
RETURNS TO FIELD OF STUDY 
IN THE MEDIUM TERM  
— INSTRUMENTAL VARIABLES 
ESTIMATES BASED ON 
ADMISSION THRESHOLDS

STUDY PAPER 136 JULY 2019

ESKIL HEINESEN CHRISTIAN HVID 



Returns to field of study in the medium term 
 — Instrumental variables estimates based on admission thresholds

Study Paper No. 136

Published by:
© The ROCKWOOL Foundation Research Unit 

Address: 
The ROCKWOOL Foundation Research Unit
Ny Kongensgade 6
1472 Copenhagen, Denmark

Telephone +45 33 34 48 00
E-mail: kontakt@rff.dk
https://www.rockwoolfonden.dk/en

July 2019



1 
 

RETURNS TO FIELD OF STUDY IN THE MEDIUM TERM – 

INSTRUMENTAL VARIABLES ESTIMATES BASED ON 

ADMISSION THRESHOLDS* 

 

 

Eskil Heinesen**, Christian Hvid 

 

 

Abstract 

We apply the estimation strategy developed in Kirkebøen, Leuven and Mogstad (2016) 

(hereafter KLM) to estimate returns to field of study up to 13 years after applying for post-

secondary education programs. We use administrative data for Denmark where a centralized 

admission system allocates applicants to programs. Instruments based on crossing admission 

thresholds to preferred fields are used in a fuzzy regression discontinuity design, which also 

conditions on next-best alternative fields. We propose a test of the identifying assumptions. These 

are rejected when the treatment is field completion, indicating that estimates do not identify local 

average treatment effects of completing each field instead of the next-best. We therefore focus on a 

model with field admission as treatment. For each combination of preferred and next-best field, we 

estimate returns to being offered the preferred field instead of the next-best. We find that estimates 

vary a lot across both preferred and next-best fields. The pattern of results is substantially different 

when earnings are measured 8 years after application (as in KLM) instead of 13 years after. For 

instance, results are consistent with selection into fields in accordance with comparative advantage 

if earnings are measured after 8 years, but this is not the case if they are measured after 13 years or 

if low-earnings observations are omitted. Investigating mechanisms for the earnings effects, we find 

that admission to the preferred instead of the next-best field increases the probability of eventually 

completing the preferred field, but effects vary substantially across fields. 
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I. Introduction 

For young people who want to pursue a post-secondary (college) education after upper 

secondary school (high school), the choice of field of study (or college major) is very important. 

Different fields of study qualify for different types of jobs, and earnings vary a lot across fields. The 

majority of papers estimating returns to field of study use ordinary least squares (OLS) regression 

and assume that all sorting into fields is based on observables (Altonji, Blom and Meghir [2012]).  

To estimate returns to field of study while addressing sorting on unobservables, we use in this 

paper the methods recently developed in Kirkebøen, Leuven and Mogstad (2016) (hereafter KLM). 

They discuss conditions under which instrumental variables (IV) estimates can identify local 

average treatment effects (LATEs) of completing one field of study instead of another field in a 

setting with multiple fields. Based on this, they estimate causal effects of completing different fields 

of study on earnings early in the career using Norwegian data on applicants to post-secondary 

education programs. For each applicant, KLM define the preferred and next-best fields relative to a 

local course ranking accounting for application score, ranking of fields and admission thresholds. 

Small changes in admission thresholds relative to application score then affect the probability that 

students complete their preferred versus next-best field, which corrects for selection bias. This 

application of a fuzzy regression discontinuity (RD) design to estimate earnings effects of fields of 

study is a major step forward; see the extensive survey of the literature by Altonji, Arcidiacono and 

Maurel (2015).  

In addition to the standard IV assumptions in models with heterogeneous treatment effects 

(exclusion, independence/local randomization, a strong first stage, and monotonicity), the main 

identification result in KLM requires information on preferences (ranking of fields) and an 

additional assumption (called ‘irrelevance and next-best alternative’).1  

                                                           
1 See Section II below for a discussion of identification results. 
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KLM find large differences in payoff across fields 8 years after the year of application 

(YOA). For instance, the annual payoff to Social science instead of Science for applicants with 

Science as the next-best field is about $55,000 eight years after application, corresponding to an 

increase in earnings by about 200% compared to the counterfactual earnings in Science. Even 

though estimates of returns to field of study using OLS regressions are often very high (see the 

review in Altonji, Blom and Meghir [2012]), many of the estimates in KLM indicate much larger 

returns, also when averaging returns across next-best fields. 

In this paper we apply the estimation strategy of KLM to Danish administrative data. 

Admission to post-secondary education programs in Denmark is handled by a centralized admission 

system based on applicants’ ranking of programs (and thereby fields) and their grade point average 

(GPA) from upper secondary school. The main contributions of our paper are the following. First, 

we estimate more long-term effects on earnings up to 13 years after the year of application (YOA) 

whereas KLM measure earnings 8 years after the YOA.2 Thus, we measure earnings about 5-7 

years into the career rather than almost immediately after completing an education. Second, based 

on an analysis of identification, we propose a test of the identifying assumptions. This test clearly 

rejects the identifying assumptions when field completion is the treatment. Therefore, our main 

specification is a model with field admission as treatment, that is, we estimate the effects of being 

offered the preferred field instead of the next-best field in the YOA on future earnings. Third, we 

investigate possible mechanisms behind the effect of field admission on earnings, including the 

effects on field completion and the probability of being employed. Fourth, we discuss the 

interpretation of results in relation to the distribution of specific education programs within a given 

broad field of study. Finally, our estimation procedure differs from that of KLM since we use an 

                                                           
2 In robustness checks KLM find that measuring earnings 7 or 9 years after application does not change results 

substantially. 
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extended set of instrumental variables to take account of an unconventional admission discontinuity 

pattern caused by various features of the Danish institutional setting. 

Other papers than KLM have used RD designs to address concerns about selection on 

unobservables in analyses of earnings effects of post-secondary education programs. Hastings, 

Neilson and Zimmerman (2013) use data from a centralized admission system in Chile to estimate 

effects on earnings of crossing admission thresholds to specific education programs characterized 

by field of study and institution. They find important heterogeneity across fields of study and 

selectivity of programs in these intention-to-treat effects. Contrary to KLM, Hastings, Neilson and 

Zimmerman (2013) do not condition on next-best field or program, and they do not have data on 

fields completed by the individual students. The relation between the methods used in Hastings, 

Neilson and Zimmerman (2013) and KLM is discussed in Altonji, Arcidiacono and Maurel (2015). 

Hoekstra (2009) and Zimmerman (2014) use RD designs based on admission thresholds to 

estimate effects of admission to specific universities, a flagship university and an institution of last 

resort, respectively. Ost, Pan and Webber (2018) estimate returns to college education among low-

performing students already enrolled in college by using dismissal thresholds. Using a Danish 

dataset similar to the one used in the present paper, Heinesen (2018) pools observations across all 

programs and estimates effects of being admitted to either the first-choice program or one of the 

programs listed in the application on educational outcomes and earnings. Using similar data for 

Sweden, Öckert (2010) estimates effects of being admitted to one of the two highest ranked 

programs on the application. Ketel et al. (2016) find high returns to medical school utilizing data 

from an admission lottery in the Netherlands.  

In this paper, we estimate the returns to being offered (admitted to) the preferred instead of 

the next-best field for compliers to the instruments for 64 combinations of preferred and next-best 
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field.3 The main findings may be summarized as follows. First, for a given preferred field, the 

estimated returns to being offered this field vary a lot in size (and often also in terms of sign) across 

next-best fields. Second, summarizing the main results for earnings 13 years after the YOA using 

the average (complier-weighted) returns to being offered each field instead of the next-best 

alternatives, we find that, on average, students offered Business, Medicine and Law earned about 

$16,000, 14,000 and 6,000 more than if they were offered their next-best field. Students offered 

Humanities, Health and Teaching would have earned about $5-10,000 more if they had instead been 

offered their next-best field. Thus, even after averaging across next-best fields, we find large 

differences in returns by offered field. Third, in general, admission to the preferred field instead of 

the next-best has large positive effects on the probability of eventually completing the preferred 

field, but there are large variations in the size of the effects across preferred and next-best fields. 

Fourth, some of the effects on earnings work through effects on the probability of being employed, 

and excluding observations with earnings below the full-year full-time minimum wage tends to 

reduce earnings gains of admission to the preferred instead of the next-best field.  

Fifth, in our data, results are substantially different if we measure earnings 8 years after the 

YOA instead of 13 years after: The average returns to admission to Health and Teaching become 

approximately zero (instead of negative), and Humanities becomes the only field with significantly 

negative average returns compared to the next best fields; the average returns to Medicine becomes 

smaller; and returns to Social science becomes larger and more significant. Our results are more 

similar to those of KLM when we measure earnings 8 years after the YOA instead of 13 years after. 

However, the estimates of payoffs tend to be much smaller in our analysis than in KLM, both in our 

                                                           
3 We ignore institution effects. Quality differences between Danish universities are small compared to e.g. the 

US. All Danish universities are public and programs within the same field of study receive approximately the same 
amount of resources per student across universities. KLM investigate effects of both institution and field of study for 
Norway, and they conclude that earnings differences are much larger across fields of study than across institutions. 
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main model with field admission as treatment, and in our model with field completion as treatment 

corresponding to the model in KLM.  

Sixth, the overall complier-weighted average returns to being offered the preferred instead of 

the next-best field are positive indicating that on average compliers prefer fields in which they have 

an absolute advantage compared to the next-best fields. Like KLM we also find that compliers tend 

to sort into fields in accordance with comparative advantage when earnings are measured 8 years 

after the YOA. However, in our analysis, the evidence in favor of sorting in accordance with 

comparative advantage is much weaker when earnings are measured later in the career or 

observations with earnings below the full-year full-time minimum wage are excluded.  

 

II. Identification results 

In this section we build on the analysis in KLM to clarify the assumptions needed for IV 

estimates to identify LATEs of receiving one treatment instead of another in a setting with multiple 

unordered treatments. To begin with, we use the same notation as in KLM for the model for choice 

between three fields (0, 1 and 2) which are mutually exclusive and collectively exhaustive 

alternatives; see Section II in KLM. In this section we consider the treatment to be field completion, 

but we could alternatively consider field admission as treatment. The focus is on IV estimates of the 

parameters in the equation  

𝑦 = 𝛽0 + 𝛽1𝑑1 + 𝛽2𝑑2 + 휀       (1) 

where y is earnings, and 𝑑𝑗 is an indicator variable that equals 1 if field j is completed, and 0 

otherwise. The individual index is omitted. Indicator variables describe field choice (i.e., field 

completion) given field assignment: 𝑑𝑗
𝑍 = 1  if  the individual is assigned to field Z and completes 

field j, and  𝑑𝑗
𝑍 = 0  otherwise;  𝑗, 𝑍 ∈ {0,1,2}. In the model, field 0 is the reference category, and 

there are two instruments (dummy variables) assigning individuals to fields 1 or 2, respectively: 
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𝑧𝑖 = 1  if  𝑍 = 𝑖,  and  𝑧𝑖 = 0  otherwise, 𝑖 = 1,2. At most one of the instruments 𝑧1 and 𝑧2 can be 

equal to 1 for a given individual. As in KLM, when considering whether field 1 (2) is chosen we 

refer to 𝑧1 (𝑧2) as the ‘own instrument’ and to 𝑧2 (𝑧1) as the ‘non-own instrument’. Thus, in the 

first-stage equation for 𝑑1 (𝑑2) the own instrument is 𝑧1 (𝑧2) and the non-own instrument is 𝑧2 (𝑧1).  

Let  Δ1 = 𝑦1 − 𝑦0  and   Δ2 = 𝑦2 − 𝑦0  denote the individual-level returns to completing 

field 1 and 2, respectively, instead of field 0. The following proposition is identical to Proposition 2 

(ii) and (iii) in KLM.  

 

Proposition 1. Assume that the standard IV assumptions (exclusion, independence, rank and 

monotonicity) hold; see Assumptions 1-4 in KLM. Then we have the following results: 

(i) If  𝑑1
2 = 𝑑1

0  and  𝑑2
1 = 𝑑2

0, then  

𝛽1 = 𝐸[Δ1|𝑑1
1 − 𝑑1

0 = 1],       𝛽2 = 𝐸[Δ2|𝑑2
2 − 𝑑2

0 = 1]. 

(ii) If  𝑑1
1 = 𝑑1

0 = 0 ⇒ 𝑑2
1 = 𝑑2

0,  𝑑2
2 = 𝑑2

0 = 0 ⇒ 𝑑1
2 = 𝑑1

0  and we condition on 𝑑1
0 = 𝑑2

0 = 0, then 

𝛽1 = 𝐸[Δ1|𝑑1
1 − 𝑑1

0 = 1, 𝑑2
0 = 0],       𝛽2 = 𝐸[Δ2|𝑑2

2 − 𝑑2
0 = 1, 𝑑1

0 = 0]. 

