average earnings of the reach and safety programs. The OLS results control for
parents’ wealth, parents’ income and parents’ education, student grade, age and gender, and calendar year FE.
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Table 5: Gender Earnings Gap Channels

Specifications
1) 2) (©) 4 (5)

Program earnings (All) 0.48 0.48 0.49 0.46 0.48
(0.13) (0.13) (0.13) (0.13) (0.11)

Within-program -0.45 -0.45 -0.42 -0.45 -0.35
gender earnings gap (0.18) (0.18) (0.18) (0.18) (0.16)

Married -1.98 12.30 11.31 7.04
(3.44) (4.07) (4.04) (3.62)

Nb. of kids -17.55 -18.87 -25.39
(4.47) (4.43) (3.97)

Graduated 38.94 31.08
(3.46) (3.10)
Any labor income 282.82
(7.02)

Note: This table presents the results of estimating equation (2) by IVs for the subsample of women. Each column presents the sec-
ond stage of an IV regression for which we vary the control variables, all measured 10 to 12 years after application and all scaled
in thousands. The first column repeats the baseline result. The second column controls for a dummy variable indicating marital
situation, the third column adds number of children fixed effects, the fourth column indicates whether the student has gradu-
ated from the reach program, and the fifth column adds a dummy variable for no labor income earnings. We use the sample of
6,676 women who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a bandwidth of
+/-0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subsequent
earnings averaged 10 to 12 years after admission.

48



Table 6: Gender Earnings Gap Dynamics

Years after enrollment

7to09 10 to 12 13 to 15
A. Instrumental variable estimation
Program earnings (All) 0.44 0.48 0.54
(0.13) (0.13) (0.17)
Within-program -0.28 -0.45 -0.80
gender earnings gap (0.16) (0.18) (0.23)
B. OLS Results
Program earnings (All) 0.86 0.79 0.72
(0.03) (0.03) (0.04)
Within-program -0.15 -0.14 -0.22
gender earnings gap (0.07) (0.07) (0.08)

Note: This table presents the results of estimating equation (2) by IVs (Panel A) and by OLS (Panel B). In Panel A, each column
presents the second stage of an IV regression. We use the sample of 6,676 women who have a reach-safety programs pair in ap-
plication years 1994 to 2006 and present the results for a bandwidth of +/- 0.5 around the admission cutoff of the reach program.
The outcome variable for the regressions is the student’s subsequent earnings averaged seven to nine years, 10 to 12 years and
13 to 15 years after admission in columns 1, 2 and 3, respectively. The second column repeats the baseline result. The OLS results
control for parents’ wealth, parents’ income and parents’ education, student grade, age and gender, and calendar year FE.
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Table 7: University and Program Decomposition

Same university

Women Men Al reach and safety
Program earnings (All) 0.50 0.01 0.13
(0.13) (0.20) (0.16)
University gender earnings gap -0.76 0.22
(0.30) (0.49)
Program gender earnings gap -0.42 -0.12
minus university gender earnings gap (0.18) (0.25)
University earnings 0.57
(0.16)
Program earnings 0.17
minus university earnings (0.11)
N 6,676 4,268 10,944 3,696

Note: This table presents the results of estimating equation (2) by IVs. Each column presents the second stage of an IV regression.
The first column repeats the baseline results. The second column restricts the sample used to students choosing the same univer-
sity for their reach and safety programs and sets g, to 0. The third column uses the full reach-safety programs pair sample, but
decomposes the average program earnings into average university earnings and the difference between average program earn-
ings and average university earnings. The fourth and fifth columns restrict the sample used to women and men, respectively,
and decomposes the gender earnings gap into the average gender earnings gap at the university level and the difference between
the average university gender earnings gap and the average program gender earnings gap. We use the sample of 10,944 stu-
dents who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a bandwidth of +/-0.5
around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subsequent earnings
averaged 10 to 12 years after admission.
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Table 8: Field of Study and Program Decomposition

Same field
Women Men All
reach and safety
Program earnings (All) 0.48 0.10 0.38
(0.13) (0.20) (0.18)
Field gender earnings gap -0.34 -0.23
(0.22) (0.37)
Program gender earnings gap -0.55 0.03
minus field gender earnings gap (0.24) (0.29)
Field earnings 0.25
(0.117)
Program earnings 0.39
minus field earnings (0.19)
N 6,676 4,268 10,944 6,153

Note: This table presents the results of estimating equation (2) by IVs for earnings and earnings gender gaps. Each column presents
the second stage of an IV regression. The first column repeats the baseline results. The second column restricts the sample used
to students choosing the same field for their reach and safety programs and sets gy, to 0. The third column uses the full reach—
safety programs pair sample, but decomposes the average program earnings into average field earnings and the difference be-
tween average program earnings and average field earnings. The fourth and fifth columns restrict the sample used to women
and men, respectively, and decomposes the gender earnings gap into the average gender earnings gap at the field-of-study level
and the difference between the average field gender earnings gap and the average program gender earnings gap. We use the
sample of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006 and present the results for
a bandwidth of +/- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the stu-

dent’s subsequent earnings averaged 10 to 12 years after admission.
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Table 9: Share of Men in the Program

Women (Baseline) Women Men

Program earnings (All) 0.48 0.51 0.22

(0.09) (0.13) (0.19)

Within-program -0.27 -0.45 -0.03

gender earnings gap (0.13) (0.18) (0.26)
Share of men in program -21.87 -118.32
(32.46) (44.56)

N 10,944 6,676 4,268

Note: This table presents the results of estimating equation (2) by IVs for earnings and earnings gender gaps. Each column presents
the second stage of an IV regression. The first column repeats the baseline results. The second and third columns restrict the
sample used to women and men, respectively, and control for the share of males in the program of admission. We use the sample
of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006, and present the results for a band-
width of +/- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s
subsequent earnings averaged 10 to 12 years after admission.
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Table 10: Robustness to Treatment Results

All Women Men
v OLS v OLS v OLS
A. Initial program; baseline
Program earnings (All) 0.26 0.8 0.48 0.79 0.06 0.75
(0.11) (0.02) (0.13) (0.03) (0.19) (0.05)
Within-program -0.45 -0.14 -0.086 0.42
gender earnings gap (0.18) (0.06) (0.25) (0.10)
B. Initial to 4th year programs
Program earnings (All) 0.46 0.94 0.7 0.97 0.19 1.03
(0.16) (0.02) (0.21) (0.03) (0.28) (0.05)
Within-program -0.57 -0.16 -0.056 0.15
gender earnings gap (0.26) (0.06) (0.38) (0.09)
C. 4th year program
Program earnings (All) 0.6 0.94 0.8 0.91 0.34 0.99
(0.19) (0.02) (0.24) (0.03) (0.33) (0.05)
Within-program -0.61 -0.16 0.051 0.08
gender earnings gap (0.29) (0.06) (0.42) (0.09)

Note: This table presents the results of estimating equation (2) by IVs and by OLS for the full sample and the subsamples of women
and men. We use the sample of 10,944 students who have a reach—safety programs pair in application years 1994 to 2006 and
present the results for a bandwidth of +/- 0.5 around the admission cutoff of the reach program. The earnings are averaged 10
to 12 years after the application to university programs. The outcome variable for the first-stage regression is a measure of the
average earnings of students admitted to the same program, and the outcome variable for the other regressions is the student’s
subsequent earnings. Panel A defines program earnings as the average subsequent earnings of students who initially enroll in
that program; Panel B defines program earnings as the average subsequent earnings across all programs studied by that student
over their first four years at university; and Panel C defines program earnings as the average subsequent earnings of the program
the student is enrolled in four years after initial admission. The 1V, first-stage and reduced-form estimates control for distance
from cutoff fixed effects (bin FE), average earnings of the reach program, average earnings of the safety program, calendar year
FE, the probability of being accepted given last year’s admission cutoff interacted with the average earnings of the reach and
safety programs. The OLS equation controls for parents” wealth, parents’ income and parents’ education, student grade, age and
gender, and calendar year FE.
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Table 11: Robustness to Specifications

All Women Men
v OLS v OLS v OLS
A. Baseline
Program earnings (All) 0.26 0.8 0.48 0.79 0.06 0.75
(0.11)  (0.02) (0.13) (0.03) (0.19)  (0.05)
Within-program -0.45 -0.14  -0.086 0.42
gender earnings gap (0.18) (0.06) (0.25) (0.10)
B. Baseline with reach and safety FE
Program earnings (All) 0.31 0.8 0.64 0.79 0.014 0.79
(0.11) (0.02) (0.14) (0.03) (0.19)  (0.05)
Within-program -0.36 -0.14 0.085 -0.14
gender earnings gap (0.20)  (0.06) (0.28) (0.10)
C. Baseline without lagged instruments
Program earnings (All) 0.25 0.8 0.43 0.79 0.049 0.75
(0.08) (0.02) (0.10) (0.03)  (0.15)  (0.05)
Within-program -0.46 -0.14 -0.081 0.42
gender earnings gap (0.18)  (0.06) (0.25) (0.09)
D. Baseline with cutoffs and score
Program earnings (All) 0.27 0.8 0.5 0.79 0.078 0.75
(0.11) (0.02) (0.13) (0.03) (0.19)  (0.05)
Within-program -0.46 -0.14 -0.11 0.42
gender earnings gap (0.18) (0.06) (0.25) (0.09)
E. Baseline with cutoffs, score and demographics
Program earnings (All) 0.28 0.8 0.5 0.79 0.097 0.75
(0.10) (0.02) (0.13) (0.03) (0.19)  (0.05)
Within-program -0.47 -0.14 -0.13 0.42
gender earnings gap (0.18)  (0.06) (0.25) (0.09)