 

For a proof, see the Online Appendix of KLM. Both results imply that 𝛽1 and 𝛽2 are LATEs of 

completing fields 1 and 2, respectively, instead of field 0 for compliers to 𝑧1 and 𝑧2. As discussed in 

KLM, the result (i) is the same as the result in Behaghel, Crépon and Gurgand (2013). The 

assumption  𝑑1
2 = 𝑑1

0  and  𝑑2
1 = 𝑑2

0  says that switching assignment from field 0 to field 2 (1) does 

not affect whether field 1 (2) is completed. It ensures that the reference field (field 0) has a special 

role for compliers to the instruments: Compliers always complete field 0 when assigned to field 0. 

To see this, consider compliers to 𝑧1. They have 𝑑1
1 = 1  and 𝑑1

2 = 𝑑1
0 = 0; and, since an individual 

cannot complete two fields for a given assignment,  𝑑2
1 = 0. Thus, the assumption   𝑑2

1 = 𝑑2
0  
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ensures that  𝑑2
0 = 0. That is, for compliers to 𝑧1 we have  𝑑1

0 = 𝑑2
0 = 0. By similar reasoning, this 

also holds for compliers to 𝑧2.  

The result (ii) is the main identification result in KLM. The first part of the assumption in (ii), 

the irrelevance assumption, is less restrictive than the assumption in (i). The second part of the 

assumption in (ii), the next-best assumption, states that we can observe potential field completion in 

case of assignment to field 0 (𝑑1
0 and 𝑑2

0) and then condition on the subpopulation for whom  𝑑1
0 =

𝑑2
0 = 0, i.e. the subpopulation who complete field 0 when assigned to this field. This is a very 

demanding assumption about data. It is not enough to have information on preferences for fields at 

the time of application and condition on next-best alternative field (as in the empirical application in 

KLM) since, although we observe 𝑑1
0 and 𝑑2

0 for those who are actually assigned to field 0,  we do 

not observe the potential field completion 𝑑1
0 and 𝑑2

0 for students assigned to fields 1 or 2.  

Instead of the more restrictive behavioral assumption in (i), the result in (ii) introduces a less 

restrictive behavioral assumption and a demanding assumption about data. If 𝑑1
0 and 𝑑2

0 are not 

observed for all individuals, and the full population is used for estimation, the assumption 𝑑1
0 =

𝑑2
0 = 0  considered as a behavioral assumption becomes very restrictive, since it precludes field 1 

and field 2 always-takers. However, in this case, an IV estimation strategy can be based on the 

result in (i) which does not preclude always-takers. 

As noted above, the assumption in (i) implies that 𝑑1
0 = 𝑑2

0 = 0 holds for compliers to the 

instruments, i.e. compliers always complete field 0 when assigned to this field. It is restrictive to 

assume that all individuals have the same dominant reference field. However, the above result can 

easily be generalized by allowing the reference field to differ across individuals. Thus, instead of 

assuming field 0 to be the reference field for all individuals, we condition (stratify the sample) on 

reference field   𝑘 ∈ {0,1,2}. We now modify the notation to make explicit the conditioning on 

reference field. For the subsample with a given reference field  𝑘  we have the model 
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𝑦 = 𝛽𝑘 + 𝛽𝑖𝑘𝑑𝑖𝑘 + 𝛽𝑗𝑘𝑑𝑗𝑘 + 휀,            𝑖 ≠ 𝑘, 𝑗 ≠ 𝑘, 𝑖 ≠ 𝑗;   𝑖, 𝑗, 𝑘 ∈ {0,1,2} (2) 

where  𝑑𝑖𝑘 (𝑑𝑗𝑘)  is an indicator variable that equals 1 if field i (j) is completed given that k is 

reference field, and 0 otherwise. Thus, for each reference field we have two parameters for the 

returns to completing other fields instead of the reference field. The treatment is conditional on 

reference field. For instance, 𝛽10 is the returns to completing field 1 instead of field 0 for those who 

have field 0 as reference field, and 𝛽12 is the returns to completing field 1 instead of field 2 for 

those who have field 2 as reference field. All in all, we have six parameters of interest for the payoff 

to completing a given field instead of the reference field. We define indicator variables for field 

completion given field assignment and reference field:  𝑑𝑗𝑘
𝑍 = 1  if  k is the reference field, Z is the 

assigned field and j is the completed field; and  𝑑𝑗𝑘
𝑍 = 0  otherwise; 𝑘, 𝑗, 𝑍 ∈ {0,1,2}.  

For the subsample with k as reference field, there are two instruments (dummy variables) 

assigning individuals to each of the two other fields. The instrument for field  𝑖  (𝑖 ≠ 𝑘) is defined 

by  𝑧𝑖𝑘 = 1  if  𝑍 = 𝑖,  and  𝑧𝑖𝑘 = 0  otherwise. In the first-stage equation for 𝑑𝑖𝑘 (𝑖 ≠ 𝑘) we term 

𝑧𝑖𝑘 the own instrument and 𝑧𝑗𝑘  (𝑗 ≠ 𝑖, 𝑘) the non-own instrument. By conditioning on the reference 

field it is easy to show the following proposition (for a given reference field, the proof is equivalent 

to the proof of Proposition 1(i)). 

 

Proposition 2. Assume that the standard IV assumptions (exclusion, independence, rank and 

monotonicity) hold for each subsample with reference field 𝑘, 𝑘 ∈ {0,1,2}. If in addition 

𝑑𝑗𝑘
𝑖 = 𝑑𝑗𝑘

𝑘 ,    ∀ 𝑖 ≠ 𝑗, 𝑖 ≠ 𝑘, 𝑗 ≠ 𝑘       (3) 

where  𝑖, 𝑗 ∈ {0,1,2},  then  

𝛽𝑗𝑘 = 𝐸[Δ𝑘
𝑗

|𝑑𝑗𝑘
𝑗

− 𝑑𝑗𝑘
𝑘 = 1], 𝑗 ≠ 𝑘 
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where  Δ𝑘
𝑗

= 𝑦𝑘
𝑗

− 𝑦𝑘
𝑘  is the individual-level returns to completing field j instead of field k in the 

subsample with k as reference field. 

 

Thus, the parameter 𝛽𝑗𝑘 is the average returns to completing field j instead of k for compliers with 

reference field k. IV estimation of the model (2) on the subsample with reference field k identifies 

LATEs of completing other fields instead of k. Proposition 2 is easily extended to a model with an 

arbitrary finite number of fields.  

A consequence of the assumption (3) is that compliers to the instruments are assumed to 

complete the reference field if assigned to this field. Thus, for compliers to 𝑧𝑖𝑘 we have  𝑑𝑖𝑘
𝑖 = 1,  

and therefore  𝑑𝑗𝑘
𝑖 = 0  (𝑖 ≠ 𝑗, 𝑖 ≠ 𝑘, 𝑗 ≠ 𝑘), since for a given assignment only one field can be the 

treatment; assumption (3) then ensures that for compliers  𝑑𝑗𝑘
𝑘 = 0  ∀ 𝑗 ≠ 𝑘.  

Assumption (3) has the testable implication that all the coefficients of the non-own 

instruments in the first-stage equations are equal to zero. This is a straightforward extension of the 

test suggested in Behaghel, Crépon and Gurgand (2003) and in KLM for the model with a common 

reference category for fields (or, in general, treatments) for all individuals.   

In our empirical analysis we follow KLM and utilize preferences for fields of study at the 

time of application (in combination with admission thresholds and application score) to identify the 

relevant margin of choice for each student, namely the choice between the preferred and the next-

best field in the local course ranking. Instruments are constructed so that individuals can only be 

assigned to either their preferred or next-best field, and for each student the reference field is the 

next-best field. In this application, assumption (3) of Proposition 2 has the following interpretation: 

For a student with next-best field k, threshold crossing to the preferred field i does not affect 

whether other fields than i and k are completed (although it may affect the choice between fields i 

and k). 
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In the above notation, the irrelevance and next-best assumption in Proposition 1 (ii) is:  

𝑑𝑖𝑘
𝑖 = 𝑑𝑖𝑘

𝑘 = 0 ⟹ 𝑑𝑗𝑘
𝑖 = 𝑑𝑗𝑘

𝑘 , 𝑖 ≠ 𝑗, 𝑖 ≠ 𝑘, 𝑗 ≠ 𝑘 

and condition on 𝑑𝑗𝑘
𝑘 = 0  ∀ 𝑗 ≠ 𝑘. There is no direct test of this assumption. As discussed above, 

𝑑𝑗𝑘
𝑘  is not observed for students assigned to other fields than k. Therefore, it is in practice not 

possible to condition on  𝑑𝑗𝑘
𝑘 = 0  ∀ 𝑗 ≠ 𝑘, i.e., to condition on the subpopulation who would 

complete (or be offered) the reference/next-best field if assigned to this field. Thus, using the full 

sample for estimation, it may be problematic to rely on the irrelevance and next-best assumption if 

many students do not comply with their next-best alternative field. Preferred field always-takers do 

not comply with their next-best field. They complete (are offered) their preferred field when 

assigned to their next-best:  𝑑𝑗𝑘
𝑘 = 1  if  j  is the preferred field and  k  is the next-best. When using 

the full sample for estimation, the next-best assumption without the conditioning part (i.e. the 

assumption that 𝑑𝑗𝑘
𝑘 = 0  ∀ 𝑗 ≠ 𝑘) becomes very restrictive. It effectively implies that there are no 

preferred field always-takers. However, the share of preferred-field always-takers is substantial both 

when field completion is treatment and when field admission is treatment, both in our data and in 

the data used in KLM.4 When field completion is treatment, the share of next-best field non-

compliers is even larger since many students complete other fields than their preferred or next-best.5 

Therefore, we rely on the identification result in Proposition 2 above and use the proposed test of 

the identifying assumptions (3) in our empirical application. A large share of preferred field always-

takers is not a problem for this identification result. 

 

                                                           
4 In KLM, the shares admitted to and completing the preferred field when the application score is just below 

the threshold are about 20 and 40%, respectively; see their Figure III. In our data, the corresponding percentages are 
about 15 and 30; see Section V.A. 

5 In our data, the overall share is 24%. 
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III. Institutional setting 

There are no tuition fees for post-secondary education in Denmark. Students receive 

maintenance grants from the state which are very generous by international standards, and student 

loans are offered as well. With the purpose of regulating the numbers graduating within specific 

programs in accordance with predicted demands in the labor market, the Danish Ministry of 

Education determines the maximum number of students who may be admitted to each educational 

program. For most programs this gives rise to admission restrictions because the number of 

applicants exceeds the number of places. 

After compulsory schooling (i.e., after 9th grade) the educational options in Denmark are 

vocational education programs and academic upper secondary school (high school) programs. An 

academic upper secondary school qualification gives access to post-secondary education programs, 

including bachelor’s degree programs at universities and 2-4-year professionally oriented education 

programs, for instance professional bachelor’s degree programs at university colleges (e.g., 

programs for the education of nurses, school teachers and social workers). For some of these 

professionally oriented programs, alternative criteria such as vocational qualifications may also give 

access. Almost 90% of those who complete a bachelor’s degree at a university also complete a 

master’s degree, and the prescribed periods of study for university bachelor and master’s degree 

programs are 3 and 2-3 years, respectively.  

The GPA from academic upper secondary school is the main criterion for admission to 

programs with restricted admission. In our data period grades were awarded on a 10-point scale 

with integer values between 0 and 13 (omitting values 1, 2, 4 and 12). The GPA from upper 

secondary school is based on grades in all the subjects on the student’s study program, and it is 

recorded to 1 decimal place. In this paper, we multiply GPA (and admission thresholds) by 10. 

Thus, our GPA variable has integer values between 60 (the smallest passed score) and 130. 
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Applications to post-secondary education programs are handled by a centralized admission 

system. Applicants may list up to 8 programs (defined by specific subject of study and institution) 

in rank order in their applications, and they are considered for admission in accordance with this 

ranking. Once admitted to a program, the applicant is not considered for lower priorities, so it is not 

possible to be offered more than one student place at a time.  

For programs with restricted admission, student places are allocated through two quotas. The 

majority of places are allocated through Quota 1 based on applicants’ GPA, although some 

programs have additional specific requirements, e.g. a high-level maths course as part of the upper 

secondary school leaving qualification. All applicants with a GPA strictly above the Quota 1 

threshold level are admitted provided they also meet any specific entry requirements. There will 

often only be sufficient places for some of the applicants with a GPA exactly equal to the threshold, 

and in this case the oldest are typically admitted first. In our sample, the preferred program of about 

one third of the applicants does not admit all applicants with a GPA exactly equal to the threshold, 

and in about 95% of these cases the age criterion is used. 