Note: This table presents the results of estimating equation (2) by IVs and by OLS for the full sample and the subsamples of women
and men. We use the sample of 10,944 students who have a reach-safety programs pair in application years 1994 to 2006 and
present the results for a bandwidth of +/- 0.5 around the admission cutoff of the reach program. The earnings are averaged 10
to 12 years after the application to university programs. The outcome variable for the first-stage regression is the average subse-
quent earnings of students who initially enroll in that program, and the outcome variable for the other regressions is the student’s
subsequent earnings. We vary the controls used in the estimations in Panels A, B, C, D and E. Panel A presents our baseline spec-
ification and controls for distance from cutoff fixed effects (bin FE), average earnings of the reach program, average earnings of
the safety program, calendar year FE and the probability of being accepted given last year’s admission cutoff interacted with
the average earnings of the reach and safety programs. Panel B adds reach and safety programs fixed effects. Panel C omits the
probability of being accepted given last year’s admission cutoff interacted with the average earnings of the reach and safety pro-
grams. Panel D adds the reach and the safety program cutoffs and the student’s score. Panel E adds demographics (parents’
wealth, parents” income and parents’” education, and student’s age and gender).
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Table 12: Robustness to Income-program Measures

Excluding own cohort

All Women Men
A. Instrumental variable estimation
Program earnings (All) 0.21 0.40 0.05
(0.09) (0.13) (0.19)
Within-program -0.25 -0.18
gender earnings gap (0.16) (0.20)
B. OLS benchmark
Program earnings (All) 0.78 0.74 0.74
(0.03) (0.04) (0.05)
Within-program -0.02 0.31
gender earnings gap (0.09) (0.09)

Note: This table presents the results of estimating equation (2) by IVs (Panel A) and by OLS (Panel B) for the gender earnings gap
and for the subsamples of women and men. Each column presents the second stage of an IV regression. We use the sample of
10,944 students who have a reach-safety programs pair in application years 1994 to 2006 and present the results for a bandwidth
of +/— 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subse-
quent earnings averaged 10 to 12 years after admission. We present an alternative way of calculating the income averages for the
reach, safety and enrollment programs. We calculate these averages omitting the cohort-year peers of the enrollee, and therefore
omits cohort-year peers of the enrollee and future cohorts from the average calculation. The first column repeats the baseline re-
sults with these alternative definitions of program earnings. The second and third columns separate the sample based on gender
and use these alternative definitions of average program earnings and the earnings gap between males and females. The OLS
results control for parents’ wealth, parents’” income and parents’ education, student grade, age and gender, and calendar year FE.
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A Appendix

A1 Additional Figures

Figure Al: Outcome of Applications
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Note: This figure shows the different possible outcomes of an application to a program of study. In each panel we show the share
of the sample of students admitted to their reach, safety, other, or no program by application score bins. We use the sample of
10,944 students who have a reach-safety programs pair in application years 1994 to 2006. We pool all programs and years and
present the distance between the application score and the admission cutoff of the reach program on the x-axis. Panel (a) shows
the subsample of applications made through the Quota 1 system of admission (6,658 observations) and Panel (b) shows Quota 2
applications (4,286 observations).
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Figure A2: Quota 1 Applications: Reduced-form Results
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Note: This figure presents the graphical illustration of the reduced-form results for earnings and the gender earnings gap. We use
the sample of 6,658 students who applied through the Quota 1 system of admission and who have a reach—safety programs pair
in application years 1994 to 2006. We pool all programs and years together and present the distance between the application
score and the admission cutoff of the reach program on the x-axis. Results present the coefficients estimated separately for reach
and safety programs using 10 dummy bins centered around the admission cutoff. Each student has exactly one dummy bin vari-
able equal to 1, with the rest equal to zero. Panel (a) shows the results for the overall sample, Panel (b) show the results for the
subsample of women (3,977 observations) and Panel (b) shows the subsample of men (2,662 observations). In the first-stage re-
sults, the dependent variable is earnings of enrollees in the program of admission and we plot the coefficients of earnings in the
reach and safety programs interacted with distance from cutoff dummies. Earnings are averaged 10 to 12 years after application.
Point estimates are given along with the 95% confidence interval.
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Figure A3: Quota 2 Applications: First-stage and Reduced-form Results
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Note: This figure presents a graphical illustration of the first-stage (left panel) and reduced-form (right panel) results for the gender
earnings gap. We use the sample of 4,286 students who applied through the Quota 2 system and have a reach-safety programs
pair in application years 1994 to 2006. We pool all programs and years and present the distance between the application score
and the admission cutoff of the reach program on the x-axis. Results present the coefficients estimated separately for reach and
safety programs using 10 dummy bins centered around the admission cutoff. Each student has exactly one dummy bin variable
equal to 1, with the rest equal to zero. Panel (a) shows the results for earnings and Panels (b) and (c) show the results for the gen-
der earnings gap for the subsamples of women (2,684 observations) and men (1,593 observations), respectively. In the first-stage
results, the dependent variable is either earnings of enrollees in the program of admission or the gender earnings gap. We plot
the coefficients of earnings and gender earnings gaps in the reach and safety programs interacted with distance from the cutoff
dummies. In the reduced-form results, the dependent variable is the individual’s earnings and we plot the coefficients of earn-
ings and gender earnings gaps in the reach and safety programs interacted with distance from the cutoff dummies. Earnings are
averaged 10 to 12 years after application. Point estimates are given along with the 95% confidence interval.