Most programs also have a standby (waiting) list and the GPA threshold for the standby list is 

typically a little lower than the Quota 1 threshold. On the application form, applicants can choose to 

apply for the standby list as well. If some of the applicants admitted under Quota 1 drop out before 

the course starts or in the very early days of the course, then their places are offered to applicants on 

the standby list. In any event, applicants admitted to the standby list are guaranteed a study place 

the following year. Applicants who are admitted to a standby list are not considered for any of the 

lower-ranked programs on their application.  

It is important to note that the minimum GPAs needed to be admitted (the GPA thresholds) 

are published after the student places are allocated and that the variation in thresholds over time is 

considerable, and thus applicants cannot predict the exact thresholds.  
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Some of the available student places are reserved for admission via Quota 2 where applicants 

are assessed based on other criteria besides their GPA from upper secondary school, e.g. specific 

admission tests, admission interviews, or vocational qualifications. The institutions have 

considerable discretion in deciding these criteria and the relative size of Quotas 1 and 2 for their 

programs. Quota 2 applicants are automatically considered for Quota 1, so if they meet the Quota 1 

GPA criterion (and any additional specific criteria), they are admitted via Quota 1.  

Applicants’ ranking of programs is expected to reflect their true preferences. They do not gain 

by strategically ranking, e.g., their second-choice program above their first-choice program since 

they would then not be offered their first-choice program if they were admitted to their second-

choice program.  

 

IV. Data 

IV.A. Classification of fields of study 

The broad areas or fields of study which we use are based on the broad fields of the 

International Standard Classification of Education (ISCED-F 2013) with the following 

modifications. First, to make our definition of fields more similar to definitions often used in the 

literature, we split the ISCED field “Business, administration and law” up into the fields Business 

(and administration) and Law, and we split the ISCED field “Health and welfare” up into Medicine 

and Health (and welfare). Second, in order to obtain enough observations for each field in our 

analysis, we merge the two ISCED fields “Natural sciences, mathematics and statistics” and 

“Agriculture, forestry, fisheries and veterinary” into a single field which we call Science, and we 

merge the ISCED fields “Engineering, manufacturing and construction” and “Information and 
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communication technologies” into a single field which we call Engineering.6 Table I lists our 9 

fields and examples of more specific subjects of study which they encompass.  

[TABLE I] 

 

IV.B. Sample selection and descriptive statistics 

Our data from the centralized admission system cover all student applications for post-

secondary education in Denmark for the period 1994-2002. Using individuals’ unique personal 

identification numbers, we combine these data with longitudinal administrative register data from 

Statistics Denmark containing information on demographics, applicants’ GPA from upper 

secondary school, yearly educational progression, earnings, employment, and links from applicants 

to their parents and thereby parental education and earnings. From the admission data we have 

information on the specific programs listed in each application and their rankings. For admitted 

applicants, we have information on which program they are admitted to, and whether they are 

admitted via Quota 1, Quota 2 or a standby list. However, there is no information on Quota 2 

admission requirements or possible additional specific requirements for Quota 1 admission (besides 

the general GPA threshold level). Furthermore, we do not have information on whether a person 

applied for Quota 2 or the standby list unless she was admitted through one of those channels.  

Table II describes the sample selection. We use data for applications for the period 1994-

2002. Some students apply in more than one year, for instance because they regret their initial 

choice or were not admitted in the first year they applied. We focus on first applications: We have 

admission data back to 1993 and exclude from the sample everyone who applied in 1993, and we 

also exclude applicants who had in previous years been enrolled in post-secondary education. In 

                                                           
6 KLM also merge Natural science etc. and Agriculture etc., but they have both an Engineering field and a 

Technology field. Hastings, Neilsson and Zimmerman. (2013) merge Natural science etc., Agriculture etc. and 
Technology into a single field.  
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addition, we exclude applicants above 25 years of age, and applicants with no GPA information.7 

These restrictions result in a sample of 188,396 applicants.  

[TABLE II] 

Since we focus in this paper on returns to broad fields of study for applicants who are offered  

one field versus another because of variation in admission thresholds, we impose the following 

additional sample restrictions: The students apply for programs within at least two fields, they are 

qualified for admission to at least one of the programs listed on the application, and they prefer a 

restricted program over a less (or non-) restricted program within a different field. This reduces the 

sample to 12,802 applicants. This large reduction reflects that as much as 43% of the large sample 

of 188,396 applicants only applied for a single program (see Table III), and that many of the 

remaining applicants preferred programs without admission restrictions or only applied for 

programs within a single broad field of study. Further restrictions reduce the sample to 12,489 

applicants.8 For brevity, in the following we call the large sample of 188,396 applicants for the ‘full 

sample’ and the smaller sample of 12,489 for the ‘estimation sample’, although our final estimation 

samples are smaller since they are further restricted to individuals who were living in Denmark in 

the year we measure outcomes (see below), and when treatment is field completion we also restrict 

the sample to those who had completed a post-secondary degree.9  

                                                           
7 There are three reasons for the reduction in the number of observations because of this restriction: Some 

applicants do not have an upper secondary qualification since this is not a precondition for admission to some of the 
professionally oriented 2-4 year post-secondary programs (see Section III); GPA information is missing for technical 
and commercial upper secondary school qualifications obtained before 1999; and some applicants have an 
international upper secondary qualification, e.g. an International Baccalaureate diploma from a Danish or foreign 
institution. 

8 In line with the analysis in KLM, these restrictions ensure that the local course ranking of preferred and next-
best fields, described in the next subsection, reflects the relevant margin of choice. Thus, we omit observations where 
the applicant was admitted to a higher ranked field than the locally preferred via Quota 2 or standby, or to a lower 
ranked field than the locally next-best (because she did not meet additional requirements for admission to this field).  

9 Our estimation sample is much smaller than the one in KLM which contains 50,083 individuals. The main 
reason for this is presumably that admission restrictions were less binding in Denmark in 1994-2002 than in Norway in 
1998-2004, and that (perhaps because of this) Norwegian applicants listed more programs on their application. The 
fact that Danish applicants could only list up to 8 programs, whereas Norwegian applicants could list up to 15 
programs, is not important since less than 1% of the Danish applicants listed the maximum of 8 programs. 
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[TABLE III] 

The descriptive statistics for the two samples in Table III show that the samples are very 

similar in terms of age and gender, but that applicants in the smaller estimation sample have higher 

GPA and parents with more years of education and higher earnings; and fewer are admitted to their 

first-choice program (50 versus 73%). Earnings are measured as annual wage income plus income 

from self-employment. They are deflated by the consumer price index (base year 2015).10 

Compared to the large sample, earnings for the estimation sample are lower 8 years after the YOA, 

but higher 13 years after. The probability of being employed is also lower 8 years after the YOA for 

the small sample, whereas it is about 90% for both samples 13 years after the YOA. Our definition 

of being employed in a given year is that the main source of income in that year is from 

employment (and not for instance public benefits); it is based on Statistics Denmark’s 

socioeconomic classification.  

For the estimation sample, the shares having completed a post-secondary education 8 and 13 

years after the YOA are 64 and 82%, respectively. Thus, many students took more than 8 years to 

complete their studies (including delays due to regretting initial choice of program and reapplication 

in the following years), especially students at university programs consisting of both bachelor and 

master programs. In this paper we do not consider completion of a university bachelor’s degree as 

completion of a post-secondary education. This is because almost 90% of those who complete a 

bachelor’s degree at a Danish university also complete a master’s degree. Thus, the majority of 

those who have completed a university bachelor’s degree, but not (yet) a master’s degree (or any 

other type of post-secondary education) will still be enrolled in education. Seven of the nine fields 

considered in this paper are dominated by master programs at universities, but Health and Teaching 

                                                           
10 Education status and earnings are missing if the person is not living in Denmark in the year in which these 

variables are measured. For instance, about 6% of the persons in the sample were not living in Denmark 13 years after 
the YOA. Earnings are also set to missing for a few outliers (less than 0.4% of the sample) with earnings below zero or 
above DKK 2.5 million; $1 ≈ DKK 6.5 (approx. the average exchange rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15. 
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are dominated by shorter programs.11 The large increase in completion rates from 8 to 13 years after 

the YOA is reflected in a large increase in employment rates (from 68 to 90% for the estimation 

sample) and an increase in earnings by about 50%.   

 

IV.C. Local course ranking: Preferred and next-best fields 

For the small estimation sample, we identify the locally preferred and next-best fields for each 

applicant and the corresponding (Quota 1) admission thresholds in the same way as in KLM. Table 

IV illustrates by an example how this is done. In this example the applicant has ranked 8 programs 

(denoted P1-P8) on the application; see the upper panel of Table IV. Some applicants may prefer a 

program which turns out to have a lower GPA threshold (or no admission restriction) to a more 

restricted program with higher threshold. Ignoring possible program-specific additional admission 

criteria, a higher threshold on a lower ranked program cannot be a binding restriction, and therefore 

the lower ranked program is dominated in this case. For the application in this example, programs 

P2, P4 and P6 are dominated by higher ranked programs with lower thresholds, and we therefore 

ignore these 3 programs.  

[TABLE IV] 

The lower panel of the table shows how preferred and next-best fields and thresholds are 

determined for the remaining 5 listed programs for 3 different values of the applicant’s GPA. If the 

GPA is 100, the predicted offer is the first-choice program P1 within field F1. Thus, F1 is the 

preferred field in the local course ranking, and the threshold of P1 (100) is the relevant threshold for 

admission to field F1 in this case. If the applicant’s GPA had been marginally lower, she would 

have been offered field F2 instead of F1, and F2 is thus the next-best field.  

                                                           
11 Appendix Table A.1 shows the number of years to degree completion by completed field given completion 

within 13 years from the YOA. For Humanities the mean is 8.1 years, whereas it is 5.7 for Teaching and Health. 
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If the applicant’s GPA is 95, the predicted offer is program P5 within field F2. In this case 

there are both a higher ranked field (F1) and a lower ranked field (F3) which are relevant 

alternatives to F2 depending on whether marginal increases or reductions of the GPA is considered. 

At the ‘high margin’, F2 is defined as the next-best field, and F1 is the preferred field (with 

admission threshold 100). At the ‘low margin’, F2 is defined as the preferred field (with admission 

threshold 94), and F3 is the next-best field. About 3% of the applicants in our sample have both 

high and low margins. We use observations on both margins in the analysis and cluster standard 

errors on applicants.  

In the final example in Table IV, the GPA is 88. In this case the predicted offer is program P8 

within field F3. Thus, F3 is defined as the next-best field and F2 as the preferred field (with 

admission threshold 94). When we use the terms preferred and next-best fields in the following 

these are relative to the local course ranking. Thus, an applicant’s preferred field is not necessarily 

her first-choice field (the field ranked number 1 on the application). 

Table V shows additional summary statistics for the estimation sample. The next-best field is 

unrestricted for almost half of the sample (44%). Although all are admitted to either their preferred 

or next-best field (58% and 42%, respectively), only 76% are enrolled in one of these two fields one 

year after the YOA indicating that many students regret their initial choice. We measure enrolment 

one year after the YOA (instead of in the YOA) since most applicants admitted via standby will 

have to wait to the next year to enroll.  For 80% of the applicants the preferred program in the local 

course ranking has rank equal to 1 on the application. For 56% the next-best program has rank equal 

to 2.  

[TABLE V] 

We have 9 different broad fields of study, so there are 72 (9×8) different combinations of 

preferred and next-best field. We want to estimate returns to admission to (or completion of) each 
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field instead of a given next-best field, and we take account of selection using instruments that 

predict admission to the preferred field (which is explained in detail below). Thus, the number of 

observations for each combination of preferred and next-best field is important for the precision of 

estimates of returns. Table VI shows that for many of these field combinations the number of 

observations is low. Especially, only 151 observations have Medicine as the next-best field 

(whereas 1,398 have Medicine as the preferred field). There are two reasons for this. First, most 

applicants who list Medicine programs in their application rank Medicine as their first choice. 

Second, the admission thresholds of Medicine programs are typically very high implying that in 

most cases where other programs are ranked higher than programs within Medicine, the Medicine 

programs will have higher thresholds and will therefore be ignored in the final local course ranking 

defining preferred and next-best fields (see above). In our main analysis we therefore drop 

observations with Medicine as the next-best field but keep observations with Medicine as the 

preferred field.12  

[TABLE VI] 

Table VI contains information on the most common next-best fields by preferred field. For 

instance, the most common next-best fields for applicants preferring Business are Humanities and 

Social science; for those preferring Humanities, they are Social science, Health, Teaching and 

Science; for those preferring Medicine, they are Science and Health; for those preferring Social 

science, they are Humanities, Health, Law and Business. 

 

                                                           
12 KLM also omit observations with Medicine as next-best field for the same reasons. 
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V. Graphical illustration and tests of the RD design 

V.A. Admission thresholds, GPA, and admission to and completion of the preferred field 

The research strategy is a fuzzy RD design which uses crossing of admission thresholds as 

instruments for admission to (or completion of) locally preferred fields of study given next-best 

fields. The design is fuzzy because of Quota 2 admissions (via other criteria than GPA) and possible 

program-specific admission requirements in addition to the GPA criterion for Quota 1 admission. 