Figure A4: Alternative Bandwidths Robustness
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Note: This figure presents the robustness of our main results to the selection of different bandwidths using two different sample
of prospective students. Both panels use the subsample of women who have a reach—safety programs pair in application years
1994 to 2006 and shows the estimated coefficient of A on the gender earnings gap from equation (2). Panel (a) uses the sample
of 11,725 female students who applied on any of the admission system (either Quota 1 or Quota 2, and both with and without
standby). Panel (b) uses the subsample of 5,391 female students who applied on Quota 1 both with and without standby. Point
estimates and 95% confidence intervals are shown with the number of observations included in the different bandwidth ranges.
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Figure A5: Proportion of Students in Reach, Safety, or Other Programs Over Time
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(c) Other

Note: This figure presents the proportion of students whose latest admission data show that they are enrolled in their (a) reach,
(b) safety, or (c) other program one to six years after their initial admission by application score bins. We pool all programs and
present the distance between the application score and the admission cutoff of the reach program on the x-axis.
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Figure A6: Switching Conditional on Reach, Safety or Other
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Note: This figure presents the proportion of students whose latest admission data show that they have switched to another program
given their initial admission into (a) their reach program, (b) their safety program, (c) another program, or (d) unconditionally
one to six years after their initial admission by application score bins. We pool all programs and present the distance between
the application score and the admission cutoff of the reach program on the x-axis.
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Figure A7: Transitions in and out of Reach, Safety or Other
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Note: This figure presents the proportion of students whose latest admission data show that they have transitioned (a) from their
reach to their safety program, (b) from their reach program to another program, (c) from their safety to their reach program, (d)
from their safety program to another program, (e) from another program to their reach program, or (f) from another program to
their safety program one to six years after their initial admission by application score bins. We pool all programs and present the
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Figure A8: Alternative First-stage Results

.75

.25 +

[
1
——
—
—e—
——

o
05 04 03 -02 01 00 04 02 03 04
o Reach X Safety
(a) Using study at year 4
1_
.75 + + + +

.25 ’|<

——
——
——

o Reach X Safety

(b) Using average of 4 first years of study

Note: This figure presents graphical representation of the first-stage results for alternative assignments of students to programs. The
results show the impact on the average earnings of the program the student enrolls in as a function of the average earnings of
their reach and safety programs, respectively, for each distance from the cutoff bin. We average earnings for 10 to 12 years after
application for all students admitted to a given program. Panel (a) averages this measure over the first four years of the program
to which a student has been admitted. For example, a student studying business for two years and health for two years would
be attributed the average of future business and health earnings. Panel (b) attributes the earnings of the program in which the
student was enrolled four years after application. Point estimates for the reach and safety programs are given, along with the
95% confidence interval.

63



A.2 Additional Tables

Table Al: Descriptive Statistics: Demographics of Quota 1 Applicants without Standby

All applications (91,061 obs.) Used sample (6,658 obs.)

Mean Std. dev Mean Std. dev
A. Demographics
Age 20.9 3.7 20.8 3.0
Male percent 43.9 — 40.1 -
Parental income (000’s DKK) 302.4 157.4 325.1 167.8
Parental wealth (000’s DKK) 361.8 7312 416.5 798.2
Parental education (Years) 12.9 3.2 134 3.2
B. Application
Grade 8.6 1.0 8.8 0.7
Nbr programs ranked 1.8 1.1 3.1 1.3
Accepted into reach - - 0.5 0.5
Rank of reach - - 1.2 0.5
Rank of safety - — 2.3 0.7
Rank of enrollment prog. — — 1.7 0.9
C. Reach-Safety pairs
Grade distance from cutoff - - 0.0 0.3
Same field 0.5 -
Same institution — — 0.4 —
D. Earnings
All 312.6 162.6 302.7 165.5
Women 2794 141.7 282.7 150.5
Men 354.9 177.1 332.7 181.7
Enrollment cohort average 303.5 63.1 300.3 63.2
Enrollment cohort gender gap 47.8 36.1 39.8 29.8
Reach-Safety gap - — 13.0 60.7
Reach-Safety gap in gender gap  — - -1.3 38.6

Note: This table presents descriptive statistics for the population of students applying to enter university through the
Quota 1 system of admission (without standby) for the first time in application years 1994 to 2006 (all applications; left)
as well as the sample of 6,658 students who have a reach—safety programs pair in these application years (used sample;
right). Panel A presents demographics. Parental income, wealth and education are the average values for both parents
(or the values for a single parent). Panel B presents information typically found in a student’s application. The stu-
dent’s score summarizes their high school grades. The number of priorities ranked refers to the number of programs for
which the student applied. The maximum number of programs for which students can apply is eight. For the sample
of students with a reach-safety programs pair, we present the rankings of the reach, safety and enrollment programs.
Panel C describes the reach-safety program pairs. The distance from the cutoff represents the difference between the
student’s grade and the cutoff of the reach program; 60% of reach-safety program pairs are in the same field and 30%
are at the same institution. Panel D presents information on earnings. The earnings are averaged 10 to 12 years after the
application to university programs. We show the average earnings for all students and for the subsamples of women
and men. The enrollment cohort earnings average is the average earnings of the cohort of students admitted to the same
program-university major. The enrollment cohort earnings gender gap is the difference between the earnings of men
and women for the cohort of students admitted to the same program-university major. The reach-safety earnings gap
is the difference between the earnings of students admitted to their reach program and the earnings of students admit-
ted to their safety program. The reach-safety earnings gender gap is the difference between the earnings gender gap for
students admitted to their reach program and the earnings gender gap for students admitted to their safety program.
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Table A2: Descriptive Statistics: Demographics of Quota 1 Applicants on Standby

All applications (45,895 obs.) Used sample (2,194 obs.)

Mean Std. dev Mean Std. dev
A. Demographics
Age 20.4 3.2 20.6 2.9
Male percent 39.1 - 36.0 -
Parental income (000’s DKK) 321.6 163.6 358.6 179.6
Parental wealth (000’s DKK) 385.4 755.6 478.6 820.9
Parental education (Years) 13.2 3.2 134 3.2
B. Application
Grade 8.7 0.9 8.6 0.7
Nbr programs ranked 1.8 1.2 3.0 1.3
Accepted into reach - - 0.6 0.5
Rank of reach — — 1.1 0.4
Rank of safety - - 2.2 0.6
Rank of enrollment prog. — - 1.5 0.8
C. Reach-Safety pairs
Grade distance from cutoff — — 0.0 0.3
Same field 0.5 —
Same institution — - 04 —
D. Earnings
All 311.3 166.0 307.0 172.1
Women 288.7 147.8 291.5 160.4
Men 346.7 185.4 334.7 188.0
Enrollment cohort average 308.0 67.0 311.5 66.1
Enrollment cohort gender gap 42.6 34.0 40.2 32.4
Reach-Safety gap - - 24.8 63.4
Reach-Safety gap in gender gap ~ — - -35 46.2

Note: This table presents descriptive statistics for the population of students applying to enter university through the
Quota 1 system of admission on standby for the first time in application years 1994 to 2006 (all applications; left) as well
as the sample of 2,194 students who have a reach—safety programs pair in these application years (used sample; right).
Panel A presents demographics. Parental income, wealth and education are the average values for both parents (or the
values for a single parent). Panel B presents information typically found in a student’s application. The student’s score
summarizes their high school grades. The number of priorities ranked refers to the number of programs for which the
student applied. The maximum number of programs for which students can apply is eight. For the sample of students
with a reach—safety programs pair, we present the rankings of the reach, safety and enrollment programs. Panel C de-
scribes the reach-safety program pairs. The distance from the cutoff represents the difference between the student’s
grade and the cutoff of the reach program; 60% of reach—safety program pairs are in the same field and 30% are at the
same institution. Panel D presents information on earnings. The earnings are averaged 10 to 12 years after the appli-
cation to university programs. We show the average earnings for all students and for the subsamples of women and
men. The enrollment cohort earnings average is the average earnings of the cohort of students admitted to the same
program-university major. The enrollment cohort earnings gender gap is the difference between the earnings of men
and women for the cohort of students admitted to the same program-university major. The reach-safety earnings gap
is the difference between the earnings of students admitted to their reach program and the earnings of students admit-
ted to their safety program. The reach-safety earnings gender gap is the difference between the earnings gender gap for
students admitted to their reach program and the earnings gender gap for students admitted to their safety program.
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Table A3: Descriptive Statistics: Demographics of Quota 2 Applicants without Standby

All applications (114,514 obs.)  Used sample (4,286 obs.)