Furthermore, the standby (waiting) list feature of the Danish system (described in Section III) 

complicates the RD framework since standby admission as well as direct admission (via Quotas 1 

or 2) affects the probability of completing the preferred field, and the standby threshold is typically 

a little lower than the Quota 1 threshold. For 33% of the 12,904 observations in the basic estimation 

sample, the standby threshold is 1 grade point below the Quota 1 threshold, for 25% the distance is 

2 grade points, for 24% it is above 2, while 15% prefer a program without standby list, and the 

standby threshold is equal to the Quota 1 threshold for 2%. Our RD framework is also complicated 

by the fact that the running variable (GPA) is discrete and rather coarse so that for many programs a 

fraction of applicants with GPA exactly equal to the threshold is not admitted (even if they satisfy 

possible extra program-specific admission criteria); see Section III.  

The overall nature of the RD design may be illustrated by pooling observations with a given 

distance between the Quota 1 and standby thresholds of the preferred program. For the subsample 

where the standby threshold of the preferred program is 2 grade points below the Quota 1 threshold, 

we pool observations for all applicants in the estimation sample and illustrate in Figure I how 

admission to and completion of the preferred field vary with the distance between applicants’ GPA 

and the Quota 1 threshold. The two vertical lines at 0 and minus 2 mark the Quota 1 and standby 

thresholds. We define admission to include both direct and standby admission. The size of the 

symbols indicating data points is determined by frequency weights. When the GPA is just below the 
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standby threshold, the probability of admission to the preferred field is about 15%. This admission 

is via Quota 2. At the standby threshold, the admission probability increases ‘discontinuously’ to 

51%. At the Quota 1 threshold it increases again to 91%, and strictly above the Quota 1 threshold it 

is 97-100%. This pattern in admission reflects that only about one third apply for standby, and that 

not everyone with GPA exactly equal to the Quota 1 or standby threshold are admitted (and that 

some of those not admitted directly at the Quota 1 threshold are admitted via standby). A similar 

pattern is found for completion of the preferred field, although discontinuities are smaller. Just 

below the standby threshold, the probability of completing the preferred field is 30%, at the standby 

threshold it is 40%, at the Quota 1 threshold it is 54% and just above the Quota 1 threshold it is 

58%. Completion rates are higher than admission rates below the standby threshold, but lower 

above the Quota 1 threshold. This is due to the possibility to reapply in the following years and the 

fact that many regret their initial choice.  

[FIGURE I] 

Figure II is similar to Figure I, but for the subsample where the standby threshold is only 1 

grade point below the Quota 1 threshold. Again, we see large discontinuities at both the standby and 

Quota 1 thresholds. 

[FIGURE II] 

 

V.B. Validity of the RD design 

If exact admission thresholds were known before applicants had finished their upper 

secondary education and if applicants were able to precisely control their GPA, one would expect 

discontinuity in the density of the running variable at the threshold, i.e. marked bunching just to the 

right of the threshold of the preferred program. This kind of sorting, which would be a threat to the 

RD identification strategy, is not likely for the following reasons: The admission threshold for a 
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given program is not known at the time of application, but only after the full allocation of student 

places has been completed; the within-program variation of thresholds over time is large; and exact 

manipulation by students of their GPAs is not possible. Appendix Figure A.1 shows the log density 

of the running variable (GPA minus Quota 1 threshold). The density peaks at zero (where only 

some of the applicants are admitted), and there is no sign of discontinuity around the threshold. As 

suggested by McCrary (2008) we formally test whether the density is smooth around zero. We use 

the test proposed in Cattaneo, Jansson and Ma (2018a, 2018b) which can be applied also when the 

running variable is discrete, and the test does not reject smoothness.13  

We also assess the validity of the RD design by checking for covariate balance around the 

threshold. As in KLM we do this by regressing earnings (8, 10 and 13 years after the YOA) on 

predetermined variables (age and YOA fixed effects, gender, GPA, and parental education and 

earnings) and checking for discontinuity in predicted earnings from these regressions at the 

threshold. Appendix Figure A.2 shows the three sets of predictions for each value of the running 

variable. There is no sign of discontinuity around the admission threshold, and formal tests cannot 

reject a hypothesis of no jump at the threshold. Taken together, the evidence discussed in this 

subsection supports the local randomization assumption. 

When the treatment is field completion, the analysis is conditional on completion of some 

post-secondary education (i.e., an education within one of the 9 fields listed in Table I). In this 

analysis, the exclusion restriction of our instruments, which are discussed in the next section, 

requires that the instruments do not affect the overall probability of completing some post-

secondary education (although they may induce applicants to complete one field instead of another). 

                                                           
13 The test is conducted using the rddensity command for Stata discussed in Cattaneo, Jansson and Ma (2018b). 

The null hypothesis is no discontinuity at the threshold. The default option of jackknife standard errors is used. The 
procedure automatically selects the bandwidth around the threshold. Using both triangular and uniform kernels, the 
optimal bandwidth is between 2 and 3, which is effectively 2 due to the discreteness of the running variable. The p-
values of the test statistics are 0.61 and 0.40 for bandwidths 2 and 3, respectively. 
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Appendix Figure A.3 provides a graphical check of discontinuities in the probability of completing 

any post-secondary education within 8 and 13 years after the YOA. There is no sign of 

discontinuity in completion around the threshold.14  

 

VI. Empirical methods 

Identification is based on a fuzzy RD design and as in KLM we use 2SLS for estimation. For 

each observation, the relevant margin of choice is assumed to be between the preferred and next-

best fields in the local course ranking at the time of application; see Section IV.C. We omit 

observation-specific subscripts. The following system of equations may be estimated separately for 

each subsample defined by a next-best field, k:15 

𝑦 = ∑ 𝛿𝑗𝑘𝑑𝑗𝑘𝑗≠𝑘 + 𝑥′𝜑𝑘 + 𝜆ℎ𝑘 + 휀𝑘             (4) 

𝑑𝑗𝑘 = ∑ 𝑧𝑚𝑘
′ 𝜋𝑚𝑗𝑘𝑚≠𝑘 + 𝑥′𝜓𝑗𝑘 + 𝜂ℎ𝑗𝑘 + 𝑢𝑗𝑘 ,              ∀𝑗 ≠ 𝑘,     (5) 

where (4) is the second-stage equation and (5) is the set of first-stage equations, one for each field 

except k; y  is the outcome (earnings); 𝑑𝑗𝑘 (the treatment variables) are dummies which are equal to 

1 if the applicant was admitted to or completed field j (depending on whether admission or 

completion is considered to be the treatment) and had field k as next-best, and 0 otherwise; 𝑧𝑚𝑘 (the 

IVs) are dummies for the relation between the applicant’s GPA and admission thresholds for the 

preferred field (the IVs are defined in detail below); x is a set of control variables (GPA, gender, 

and age and YOA fixed effects); 𝛿𝑗𝑘 is the returns to being offered, or completing, field j instead of 

k for applicants with k as the next-best field; and 𝜆ℎ𝑘 and 𝜂ℎ𝑗𝑘 are sets of fixed effects for preferring 

                                                           
14 The standby threshold is typically 1-3 grade points below the Quota 1 threshold which is used for 

normalization in Appendix Figure A.3, but there is no sign of discontinuity just to the left of the Quota 1 threshold 
either. In some of our estimations we condition on earnings being above the full-year full-time minimum wage (see 
Section VII.C. 3). Including this additional sample restriction does not create discontinuity around the threshold either; 
see Appendix Figure A.4. 

15 This is the same model as the model (14) and (15) in KLM, but we have made the formulation clearer by not 
using the same index for completed (or offered) field and preferred field. 
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field h and having k as the next-best field (i.e., for a given k, there is one fixed effect for each 

preferred field  ℎ ≠ 𝑘).  

The instruments affect the likelihood of admission to the preferred field. They are based on 

the applicant’s GPA and the Quota 1 and standby thresholds of the preferred field. We term these 

thresholds 𝑇𝑄1 and 𝑇𝑠𝑡𝑏. Given the next-best field k, we define a set of four instruments for each 

field 𝑚 ≠ 𝑘, 𝑧𝑚𝑘 = (𝑧𝑚𝑘
1 , 𝑧𝑚𝑘

2 , 𝑧𝑚𝑘
3 , 𝑧𝑚𝑘

4 )′, where  𝑧𝑚𝑘
1 = 1  if k is the next-best field, m is the 

preferred field and GPA > 𝑇𝑄1, and zero otherwise; 𝑧𝑚𝑘
2 = 1  if k is the next-best field, m is the 

preferred field and GPA = 𝑇𝑄1, and zero otherwise; 𝑧𝑚𝑘
3 = 1  if k is the next-best field, m is the 

preferred field and 𝑇𝑠𝑡𝑏 < GPA < 𝑇𝑄1, and zero otherwise; 𝑧𝑚𝑘
4 = 1  if k is the next-best field, m is 

the preferred field and GPA = 𝑇𝑠𝑡𝑏 and 𝑇𝑠𝑡𝑏 < 𝑇𝑄1, and zero otherwise. 

These instruments are motivated by the discussion of Figures I and II above. If the relevant 

program of the preferred field has no standby list (or if  𝑇𝑠𝑡𝑏 = 𝑇𝑄1), the last two instruments are 

zero. At most one of the instruments can be equal to 1 for a given observation (namely one of the 

four instruments for the preferred field).16 Even though 𝑧𝑚𝑘
1  is the dominant instrument, Figures I 

and II illustrate that in our dataset the other instruments are very important as well. Ignoring them 

would introduce important non-linearity below the Quota 1 threshold in the relation between the 

running variable and both admission to and completion of the preferred field. This would weaken 

the discontinuities at the Quota 1 threshold and make it more difficult to estimate their size.17 In the 

first-stage equation for 𝑑𝑗𝑘, we term 𝑧𝑗𝑘 the own instruments (as in KLM), i.e. the instruments for 

                                                           
16 KLM use only one binary instrument (corresponding to our main instrument  𝑧𝑚𝑘

1 ) for each k and  𝑚 ≠ 𝑘, 
since their institutional setting is not complicated by standby lists or a coarse running variable. 

17 An alternative to using four instruments for each combination of preferred and next-best field would be to 
use only the main instrument 𝑧𝑚𝑘

1  and apply a donut design ignoring observations with GPA between the standby and 
Quota 1 thresholds. However, this would imply omitting many observations close to the Quota 1 threshold, and the 
number of omitted values of the running variable would vary by the distance between the Quota 1 and standby 
thresholds, and therefore by preferred program and YOA. As a robustness check we have estimated the baseline 
model with such a donut design. The weighted correlation between the two sets of second-stage estimates is 0.94. 
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threshold crossing when preferring field j and having field k as next-best; the other instruments 

(𝑧𝑚𝑘 , 𝑚 ≠ 𝑗, 𝑚 ≠ 𝑘) are termed non-own instruments. 

In the model (4) and (5) for the subsample with next-best field k, this field is the reference 

category. An individual can be assigned to either field k (if all instruments are zero) or to the 

preferred field. The identification results discussed in Section II imply that, given the standard IV 

assumptions in the context of heterogeneous treatment effects (exclusion, independence/local 

randomization, a strong first stage, and monotonicity) and an additional assumption, IV estimates of 

the parameters of interest, 𝛿𝑗𝑘, can be interpreted as LATEs of admission to (or completion of) field 

j instead of field k. The additional assumption needed can be either the irrelevance and next-best 

assumption as stated in KLM or the assumption in (3), and based on the discussion in Section II, we 

focus on the latter. In our application, the assumption in (3) can be stated as follows: Threshold 

crossing to field m (shift in assignment from the next-best field k to the preferred field m) does not 

affect whether other fields (than m and k) are offered (or completed). It has the testable implication 

that the coefficients of all non-own instruments are zero in the first-stage regressions (5). This 

implication is rejected when treatment is field completion, but not when it is field admission; see 

Section VII.B. The rejection when treatment is field completion indicates that we cannot interpret 

the IV estimates as LATEs of completing the preferred field instead of the next-best for compliers 

to the instruments; see Proposition 1 in KLM. 

The rejection of the identifying assumptions when treatment is field completion may be 

explained by the fact that they are rather restrictive for this treatment.18 It is assumed that 

preferences are fixed at the time of application and do not change in a systematic way because of 

experiences in the educational system. However, many students regret their initial choice and it may 

                                                           
18 Altonji, Arcidiacono and Maurel (2015) also discuss that the irrelevance assumption stated in KLM is more 

restrictive when treatment is field completion rather than field admission. 
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be less costly to shift from, e.g., Health to Medicine than from Teaching to Medicine. Thus, for a 

student having Teaching as next-best and Health as preferred field, a change in assignment from 

Teaching to Health may affect the probability of eventually completing Medicine. Also, new 

information acquired through experience in the education system may induce change of preferences 

(e.g., towards Medicine if assigned to Health, but towards Social science if assigned to Teaching).  

If the standard IV assumptions hold, but (3) does not hold, IV estimates based on the model 

(4) and (5) may still be interpreted as causal effects of completing field j instead of next-best field k 

if we instead assume constant effects of completing field j given next-best field k, i.e. if we allow 

for heterogeneous effects of completing field j across next-best fields but assume away other types 

of heterogeneity in earnings effects of completing field j; see the discussion in KLM. However, this 

assumption is very strong.  

If instead the treatment is field admission in the YOA, the assumption (3) holds by 

construction since all applicants in the estimation sample are admitted to their next-best or preferred 

field; see Section IV.B. Effects of field admission are less interesting economically than effects of 

field completion, but it is important that we can in fact interpret the IV estimates as LATEs of being 

admitted to the preferred field instead of the next best for compliers to the instruments.  

The standard IV assumptions are likely to hold, especially when treatment is field admission. 

The analysis in Section V.B indicates that the local randomization assumption holds. In Section 

VII.C.1 below we show that the first stage is strong in the specification with admission as treatment, 

but it is less strong when completion is treatment (see Section VII.D). The exclusion restriction is 

likely to hold since it is reasonable to assume that threshold crossing (field assignment) does not 

affect earnings through other channels than field admission and thereby field completion. 

Monotonicity also holds because crossing the admission threshold to the preferred field does not 
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reduce the likelihood of being admitted to this field for any applicant, and probably it will not 

reduce the likelihood of completing it either.  

We use four own instruments for each treatment (admission to or completion of field j given 

next-best field k). We simultaneously estimate effects of several treatments, but the identifying 

assumptions require that only the own instruments are significant for each treatment. The overall 

setting concerns choice between multiple unordered treatments, but in the empirical application we 

define for each student the relevant margin of choice between the preferred and next-best field. 

Thus, for each student there is only one important treatment, the preferred field relative to the next-

best alternative. In the interpretation of the estimated effects we can therefore obtain intuition from 

the standard case considering estimation of causal effects of a single treatment using more than one 

instrument (Angrist and Pischke [2009], Imbens and Angrist [1994]). Using multiple instruments 

(here four) in an IV analysis means that the 2SLS estimate of the treatment effect is a weighted 

average of the LATEs obtained in four separate estimations each using one of the instruments. 

Weights depend on the relative strength of each instrument in the first stage, i.e., on the first-stage 

coefficient and the covariance between the treatment variable and the instrument. Thus, given the 

above assumptions, our 2SLS estimates may be interpreted as weighted averages of causal effects 

for the instrument-specific complier subpopulations. 

 The compliant subpopulation differs across the four instruments. Thus, to be a complier with 

respect to instruments 𝑧𝑚𝑘
3  and 𝑧𝑚𝑘

4  the relevant program of the preferred field must have a standby 

list and the individual must apply for standby admission, and this is the case for only about one 

third of the applicants in the estimation sample. Also, for the majority of programs, the probability 

of admission if the GPA is exactly equal to the threshold (GPA = 𝑇𝑠𝑡𝑏 or  GPA = 𝑇𝑄1) is lower than 

if the GPA is strictly above the threshold. The dominant instrument in our analysis is 𝑧𝑚𝑘
1  (for GPA 

strictly above the Quota 1 threshold of the preferred field) since this instrument affects a much 
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larger subpopulation than the other three instruments. In fact, it is reasonable to assume that the 

compliant subpopulations for the instruments 𝑧𝑚𝑘
2 , 𝑧𝑚𝑘

3  and 𝑧𝑚𝑘
4  are subsets of the compliant 

subpopulation for 𝑧𝑚𝑘
1 . Thus, if a student is admitted to (or completes) the preferred field m if 

𝑇𝑠𝑡𝑏 < GPA < 𝑇𝑄1 (but not if GPA < 𝑇𝑠𝑡𝑏), she would also be admitted to (complete) field m if 

GPA > 𝑇𝑄1. By similar reasoning, the compliant subpopulation for 𝑧𝑚𝑘
4  is a subset of that for 𝑧𝑚𝑘

3 , 

and they are both subsets of that for 𝑧𝑚𝑘
2 .  

The model (4)-(5) may be estimated simultaneously for all next-best fields.19 The 

simultaneous model may be written as follows: 

y = ∑ [ ∑ 𝛿𝑗𝑘𝑑𝑗𝑘𝑗≠𝑘𝑘 + 𝑥′𝜑𝑘] + 𝜆ℎ𝐾 + 휀                (6) 

𝑑𝑗𝑘 = ∑ [ ∑ 𝑧𝑚𝑞
′ 𝜋𝑚𝑞𝑗𝑘𝑚≠𝑞𝑞 + 𝑥′𝜓𝑞,𝑗𝑘] + 𝜂ℎ𝐾,𝑗𝑘 + 𝑢𝑗𝑘 ,              ∀ 𝑘  and  𝑗 ≠ 𝑘,    (7) 

where 𝜆ℎ𝐾 and 𝜂ℎ𝐾,𝑗𝑘 represent preferred-by-next-best field fixed effects for preferred field (h) and 

next-best field (K) in the outcome equation and in the first-stage equation for 𝑑𝑗𝑘, respectively. 

KLM reduce the number of field-related fixed effects in their baseline model by imposing the 

following restrictions in the model (6)-(7) 

𝜆ℎ𝐾 = 𝜃ℎ + 𝜇𝐾 ,         𝜂ℎ𝐾,𝑗𝑘 = 𝜎ℎ,𝑗𝑘 + 𝜏𝐾,𝑗𝑘      (8) 

Thus, they replace preferred-by-next-best field fixed effects with preferred field fixed effects 

(which are the same across next-best fields) and next-best field fixed effects. We discuss and test 

these restrictions in Section VII.A.  

We allow the coefficients of the control variables (x) to vary by next-best field as in KLM. In 

our application we have 9 fields, but we omit Medicine as next-best field due to few observations as 

explained in Section IV.C. Thus, we have 64 (8×8) first-stage equations, one for each combination 

of next-best field k and (different) offered or completed field j. We have 64 sets of (four) 

                                                           
19 We are grateful to Lars Kirkebøen, Edwin Leuven and Magne Mogstad for sharing their efficient Stata code 

for this estimation procedure. 
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instrumental variables 𝑧𝑚𝑞 for threshold crossing and having preferred field m and next-best field q. 

All these instruments enter each first-stage equation, and their coefficients are termed  𝜋𝑚𝑞𝑗𝑘. In the 

equation for 𝑑𝑗𝑘, the own instruments are 𝑧𝑗𝑘, i.e. the instruments for threshold crossing when 

preferring field j and having field k as next-best (m=j, q=k), and their coefficients are 𝜋𝑗𝑘𝑗𝑘. We 

cluster standard errors by applicant because of ‘double margin’ applicants as explained in Section 

IV.20  

 

VII. Results 

In this section we present estimation results. First, we discuss and test the restrictions (8) 

implied by replacing preferred-by-next-best field fixed effects with preferred field fixed effects and 

next-best field fixed effects. Next, we test the identifying assumptions (3). The results of these tests 

lead us to choose the model with field admission as the treatment and with control for the full set of 

preferred-by-next-best field fixed effects as our baseline specification. Estimation results for this 

model are discussed in Section VII.C. Results for a model with field completion as treatment are 

discussed in Section VII.D. Robustness checks are discussed in Section VII.E. 

 

VII.A. Test for preferred-by-next-best field fixed effects 

As discussed in Section VI, KLM replace, in their baseline model, preferred-by-next-best 

field fixed effects with preferred field fixed effects and next-best field fixed effects; see (8). That is, 

they impose the restriction of zero coefficients of interaction terms between the dummy control 

variables for preferred and next-best fields. KLM conduct a robustness check showing that the 

weighted correlation between the second-stage estimates in their restricted baseline model and 

                                                           
20 Following the recommendations in Kolesár and Rothe (2018), we do not cluster standard errors by the 

discrete running variable.  
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estimates in a general model with preferred-by-next-best field fixed effects is 0.916.21 In our data, 

this correlation is weaker. When earnings are measured 8 years after the YOA and field completion 

is treatment (as in KLM) the correlation is 0.864. When earnings are measured 13 years after the 

YOA, the correlation is 0.835 for field completion as treatment and 0.881 for field admission as 

treatment.  

In our data, imposing the restrictions in (8) imply a considerable reduction in the standard 

errors of the estimates of returns to field of study and a stronger first stage, especially when the 

treatment is field completion. However, the restriction may potentially threaten the validity of the 

instruments which are defined as dummies for threshold crossing (to the preferred field) for each 

combination of preferred and next-best field, i.e., as an interaction between preferred field, next-

best field and threshold crossing dummies. Thus, if a student crosses the admission threshold to the 

preferred field, this will represent a random threshold crossing effect, but also the difference 

between, on the one hand, preferred plus next-best field fixed effects and, on the other hand, 

preferred-by-next-best field fixed effects. If this difference is important for some combinations of 

preferred and next-best fields, it threatens validity because field fixed effects may capture 

unobserved differences between students. 

In our application, the restrictions in (8) on field fixed effects are strongly rejected. Estimating 

the unrestricted model with control for preferred-by-next-best field fixed effects, a Wald test rejects 

zero coefficients of interaction terms between preferred and next-best field dummies. This is the 

case both with admission and completion as treatment, and both when earnings are measured 8 and 

13 years after the YOA. When earnings are measured 13 years after the YOA, the test statistic in the 

model with field completion as treatment is 𝜒2(48) = 62,401,   𝑝 < 0.001, and in the model with 

field admission as treatment it is  𝜒2(48) = 30,736,   𝑝 < 0.001.  

                                                           
21 See Kirkebøen, Leuven and Mogstad (2014), Figure A2 (c). 
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VII.B. Test of the identifying assumptions 

The identifying assumptions (3) imply the testable restriction that the coefficients of the non-

own instruments in the first-stage equations are all equal to zero; see Sections II and VI. 

When field admission in the YOA is treatment and the full set of preferred-by-next-best field 

fixed effects are included in the model, this restriction is met by construction. This is because, in 

line with KLM, we have restricted the estimation sample such that the choice between the preferred 

and next-best field is the relevant margin of choice for each student. Thus, all students included in 

the sample are qualified for admission to the preferred or the next-best field (or both) and will be 

offered one of those fields. When we formally run the test for this case, we cannot reject a 

hypothesis of zero coefficients of all non-own instruments in the first-stage equations. The p-value 

is 1.000 for each next-best field and for the overall test including all next-best fields; see the last 

columns of Appendix Table A.2.  

On the contrary, when the treatment is field completion the test strongly rejects the hypothesis 

of zero coefficients of non-own instruments in the general model with preferred-by-next-best field 

fixed effects. For every next-best field, and for the overall test, the p-value is below 0.001; see the 

first columns of Appendix Table A.2.22 As discussed in Section VI, the assumption in (3) is rather 

restrictive when the treatment is field completion. Thus, completion rates are rather low and vary 

between fields which indicates that preferences for fields often change from the time of application 

till completion, and the costs of switching to other fields may depend on the field of enrolment in 

the first years after application. In our sample, everyone is admitted to the preferred or the next-best 

field in the YOA. Among those who complete an education within one of the nine fields, only 76% 

                                                           
22 This test result is not driven by the auxiliary instruments included to take account of the unconventional 

discontinuity structure. If we test the hypothesis of zero coefficients of only the main non-own instruments (𝑧𝑚𝑘
1 ) the 

p-value is again below 0.001. 
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complete the preferred or the next-best field (49% complete the preferred field and 27% the next-

best field). Only 56% complete the offered field. 

A few examples may illustrate that many of the statistically significant coefficients of non-

own instruments represent sizeable effects. Consider applicants with Business as next-best field. In 

the equation for completing Teaching, the coefficient of the non-own instrument (𝑧𝑚𝑘
1 ) for threshold 

crossing to preferred field Social science is -0.069 with t-value 2.87. This indicates that threshold 

crossing to Social science, for those preferring Social science over Business, reduces the probability 

of completing Teaching by about 7 percentage points, corresponding to the descriptive difference in 

the shares completing Teaching when GPA is above the Quota 1 threshold (0%) and below the 

standby threshold (7%), respectively, for preferred field Social science. Next, consider applicants 

with Social science as next-best field. In the equation for completing Business, the coefficient of the 

non-own instrument (𝑧𝑚𝑘
1 ) for threshold crossing to preferred field Law is -0.096 (with t-value 

2.10), roughly corresponding to the descriptive difference in the shares completing Business when 

GPA is above the Quota 1 threshold (5%) and below the standby threshold (13.5%), respectively, 

for preferred field Law. Finally, estimates indicate that threshold crossing to Law, for those 

preferring Law over Humanities, reduces the probability of completing Business by 12.3 percentage 

points and increases the probability completing Engineering by 7.7 percentage points (t-values for 

these estimates are 2.61 and 3.88).  