Mean Std. dev Mean Std. dev
A. Demographics
Age 21.7 3.8 214 2.8
Male percent 34.9 - 37.2 -
Parental income (000’s DKK) 284.1 143.0 334.1 168.6
Parental wealth (000’s DKK) 320.2 680.4 458.4 840.8
Parental education (Years) 12.4 3.1 13.5 3.1
B. Application
Grade 79 0.9 8.6 0.6
Nbr programs ranked 2.3 1.5 3.2 1.3
Accepted into reach - - 0.7 0.5
Rank of reach — — 1.2 0.6
Rank of safety - - 2.4 0.8
Rank of enrollment prog. - - 1.5 0.8
C. Reach-Safety pairs
Grade distance from cutoff — — —-0.1 0.3
Same field 0.6 —
Same institution - - 0.3 —
D. Earnings
All 290.7 145.4 316.8 161.8
Women 265.0 125.4 293.5 144.6
Men 338.5 166.4 356.0 180.7
Enrollment cohort average 284.3 47.5 304.6 62.3
Enrollment cohort gender gap 49.7 35.2 40.0 28.6
Reach-Safety gap - - 13.4 54.5
Reach-Safety gap in gender gap ~ — - —-04 35.4

Note: This table presents descriptive statistics for the population of students applying to enter university through the
Quota 2 system of admission (without standby) for the first time in application years 1994 to 2006 (all applications; left)
as well as the sample of 4,286 students who have a reach-safety programs pair in these application years (used sample;
right). Panel A presents demographics. Parental income, wealth and education are the average values of both parents
(or the values for a single parent). Panel B presents information typically found in a student’s application. The student’s
score summarizes their high school grades. The number of priorities ranked refers to the number of programs for which
the student applied. The maximum number of programs for which students can apply is eight. For the sample of stu-
dents with a reach-safety programs pair, we present the rankings of the reach, safety and enrollment programs. Panel C
describes the reach-safety program pairs. The distance from the cutoff represents the difference between the student’s
grade and the cutoff of the reach program; 60% of reach—safety program pairs are in the same field and 30% are at the
same institution. Panel D presents information on earnings. The earnings are averaged 10 to 12 years after the applica-
tion to university programs. We show the average earnings for all students and for the subsamples of women and men.
The enrollment cohort earnings average relates to the average earnings of the cohort of students admitted to the same
program—university major. The enrollment cohort earnings gender gap is the difference between the earnings of men
and women for the cohort of students admitted to the same program-university major. The reach—safety earnings gap
is the difference between the earnings of students admitted to their reach program and the earnings of students admit-
ted to their safety program. The reach-safety earnings gender gap is the difference between the earnings gender gap for
students admitted to their reach program and the earnings gender gap for students admitted to their safety program.
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Table A4: Descriptive Statistics: Demographics of Quota 2 Applicants on Standby

All applications (68,838 obs.) Used sample (6,060 obs.)

Mean Std. dev Mean Std. dev
A. Demographics
Age 22.0 3.7 21.0 2.6
Male percent 311 - 39.9 -
Parental income (000’s DKK) 300.2 154.4 325.8 171.0
Parental wealth (000’s DKK) 354.4 718.4 381.9 772.9
Parental education (Years) 12.8 3.2 13.5 3.2
B. Application
Grade 8.0 0.9 8.6 0.7
Nbr programs ranked 2.6 1.6 3.1 14
Accepted into reach - - 0.6 0.5
Rank of reach - — 1.2 0.5
Rank of safety - — 2.3 0.7
Rank of enrollment prog. — — 1.5 0.9
C. Reach-Safety pairs
Grade distance from cutoff - - —0.1 0.3
Same field 0.5 -
Same institution - — 0.3 -
D. Earnings
All 2934 148.6 304.3 163.8
Women 273.4 130.9 284.0 146.5
Men 337.5 173.9 335.0 182.7
Enrollment cohort average 288.7 57.9 303.8 63.9
Enrollment cohort gender gap 419 28.2 40.9 27.0
Reach-Safety gap - - 18.0 60.6
Reach-Safety gap in gender gap ~ — - —-04 34.6

Note: This table presents descriptive statistics for the population of students applying to enter university through the
Quota 2 system of admission on standby for the first time in application years 1994 to 2006 (all applications; left) as well
as the sample of 6,060 students who have a reach—safety programs pair in these application years (used sample; right).
Panel A presents demographics. Parental income, wealth and education are the average values of both parents (or the
values for a single parent). Panel B presents information typically found in a student’s application. The student’s score
summarizes their high school grades. The number of priorities ranked refers to the number of programs for which the
student applied. The maximum number of programs for which students can apply is eight. For the sample of students
with a reach—safety programs pair, we present the rankings of the reach, safety and enrollment programs. Panel C de-
scribes the reach-safety program pairs. The distance from the cutoff represents the difference between the student’s
grade and the cutoff of the reach program; 60% of reach—safety program pairs are in the same field and 30% are at the
same institution. Panel D presents information on earnings. The earnings are averaged 10 to 12 years after the applica-
tion to university programs. We show the average earnings for all students and for the subsamples of women and men.
The enrollment cohort earnings average relates to the average earnings of the cohort of students admitted to the same
program-university major. The enrollment cohort earnings gender gap is the difference between the earnings of men
and women for the cohort of students admitted to the same program-university major. The reach-safety earnings gap
is the difference between the earnings of students admitted to their reach program and the earnings of students admit-
ted to their safety program. The reach-safety earnings gender gap is the difference between the earnings gender gap for
students admitted to their reach program and the earnings gender gap for students admitted to their safety program.
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Table A5: Gender Earnings Gap First-stages