We also test the implications of the identifying assumption (3) in the model imposing the 

restrictions in (8), corresponding to the baseline model in KLM. When treatment is field completion 

the test again strongly rejects the restrictions implied by (3); see Appendix Table A.3.  

When treatment is field admission in the model with only preferred and next-best field fixed 

effects, the test rejects the restrictions for three of the eight next-best fields; see the last columns of 

Table A.3. This may seem surprising since the restrictions are met by construction in the more 
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general model with preferred-by-next-best field fixed effects. The reason is that the probability of 

admission to the preferred field when GPA is just below the threshold, and the effect of threshold 

crossing on the probability of admission to the preferred field, vary over detailed preferred-by-next-

best field combinations. The probability of admission below and above thresholds depends on the 

share of students admitted through Quota 2 and the share meeting additional program-specific 

admission requirements. Both shares may vary over detailed preferred-by-next-best field 

combinations. Thus, if we omit control for detailed field fixed effects then the instruments may pick 

up these unobserved behavioral and institutional effects (in addition to the effect of threshold 

crossing). However, even if the test rejects zero coefficients of non-own instruments in some cases, 

these coefficients are very small indicating effects of about 1 percentage point or less. Thus, even in 

the restricted model imposing (8) it seems reasonable to interpret estimates of 𝛿𝑗𝑘 as LATEs of 

admission to field j instead of next-best field k. 

On the contrary, the test results discussed above imply that the identifying assumption (3) 

does not hold when treatment is field completion. In this model it may therefore be problematic to 

interpret the estimates as LATEs of completing the preferred field instead of the next-best field.  

 

VII.C. Effects of admission to the preferred instead of the next-best field 

The results of the tests discussed above lead us to mainly focus on models with field 

admission as treatment, and with control for the full set of preferred-by-next-best field fixed effects. 

The outcome in our baseline model is earnings 13 years after the YOA. We interpret estimates of 

𝛿𝑗𝑘  as LATEs of being admitted to field j instead of k for students having k as next-best field.  

 

1. First-stage estimation results. Before turning to the 2SLS estimates, we discuss the first-

stage results. The important instruments for admission to field j given next-best field k are the own 
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instruments 𝑧𝑗𝑘, which predict admission to field j based on crossing admission thresholds for 

applicants preferring field j and having field k as next-best.  

For each of the 64 combinations of next-best and preferred field, the F test statistics for the 

own instruments in the first-stage regressions are shown in Appendix Table A.4. The F test statistic 

is below 10 for only 5 of the 64 combinations of offered and next-best field, so in most cases weak 

instruments is not a problem. The coefficients of the main own instrument (𝑧𝑗𝑘
1 ) for having a GPA 

above the Quota 1 threshold (compared to a GPA below the standby threshold) are shown in 

Appendix Table A.5. These estimates are in general very large and indicate that crossing the 

admission thresholds of the preferred fields has large discontinuous effects on the probability of 

admission to the preferred fields.23 For 59 of the 64 combinations of preferred and next-best field, 

the effect is above 50 percentage points. 

  

2. 2SLS estimates of effects on earnings 13 years after the YOA. Table VII presents the 

baseline 2SLS estimation results for earnings 13 years after the YOA. It shows the estimated 

average returns to admission to a field (j) compared to admission to the next-best field (k) for 

compliers to the instruments. For instance, the first column in Table VII shows that, compared to 

Business as the next-best field, there are large positive returns to being admitted to Medicine. The 

second to last row in the table (Average yk) shows a complier-weighted estimate of the average 

earnings for compliers if they had been offered their next-best field. For business as next-best field 

this estimate is DKK 478,000 ($74,000).  Thus, the estimates indicate that admission to Medicine 

                                                           
23 We use the first-stage coefficients in Appendix Table A.5 as estimates of the share of compliers for each pair 

of preferred and next-best field. When summarizing results across preferred or next-best fields, we weight by the 
number of compliers for each combination of preferred and next-best field. We follow KLM and calculate the number 
of compliers for each combination by multiplying the first-stage estimate by the number of observations for this 
combination. For instance, we use these weights to calculate the complier-weighted average returns by offered field. 
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instead of Business (when Business is the next-best field) increases earnings by about 37% 

(176/478).  

[TABLE VII] 

The returns to admission to Medicine are positive for all next-best fields, and they are large 

and statistically significant when the next-best fields are Business, Engineering, Health, Humanities 

and Science. Estimated returns to admission to Health are negative for all next-best fields (although 

not all estimates are statistically significant), and the same is true for admission to Teaching (except 

when the next-best field is Law). This may in part reflect the fact that the Health and Teaching 

fields in general comprise shorter education programs (typically with prescribed periods of study of 

3-4 years compared to 5-6 years for university programs).  

We summarize the returns to being offered each field compared to being offered the next-best 

fields by calculating a complier-weighted average across next-best fields (based on estimates of 

returns and the relative number of compliers in each row in Table VII). These average returns by 

offered field are shown in the last column of Table VII. They indicate that students offered 

Business, Medicine and Law earned about DKK 103,000, 92,000 and 41,000 ($16,000, 14,000 and 

6,000) more than if they were offered their next-best field. Students offered Humanities, Health and 

Teaching would have earned about DKK 29,000, 36,000 and 66,000 ($5-10,000) more if they had 

instead been offered their next-best field.24  

The overall weighted average (over all combinations of offered and next-best fields in Table 

VII) of the returns to admission to the preferred instead of the next-best field is DKK 16,000 

($2,500) with standard error DKK 6,000 ($900). Thus, most compliers tend to prefer a field in 

                                                           
24 The standard errors reported in the last column of Table VII ignore that the weights are based on estimates 

of the number of compliers in each cell of the relevant row.  
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which their potential earnings are higher than in their next-best field.25 However, it is important to 

note that we consider field admission here, not field completion. Many students admitted to a 

particular field will end up completing another field.  

 

3. Mechanisms. The estimates in Table VII indicate that for many combinations of preferred 

and next-best field there are large positive or negative returns to being offered the preferred field 

instead of the next-best. In this section we discuss mechanisms which may explain some of the 

differences in returns, namely effects of field admission on field completion and employment. 

The most important mechanism through which field admission affects future earnings is 

presumably field completion. Thus, admission to the preferred instead of the next-best field in the 

YOA will in general increase the probability of eventually completing the preferred field. To 

investigate this mechanism, we estimate the model (6)-(7) where earnings as outcome is replaced by 

an indicator variable which is equal to 1 if the preferred field was completed (within 13 years from 

the YOA), and 0 otherwise. The 2SLS estimates are shown in Table VIII. They vary a lot across 

both preferred and next-best fields. For Medicine as preferred field, the effect of admission to the 

preferred instead of the next-best field on the probability of completing the preferred field varies 

between 36 and 74 percentage points depending on the next-best field. For Humanities as preferred 

field, the variation is between 8 and 33 percentage points. Surprisingly, there are some estimates 

which are negative, but the only negative effect which is statistically significant (at the 10% level) 

is for Business versus Humanities; the estimate indicates that admission to Business as preferred 

field instead of Humanities as next-best reduces the probability of completing Business by 17 

percentage points for compliers. The other three negative estimates (which are not statistically 

                                                           
25 Appendix Figure A.5 shows the distribution of estimated returns to being offered the preferred instead of the 

next-best field based on the 64 estimates in Table VII (weighted according to the number of compliers in each cell of 
the table). 



38 
 

significant) are for Science as next-best field, and Business, Engineering and Teaching as preferred 

field. The negative point estimates for Business versus Humanities and Science contribute to the 

very low mean effect of only 5 percentage points for Business as preferred field (see the last column 

of Table VIII). These results indicate that the large average returns to being admitted to Business 

found in Table VII are not primarily driven by eventually completing Business. A mechanism might 

be that admission to (and enrollment in) business courses induces students to switch to programs 

within other fields that have high returns.  

The complier-weighted mean effect of admission to the preferred field on completing this 

field is also rather low for Engineering, Health, Humanities and Teaching (14-18 percentage 

points), whereas it is high for Law, Medicine and Science (43-52 percentage points) and in-between 

for Social science (27 percentage points); see the last column of Table VIII. 

[TABLE VIII] 

One reason for the large differences in earnings between fields found in Table VII may be 

differences in the probability of being employed 13 years after the YOA. To investigate this, we 

have estimated the model (6)-(7) with a dummy for employment as the outcome variable instead of 

earnings. Figure III summarizes the results from this model by showing for each offered field the 

complier-weighted average gain in employment probability of being offered this field instead of the 

next-best alternatives. We find a large negative effect on the employment probability 13 years after 

the YOA of being offered Teaching (8 percentage points) which is the field with the highest 

negative returns in Table VII, and a large positive effect of being offered Medicine (6 percentage 

points) which is the field with the second-highest returns in Table VII. These results indicate that 
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part of the effects on earnings of being offered the preferred instead of the next-best field (reported 

in Table VII) may be explained by effects on employment probability.  

[FIGURE III] 

Next, we investigate whether the estimated earnings gains to field of study found in Table VII 

remain if we exclude individuals with low earnings from the sample. We show in Appendix Table 

A.6 results for earnings effects comparable to those in Table VII, but for a restricted sample of 

individuals with earnings above the full-year full-time minimum wage (DKK 200,000 in 2015 

prices). This restriction reduces the sample by 15% compared to the baseline estimation in Table 

VII.26 The excluded observations are the majority of those classified as non-employed in the above 

analysis and in addition individuals classified as employed who are nevertheless unemployed for a 

large part of the year and individuals working part-time or in low-income jobs which do not require 

qualifications obtained via post-secondary education. Many features of the overall pattern of 

estimates are the same as in Table VII. The weighted mean returns for each offered field (reported 

in the last column) are very similar: Business, Medicine and Law still have the highest returns, 

while Teaching, Humanities and Health still have large negative returns. The overall weighted 

average gain of being admitted to the preferred instead of the next-best field is smaller than in Table 

VII and not statistically significant. 

 

4. Returns to field of study earlier in the career. In our main specification we estimate returns 

to field of study 13 years after the YOA. Given our dataset and sample of applicants, we are not 

able to follow the youngest cohort beyond 13 years from the YOA. Thus, the main specification is 

the most relevant if we are interested in long-term returns. However, it may also be of interest to 

                                                           
26 We do not show first-stage estimates, but they are rather similar to those in Appendix Tables A.4 and A.5 for 

the main specification. Out of 64 first-stage F statistics for own instruments, 59 are above 10.  
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estimate effects earlier in the career to see if results change much and to compare with papers 

measuring outcomes earlier. Specifically, KLM use earnings 8 years after the YOA as outcome. 

Table IX shows results when we use this outcome.27  

[TABLE IX] 

The estimates in Table IX are in many respects very different from the main estimates in 

Table VII. Comparing the weighted average returns by offered field reported in the last column, 

notable differences are that average returns to Health and Teaching are approximately zero in Table 

IX (whereas they are negative in Table VII), and that average returns to Social science are larger 

and statistically significant in Table IX. The complier-weighted overall average returns to 

admission to the preferred instead of the next-best field for all estimates in Table IX are DKK 

23,000 (with SE 5,000), about 40% higher than for Table VII. The more positive average returns are 

also apparent in Appendix Figure A.6 showing the distribution of these estimates 8 years after the 

YOA (which may be compared with Appendix Figure A.5 showing the distribution of the baseline 

estimates).  

[FIGURE VIII] 

One reason why returns to admission to Health and Teaching relative to other fields are higher 

8 years after the YOA than 13 years after may be that most education programs within these two 

fields have relatively short prescribed periods of study (3-4 years) whereas most programs within 

the other fields take at least 5 years to complete. The average actual length of time of study is 1-2 

years longer, and some students are admitted to a waiting list or regret their first choice and switch 

to another program after 1-2 years of study. Therefore, many students will not have completed their 

education program within 8 years from application, and for many individuals who have completed a 

                                                           
27 We do not show first-stage results for this estimation. These are very similar to the first-stage results of the 

main specification. Out of the 64 first-stage F statistics for the own instruments, 59 are above 10. 
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university degree, the 8th year after application may be the first or second year of their career with a 

qualifying degree, and some are only employed part of that year.28 Thus, their earnings may be 

quite low 8 years after the YOA; 39% of the sample of Table IX earn less than the full-year full-

time minimum wage. Excluding these observations, the pattern of estimated returns is more similar 

to the main results in Table VII, although the size of the returns is in many cases approximately 

reduced by half; see Appendix Table A.7.     