Gender earnings gap

Separate earnings

All Women Men Women Men
IP(pi =r;|D;) X Yr; 091 0.91 0.90
(0.02) (0.03) (0.03)
IP(pZ- = s;|D;) x Ys; 1.02 1.02 1.01
(0.03) (0.04) (0.04)
P(p; = ri|Di) X &7, -0.23 -0.35
(0.05) (0.06)
IP(p; = si|D;) X g5 -0.28 -0.33
(0.05) (0.07)
P(p; = ri|Di) X Yrom 0.8 0.9
(0.03) (0.03)
P(p; = si|Di) X Ys,m 0.83 1.01
(0.03) (0.04)
P(p; = ri|Di) X Yr,w -0.82 0.8
(0.04) (0.04)
P(p; = si|Di) X Vs, -0.83 -0.9
(0.04) (0.05)
R? 0.79 0.79 0.80 0.93 0.95
N 10,944 6,676 4,268 6,676 4,268

Note: This table presents the results of the first-stage estimations of equation (2) presented in Table 4. We use the sample of 10,944
students who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a bandwidth of +/-
0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s enrollment pro-
gram’s earnings averaged 10 to 12 years after admission. The first column uses the entire sample of applicants. The second and
third columns separate the sample based on gender and use the average program earnings of enrollees and the earnings gap be-
tween males and females for the program of enrollment. The fourth and fifth columns separate the sample based on gender and
use the average program earnings of men and women separately. The estimation controls for distance from cutoff fixed effects
(bin FE), average earnings of the reach program, average earnings of the safety program, calendar year FE, and the probability
of being accepted given last year’s admission cutoff interacted with the average earnings of the reach and safety programs.
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Table A6: Gender Earnings Gap Channels and Dynamics

Specifications
(1) ) (3) (4) ()
A. 7 to 9 years after enrollment
Program earnings (All) 0.44 0.44 0.44 0.43 0.44
(0.13) (0.13) (0.12) (0.12) (0.12)
Within-program -0.28 -0.28 -0.27 -0.31 -0.25
gender earnings gap (0.16) (0.16) (0.16) (0.16) (0.15)
B. 10 to 12 years after enrollment
Program earnings (All) 0.48 0.48 0.49 0.46 0.48
(0.13) (0.13) (0.13) (0.13) (0.11)
Within-program -0.45 -0.45 -0.42 -0.45 -0.35
gender earnings gap (0.18) (0.18) (0.18) (0.18) (0.16)
C. 13 to 15 years after enrollment
Program earnings (All) 0.54 0.53 0.53 0.52 0.51
(0.17) (0.17) (0.17) (0.17) (0.16)
Within-program -0.80 -0.81 -0.78 -0.8 -0.66
gender earnings gap (0.23) (0.23) (0.23) (0.22) (0.21)
Married NO YES YES YES YES
Nb. Of kids NO NO YES YES YES
Graduated NO NO NO YES YES
Any labor income NO NO NO NO YES

Note: This table presents the results of estimating equation (2) by IVs for the gender earnings gap. We use the sample of 6,901
women who have a reach-safety programs pair in application years 1994 to 2006 and present the results for a bandwidth of +/-
0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subsequent earn-
ings averaged seven to nine years, 10 to 12 years and 13 to 15 years after admission in Panels A, B and C, respectively. The pro-
gram earnings are averaged seven to nine years, 10 to 12 years and 13 to 15 years after the application to university programs in
each of these panels. The first column repeats the baseline results presented in Table 6. The second column controls for a dummy
variable indicating marital situation, the third column adds number of children fixed effects, the fourth column indicates whether
the student has graduated from the reach program, and the fifth column adds a dummy variable for no labor income earnings.
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Table A7: Gender Earnings Gap (All Admission Systems)

Gender earnings gap  Gender-specific earnings

All Women Men Women Men
A. Instrumental variable estimation
Program earnings (All) 0.27 0.48 -0.02
(0.08) (0.09) (0.15)
Within-program -0.27 -0.01
gender earnings gap (0.13) (0.21)
Program earnings (Women) 0.47 0.13
(0.19) (0.28)
Program earnings (Men) -0.018 -0.018
(0.16) (0.24)
B. OLS benchmark
Program earnings (All) 0.79 0.77 0.75
(0.02) (0.02) (0.04)
Within-program -0.11 0.42
gender earnings gap (0.05) (0.08)
Program earnings (Women) 0.68 -0.029
(0.06) (0.09)
Program earnings (Men) 0.15 0.84
(0.05) (0.07)
N 19,198 11,725 7473 11,725 7,473

Note: This table presents the results of estimating equation (2) by IVs (Panel A) and by OLS (Panel B) for the gender earnings gap
and for the subsamples of women and men. Each column presents the second stage of an IV regression. We use the sample of
19,198 students who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a bandwidth
of +/—- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subse-
quent earnings averaged 10 to 12 years after admission. The first column sets g, to 0. The second and third columns separate
the sample based on gender and use the average program earnings of enrollees and the earnings gap between men and women
for the program of enrollment. The fourth and fifth columns separate the sample based on gender and use the average program
earnings of men and women separately. The IV estimation controls for distance from cutoff fixed effects (bin FE), average earn-
ings of the reach program, average earnings of the safety program, calendar year FE, the probability of being accepted given
last year’s admission cutoff interacted with the average earnings of the reach and safety programs. The OLS results control for
parents’ wealth, parents’ income and parents’ education, student grade, age and gender, and calendar year FE.
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Table A8: Gender Earnings Gap (Only Quota 1, Including Standby)

Gender earnings gap  Gender-specific earnings

All  Women Men Women Men
A. Instrumental variable estimation
Program earnings (All) 0.29 0.59 -0.12
(0.10)  (0.12) (0.18)
Within-program -0.24 0.12
gender earnings gap (0.15) (0.24)
Program earnings (Women) 0.45 -0.13
(0.24) (0.33)
Program earnings (Men) 0.091 0.18
(0.20) (0.27)
B. OLS benchmark
Program earnings (All) 0.75 0.78 0.67
(0.03)  (0.04) (0.05)
Within-program -0.17 0.36
gender earnings gap (0.07) (0.11)
Program earnings (Women) 0.73 0.016
(0.08) (0.12)
Program earnings (Men) 0.093 0.73
(0.07) (0.10)
N 8852 5,391 3,461 5,391 3,461

Note: This table presents the results of estimating equation (2) by IVs (Panel A) and by OLS (Panel B) for the gender earnings gap
and for the subsamples of women and men. Each column presents the second stage of an IV regression. We use the sample of
8,852 students who have a reach-safety programs pair in application years 1994 to 2006 and present the results for a bandwidth
of +/—- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s subse-
quent earnings averaged 10 to 12 years after admission. The first column sets g, to 0. The second and third columns separate
the sample based on gender and use the average program earnings of enrollees and the earnings gap between men and women
for the program of enrollment. The fourth and fifth columns separate the sample based on gender and use the average program
earnings of men and women separately. The IV estimation controls for distance from cutoff fixed effects (bin FE), average earn-
ings of the reach program, average earnings of the safety program, calendar year FE, the probability of being accepted given
last year’s admission cutoff interacted with the average earnings of the reach and safety programs. The OLS results control for
parents’ wealth, parents’ income and parents’ education, student grade, age and gender, and calendar year FE.
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Table A9: Gender Earnings Gap Donut

Gender earnings gap Separate earnings
All Women Men Women Men
Instrumental variable estimation
Program earnings (All) 0.26 0.42 0.11
(0.11) (0.14) (0.20)
Within-program -0.41 -0.04
gender earnings gap (0.18) (0.25)
Program earnings (Women) 0.67 0.32
(0.27) (0.36)
Program earnings (Men) -0.28 -0.011
(0.23) (0.29)

Note: This table presents the results of estimating equation (2) by IVs in a donut-hole analysis that excludes applicants with a score
exactly on the admission cutoff for their reach program. Each column presents the second stage of an IV regression. We use the
sample of women who have a reach—safety programs pair in application years 1994 to 2006 and present the results for a band-
width of +/- 0.5 around the admission cutoff of the reach program. The outcome variable for the regressions is the student’s
subsequent earnings averaged 10 to 12 years after admission.

72



	Introduction
	Institutional Setting and Data
	Institutional Setting
	Data
	Sample Construction
	Population data
	Reach-safety pairs

	Admission Discontinuity
	Summary Statistics of the Data
	Earnings and Rankings of Fields of Study

	Identification
	Signal Extraction Problem
	Manipulation Tests
	Bunching
	Dynamics of Cutoffs
	Covariate Balance



	Results
	Main Results
	Alternative Channels
	Gender Earnings Gap Dynamics
	University, Field, and Program Effects
	Program Gender Composition
	Discussion

	Robustness of Results and Alternative Specifications
	Treatment Identifiers
	Instruments
	Bandwidths around admission cutoffs
	Average Program Incomes
	Admission System

	Conclusion
	Figures
	Tables
	Appendix
	Additional Figures
	Additional Tables