 

5. Students’ sorting into fields, comparative advantage, and sample selection. From an 

economics perspective it is important to understand students’ sorting into fields of study. For some 

students expected earnings may be important whereas for others non-pecuniary factors may be more 

important. For instance, interest in specific subjects may lead to high consumption value of 

particular fields.  

In our main results for returns to field of study 13 years after the YOA (Table VII and 

Appendix Figure A.5), and especially in the analysis of returns 8 years after the YOA (Table IX and 

Appendix Figure A.6), there is some indication that on average compliers tend to prefer fields in 

which they have absolute advantage compared to their next-best field in the sense that their earnings 

tend to be higher if they are offered their preferred field. However, this tendency is not very strong 

and for many combinations of preferred and next-best field average returns for compliers of being 

offered the preferred field are negative.  

Another interesting question is whether students choose fields in accordance with comparative 

advantage. Consider students on the margin between the two fields j and k. Based on the definition 

of comparative advantage in Sattinger (1978 and 1993) KLM show that if students tend to prefer 

                                                           
28 Employment rates are much lower 8 years after the YOA than 13 years after; see Table III. 
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fields in which they have comparative advantage, then the relative returns to field j compared to 

field k is on average larger for students preferring j over k than for students preferring k over j:  

𝐸(log 𝑦𝑗 − log 𝑦𝑘 | 𝑗 ≻ 𝑘) − 𝐸(log 𝑦𝑗 − log 𝑦𝑘 | 𝑘 ≻ 𝑗) > 0    (9) 

In model (6)-(7) with log earnings as outcome, this corresponds to the inequality: 𝛿𝑗𝑘 + 𝛿𝑘𝑗 > 0. 

Thus, we can investigate if this relationship holds for compliers in our sample by using the 

parameter estimates in a model for log earnings. When using log earnings as outcome, it is common 

to trim the lower part of the earnings distribution. One way to do this is to impose the same 

restriction as in Appendix Table A.6, namely that earnings are above the full-year full-time 

minimum wage; results for the log earnings model for this sample are shown in Appendix Table 

A.8.  

Since the inequality in (9) requires parameters for ‘symmetric’ observations in terms of 

preferred and next-best field, we exclude parameters for Medicine as the offered field (since we do 

not have estimates for Medicine as next-best field). Based on the remaining 56 parameters, Figure 

IV shows the distribution of the 28 estimates (𝛿𝑗𝑘 + 𝛿𝑘𝑗) where each estimate is weighted according 

to the sum of the number of compliers in the two cells.  

[FIGURE IV] 

Clearly, the distribution in Figure IV does not indicate that sorting in accordance with 

comparative advantage dominates. On the contrary, the mean is negative. This result is in sharp 

contrast to the distribution of similar estimates in KLM which does indicate sorting consistent with 

comparative advantage (see their Figure XII). However, there are three important differences 

between our analysis (in Figure IV and Appendix Table A.8) and the corresponding analysis in 

KLM. First, our treatment is field admission, whereas the treatment in KLM is field completion. 

Second, we measure earnings 13 instead of 8 years after the YOA. Third, we only use observations 

with earnings above the full-year full-time minimum wage whereas KLM include all observations 
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with positive earnings. The negative mean of the estimates in Figure IV is not driven by the fact that 

we use field admission as treatment instead of completion (see Section VII.D) or by the fact that we 

restrict this analysis to the subsample with earnings above the full-year full-time minimum wage. 

Appendix Figure A.7 shows a similar graph where we include all observations with positive 

earnings above DKK 1,000 ($150). Although the shape of the distribution is different from that in 

Figure IV, the mean is again negative. However, if we measure earnings 8 years after the YOA and 

include all observations with positive earnings above DKK 1,000, we do get results similar to those 

of KLM indicating sorting in accordance with comparative advantage; see Appendix Figure A.8. If 

we measure earnings 8 years after the YOA but restrict the sample to observations with earnings 

above the full-year full-time minimum wage, the distribution does not indicate sorting in 

accordance with comparative advantage; see Appendix Figure A.9. It is not surprising that estimates 

are more sensitive to inclusion of low-earnings observations in the model for log earnings 8 years 

after the YOA because the share with low earnings (and low employment) is higher here than 13 

years after the YOA. 

As discussed in KLM, the sorting pattern indicated by the distribution of estimates might be 

driven by heterogeneity across subfields (i.e., more specific subjects of study) within the broader 

fields used in the analysis. Thus, if the distribution on subfields within a broad field is very different 

when the broad field is preferred compared to when it is next-best, then applicants in the (j, k) and 

(k, j) cells in the tables of estimates do not just differ in terms of whether they prefer field j over k, 

or k over j, but also in terms of the subfields within the broad fields they consider.29  

In our data, one important reason for this kind of heterogeneity with respect to subfields is 

that programs with unrestricted admission can, by construction of our estimation sample, not be 

                                                           
29 To address this potential concern KLM estimate a less aggregated model for more specific subfields and find 

that the distribution of these estimates is very similar to the distribution for the model with broad fields. It would not 
be viable to conduct a similar disaggregation in our smaller estimation sample.  
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included in preferred fields, whereas they can enter as part of next-best fields. This is important for 

the interpretation of our results, since the next-best field is unrestricted for 44% of the observations 

(see Table V). Examples of programs which were unrestricted throughout our sample period are 

programs within economics, civil engineering (but not architecture and not interdisciplinary 

programs involving both engineering and architecture or design), and mathematics and physics. 

First, consider the Social science field. In our sample, 32% of applicants with Social science as 

next-best field apply for an economics program as the next-best subfield (whereas no one has 

economics as preferred program).30 If completing economics have high economic returns compared 

to other subfields within Social science, this may contribute to some of the negative estimates in 

Appendix Table A.8.31 Similarly, if completing the Social science subfields sociology, 

anthropology, cultural studies and psychology (which had consistently high admission thresholds 

throughout our sample period) has low returns compared to other Social science subfields this may 

also contribute to negative estimates. Thus, when Social science is the preferred field, 53% of the 

applicants prefer a program within one of these subfields, whereas when Social science is the next-

best field, only 5% have one of these subfields as next-best. These differences in the distribution of 

subfields within Social science depending on whether this field is the preferred or the next-best are 

similar when we look at specific margins with many observations in our data such as Social science 

(as preferred field) versus Humanities (as next-best), and Humanities (as preferred) versus Social 

science (as next-best).  The sum of the estimates for these two margins is -0.09 in Appendix Table 

A.8 and they contribute heavily to the peak of the distribution in Figure IV.  

                                                           
30 In this discussion we report numbers for the distribution of subfields based on the sample of Appendix Table 

A.8 with log earnings as outcome which is restricted to individuals with earnings above the full-year full-time 
minimum wage 13 years after the YOA. However, the numbers are very similar for the main estimation sample of 
Table VII without the minimum wage restriction. 

31 Based on OLS regressions, Danish Economic Council (2003, p. 260-61) finds substantially higher returns to 
economics than to other social science programs.  
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Finally, consider the Engineering field which includes architecture programs. When 

Engineering is the preferred field, 81% has architecture as the preferred program (and the rest prefer 

interdisciplinary programs), whereas when the Engineering field is the next-best field only 14% of 

the applicants have architecture as their next-best program. If returns to completing architecture are 

smaller than returns to completing other types of engineering programs such as civil engineering, 

this asymmetry may also be part of the explanation for the many negative estimates in Appendix 

Table A.8. For instance, the sum of the two coefficients for Engineering versus Humanities is -0.08, 

and the sum of the two coefficients for Engineering versus Social science is -0.13. 

Thus, in our data where important programs were unrestricted throughout the sample period, 

and other programs had consistently high admission thresholds, the distribution shown in Figure IV 

may not be strong evidence against sorting into fields in accordance with comparative advantage. 

Heterogeneity in terms of subfields may be part of the explanation of the estimated pattern of 

returns. 

Besides the issue of comparative advantage, it is in general important when interpreting the 

estimated pattern of returns to note that the distribution of subfields within broad next-best fields 

may differ depending on the preferred field. A few examples may illustrate this issue. First, when 

Health is the next-best field and Social science or Humanities is the preferred field, about 50% of 

applicants have programs within child care or social work as their next-best, whereas this is only the 

case for 5% of those preferring Medicine. Second, when Humanities is the next-best field and 

Business is the preferred field, 75% have language acquisition programs as next-best, whereas this 

is only the case for 21% of those who prefer Engineering. Third, when Social science is the next-

best field and Business is preferred, 70% have economics as their next-best subfield, whereas this is 

only the case for about 10% of those preferring Health or Teaching. 
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There are also important differences in the distribution of subfields within a given preferred 

broad field across next-best broad fields. For instance, consider Social science as the preferred 

broad field. The shares preferring political science programs are 6 and 67% respectively when the 

next-best fields are Health and Law. The shares preferring psychology are 8 and 61% respectively 

for next-best fields Business and Health. And the shares preferring sociology, anthropology or 

cultural studies are 11 and 42% respectively for next-best fields Business and Humanities.  

 

VII.D. Effect of field completion on earnings and comparison with results in KLM 

As discussed in Section VII.B the identifying assumptions in (3) do not hold when treatment 

is field completion. This means that it might be problematic to interpret 2SLS estimates as LATEs 

of completing the preferred field instead of the next-best for compliers to the instruments. However, 

to compare with results in KLM we will briefly discuss the results we obtain when treatment is 

defined as field completion. Although the restrictions (8), replacing preferred-by-next-best field 

fixed effects by preferred and next-best field fixed effects, are strongly rejected (see Section VII.A), 

we impose them here because KLM do so and because the first stage becomes very weak without 

these restrictions. In the unrestricted model for earnings 13 years after the YOA, the F test statistics 

for the own instruments are below 10 for 38 of the 64 combinations of completed and next-best 

fields. In the restricted model, the first stage is much stronger. Here, the F test statistics are below 

10 for 15 of the 64 combinations of completed and next-best field; F test statistics and estimated 

coefficients of the main own instrument in the first stage are reported in Appendix Tables A.9 and 

A.10.  

Table A.11 in the Appendix shows 2SLS estimates for effects of field completion on earnings 

13 years after the YOA. Most point estimates and standard errors are larger than for the effects of 

admission in Table VII. Consistent with the results for admission as treatment, the average returns 
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to completing Medicine and Law (across next-best fields) are positive and significant, and average 

returns to completing Humanities, Health and Teaching are negative. The overall correlation 

between estimates for returns to admission and completion (weighted by the precision of the 

estimates) is 0.83.  

Table A.12 in the Appendix shows short-term estimates for effects of field completion on 

earnings 8 years after the YOA. 32 These estimates are in many respects very different from the 

medium-term estimates in Table A.11. Comparing the weighted average returns by completed field 

(reported in the last column), notable differences are that average short-term returns to Health and 

Teaching are approximately zero (whereas medium-term estimates are negative), and that average 

short-term returns to Business are larger and more precisely estimated. Humanities is the only field 

with average negative short-term returns, and the complier-weighted overall average short-term 

returns to completing the preferred instead of the next-best field for all estimates are larger. The 

more positive average returns 8 years after the YOA compared to 13 years after can also be seen by 

comparing the (complier-weighted) distribution of estimated returns; see Appendix Figures A.10 

and A.11.     

We now compare our results for earnings 8 years after the YOA to the main results in KLM. 

The overall pattern of results is rather similar in the two studies. When we look at the complier-

weighted average returns to completing each field relative to the next-best field, both studies find 

that Medicine, Law and Business have the highest returns, and that the Humanities have negative 

returns compared to next-best fields (see Figure IV in KLM and the last column of Table A.12 in 

our Appendix). However, the estimates in KLM tend to be much larger than ours. For instance, the 

average returns to Medicine are more than three times as large in KLM (about $57,000) as our 

estimate ($17,000), the average returns to Law are about twice as large ($44,000 versus $19,000), 

                                                           
32 First-stage results are not reported; 17 F test statistics are below 10. 
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and the same is the case for Business ($40,000 versus $19,000).33 On the other hand, we find much 

higher negative returns to completing Humanities (-$21,000 versus -$2,000).  

In KLM, the main results for payoffs to completing specific fields by next-best alternative are 

reported in their Table IV. Many of these estimates are also much larger than the corresponding 

estimates in our study (see Table A.12). KLM find that completing Medicine quadruples earnings 

for those with Humanities, Social science and Science as next-best fields. For instance, earnings 

increase by $81,000 for those with Science as next-best compared to the estimate of average 

earnings in Science for compliers with Science as next-best of $27,300. We find that completing 

Medicine or Business instead of Humanities increases earnings by about $30,000 corresponding to 

doubling earnings relative to the counterfactual earnings in Humanities. These are the largest effects 

we estimate. Our estimates indicate that completing Medicine instead of Science or Social science 

only increase earnings by $10-11,000 (21%).  

Like KLM we find that on average (over all combinations of preferred and next-best field) the 

returns to completing the preferred instead of the next-best field are positive. However, this result is 

much weaker when we drop observations with earnings below the full-year full-time minimum 

wage or measure earnings later in the career. 

When we estimate models with log earnings as outcome and field completion as treatment, 

estimates are consistent with sorting into fields in accordance with comparative advantage when 

earnings are measured 8 years after the YOA (and when the sample is not restricted to observations 

with earnings above the full-year full-time minimum wage), but not when earnings are measured 13 

years after the YOA; see Appendix Figures A.12-A.15. Thus, the main conclusions for the log-

                                                           
33 This comparison of earnings in USD is a bit coarse. KLM measure earnings in 2006-2012 deflated using the CPI 

with 2011 as base year and an exchange rate of 6.5 NOK per USD. We measure earnings (8 years after the YOA) in 
2002-2010 deflated using the CPI with 2015 as base year and an exchange rate of 6.5 DKK per USD. The exchange rate 
between NOK and DKK varied between 0.85 and 1.0 DKK/NOK over the period 2002-2012 with an average of 0.93.  
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earnings models with field admission as treatment (discussed in Section VII.C. 6) also hold for field 

completion.  

 

VII.E. Robustness checks regarding bandwidth and control for GPA 

We have conducted robustness checks showing how the baseline estimates are affected when 

we change the functional form of GPA control or the bandwidth. Since there are many (64) 

parameters of interest in each estimation, we summarize the results of these robustness checks by 

correlation coefficients between the baseline estimates and the estimates obtained in the alternative 

specifications where we weight estimates by their precision.  

In the main specification we control for a linear function of GPA which varies by next-best 

field, and we do not restrict the sample to observations with GPA close to the Quota 1 admission 

threshold of the preferred field. Table X presents correlations between the baseline estimates and 

five alternative specifications. We show these robustness checks for three different baseline 

specifications for effects on earnings 13 years after the YOA: the main model with field admission 

as treatment and control for preferred-by-next-best field fixed effects (Table VII); the corresponding 

model with field completion as treatment (detailed estimates not shown); and the model with field 

completion as treatment where field fixed effects are restricted according to (8) (Table A.11). The 

high correlation coefficients in Table X indicate a high degree of robustness with respect to both 

functional form for the GPA and bandwidth restriction. 

[TABLE X] 

 

VIII. Comparisons with other studies 

Öckert (2010) uses administrative data for Sweden to estimate effects of being admitted to 

either the first- or second-choice program for applicants preferring programs with restricted 
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admission using a RD design based on application scores and admission thresholds. He pools 

observations over all programs (with restricted admission) and finds that admission increases years 

of education by about 0.2 years, but he finds no significant effect on earnings up to 14 years after 

the YOA. Heinesen (2018) conducts a similar analysis using a Danish dataset corresponding to the 

one which we use in the present paper. He finds that being admitted to the first-choice program 

increases the probability of completing an education within the same specific subject of study and 

within the same broad field of study as the first-choice program, but he finds no significant effect on 

years of education or earnings 11 years after the YOA. He also finds that being admitted to one of 

the programs listed on the application has no effect on years of education, the probability of 

completing any higher degree or earnings.34  

These studies pool observations across all preferred programs (or subsets of programs). In a 

sense we do something similar in this paper when we consider the overall distribution of complier-

weighted gains to being admitted to the preferred instead of the next-best field. In the note to Table 

VII, we reported that the overall average of complier-weighted gains across all combinations of 

preferred and next-best fields is DKK 16,000 with SE 6,000 ($2,500 with SE $900). Thus, average 

returns to being admitted to the preferred field are small but statistically significant. If the sample is 

restricted to those with earnings above the full-year full-time minimum wage, average returns to 

admission to the preferred field becomes smaller and insignificant (DKK 8,000 with SE 7,000). 

However, if earnings are measured 8 years after the YOA, returns become larger (DKK 23,000, 

with SE 5,000).  

There may be several explanations for the somewhat different results in the two types of 

studies. First, the estimation samples used in Öckert (2010) and Heinesen (2018) are much less 

                                                           
34 The substantially small and statistically insignificant effects on earnings in Heinesen (2018) also hold when 

the sample is restricted to applicants with specific fields as their first-choice (such as Social Science, Humanities, 
Medicine or Law). 
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restricted. They include applicants who apply for only a single program or only a few programs 

within the same broad field, whereas the sample in the present study is much smaller since it only 

covers applicants who listed programs within at least two different broad fields on their application. 

These applicants may be different from applicants in general regarding unobserved characteristics. 

Thus, students applying for programs within different fields may be more uncertain about their 

preferences, or they may have a broader range of talents and interests than the average applicant. 

Second, the margins of choice considered differ. In KLM and in the present paper the choice 

between the preferred and the next-best field is defined relative to a local course ranking. In many 

cases the relevant margin of choice is not between the first-choice program and the one ranked 

second, but between lower-ranked programs. Third, the analysis in the present paper utilizes 

information on preferences for locally preferred and next-best fields to estimate returns to being 

admitted to each field relative to each next-best field instead of estimating a single parameter for a 

pooled model.  

 

IX. Conclusion 

We apply the methods developed in KLM to estimate returns to field of study using Danish 

administrative data for applicants to post-secondary education programs. Data from the centralized 

admission system provide, for each applicant, information on the programs listed on the application 

and their ranking. We group the specific programs into 9 broad fields of study and define relevant 

preferred and next-best fields for each applicant based on their course ranking, GPA from upper 

secondary school and admission thresholds. In a RD design we use threshold crossing to the 

preferred field as an instrument for admission to, or completion of, this field instead of the next-best 

alternative.  
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We propose a test of the identifying assumptions. These are strongly rejected in our model 

with field completion as treatment (corresponding to the main model in KLM). This means that it 

may be problematic to interpret parameter estimates as LATEs of completing the preferred field 

instead of the next-best. Therefore, we choose the model with field admission as treatment as our 

baseline model.  

A main contribution of this paper is that we estimate medium-term effects on earnings (13 

years after the YOA) in addition to effects very early in the career (8 years after the YOA as in 

KLM). For earnings effects 13 years after the YOA, we find positive returns to being offered 

Business, Medicine and Law instead of the next-best fields, whereas returns to being offered 

Humanities, Health and Teaching are negative. In general, admission to the preferred field instead 

of the next-best has large positive effects on the probability of eventually completing the preferred 

field, but there are large variations in the size of the effects across preferred and next-best fields.  

In our data, results are substantially different if we measure earnings 8 years after the YOA 

instead of 13 years after. Especially, the average returns to admission to Health and Teaching (with 

predominantly shorter education programs) become approximately zero (instead of negative), and 

Humanities becomes the only field with significantly negative average returns compared to the next 

best fields. Our results are closer to those of KLM when we measure earnings 8 years after the 

YOA instead of 13 years after. However, the estimates tend to be much smaller (numerically) in our 

analysis than in KLM, both in our main model with field admission as treatment, and in our model 

with field completion as treatment corresponding to the model in KLM.  

When earnings are measured 8 years after the YOA, we find (like KLM) that compliers tend 

to sort into fields in accordance with comparative advantage. However, the evidence in favor of 

such a sorting pattern is much weaker when earnings are measured later in the career or 

observations with earnings below the full-year full-time minimum wage are excluded. However, in 
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our data, relating the model estimates to the question of sorting in accordance with comparative 

advantage may be problematic since the distribution of subfields within broad fields often differ 

substantially depending on whether the broad fields are preferred or next-best fields. 
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Table I  

Broad fields of study 

Broad field  Examples of more specific subjects of study 

1. Business  Accounting, Administration, Advertising, Finance, Management, Marketing, Taxation 

2. Engineering  Architecture, Chemical, Civil engineering, Computer science, Electrical, Energy, Mechanical  

3. Health  Child and elderly care, Midwifery, Nursing, Physiotherapy, Social work 

4. Humanities  Archeology, Arts, History, Language, Linguistics, Literature, Music, Philosophy, Theology 

5. Law  Law 

6. Medicine  Dentistry, Medicine 

7. Science  Agriculture, Biology, Chemistry, Mathematics, Pharmacology, Physics, Statistics, Veterinary 

8. Social science  Anthropology, Cultural studies, Economics, Journalism, Political science, Psychology, Sociology 

9. Teaching  Education science, School teacher 
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Table II  

Sample selection 

Selection criteria  N 

Applications 1994-2002  519,800 

First application by the individual  270,526 

Applicants were 25 years of age or younger in the YOA  227,357 

GPA from upper secondary school is not missing  188,396 

Applied for at least two fields and preferred a more restricted programa   12,489 
a More precisely: The student applied for at least two fields, she was qualified for admission to at least one of the listed 

programs, and she preferred a restricted program over a less (or un-) restricted program within a different field. 
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Table III  

Descriptive statistics for the estimation sample and the full sample 

 

 Estimation sample  Full sample 

 Mean SD N  Mean SD N 

Age 20.99 1.35 12,489  20.99 1.41 188,396 

Female 0.63 0.48 12,489  0.63 0.48 188,396 

GPA 88.01 7.78 12,489  83.13 9.56 188,396 

Mother's years of education 14.46 2.79 11,480  13.88 2.82 174,791 

Father's years of education 14.90 3.00 10,989  14.34 3.01 167,712 

Mother's earnings (DKK 1,000) 280.80 176.40 11,788  262.69 167.03 178,593 

Father's earnings (DKK 1,000) 400.44 333.78 11,344  377.59 372.62 172,549 

Programs ranked 3.54 1.55 12,489  2.16 1.40 188,391 

Applied for only one program 0.00 0.00 12,489  0.43 0.49 188,396 

Not admitted to any program 0.00 0.00 12,489  0.16 0.36 188,396 

Rank of offered program 1.83 1.11 12,489  1.22 0.66 158,877 

Offered rank=1 0.50 0.50 12,489  0.73 0.45 188,396 

Offered rank=2 0.30 0.46 12,489  0.07 0.26 188,396 

Offered rank=3 0.11 0.32 12,489  0.03 0.16 188,396 

Years of education YOA+8 16.49 1.73 11,861  16.08 1.70 179,713 

Years of education YOA+13 17.14 1.56 11,685  16.59 1.70 177,436 

Completed field 1-9 YOA+8 0.64 0.48 11,861  0.64 0.48 179,713 

Completed field 1-9 YOA+13 0.82 0.38 11,685  0.78 0.42 177,436 

Years to completion (given completion) 7.02 2.23 9,612  6.33 2.37 137,630 

Earnings YOA+8 (DKK 1,000) 251.85 170.73 11,829  263.88 160.99 179,204 

Earnings YOA+13 (DKK 1,000) 389.40 206.86 11,643  370.71 194.88 176,816 

Employed YOA+8 0.68 0.47 11,829  0.75 0.43 179,204 

Employed YOA+13 0.90 0.30 11,643  0.91 0.29 176,816 

Note. All outcomes (student’s years of education, completed field 1-9, earnings and being employed) are measured 8 

and 13 years after the year of application (YOA), and these variables are therefore missing if the person is not living in 

Denmark in these years. Earnings are measured as annual wage income plus income from self-employment. They are 

deflated by the consumer price index (base year 2015). $1 ≈ DKK 6.5 (approx. the average exchange rate over the years 

2014-2016), i.e., DKK 1 ≈ $0.15. 
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Table IV  

Example illustrating the local course ranking used in the estimation sample 

Rank Pgm. Field Threshold  

1 P1 F1 100  

2 P2 F1 105 Dominated (ignored) 

3 P3 F2 99  

4 P4 F2 100 Dominated (ignored) 

5 P5 F2 94  

6 P6 F3 100 Dominated (ignored) 

7 P7 F3 90  

8 P8 F3 60  

 

Rank Pgm. Field Threshold  GPA=100  GPA=95  GPA=88 

         High 

margin 

Low 

margin 

   

1 P1 F1 100  Offer Pref.   Pref.     

3 P3 F2 99   Next        

5 P5 F2 94     Offer Next Pref.   Pref. 

7 P7 F3 90       Next    

8 P8 F3 60         Offer Next 
Note. Offer = predicted offer, Pref. = locally preferred, Next = next-best. 
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Table V  

Descriptive statistics of estimation sample 

 

  Mean SD N 

Next-best field is unrestricted  0.44 0.50 12,904 

GPA threshold of preferred field (Quota 1)  89.92 5.35 12,904 

GPA threshold of next-best field (Quota 1)  84.42 5.67 7,269 

Offered preferred field (incl standby offer)  0.58 0.49 12,904 

Offered next-best field (incl standby offer)  0.42 0.49 12,904 

Enrolled, preferred field, YOA+1  0.48 0.50 12,904 

Enrolled, next-best field, YOA+1  0.28 0.45 12,904 

Preferred program has rank=1  0.80 0.40 12,904 

Next-best program has rank=2  0.56 0.50 12,904 

Note. The sample includes 2 observations for each of the 415 double margin applicants. 
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Table VI 

Observations by combinations of preferred and next-best fields in the local course ranking 

Preferred  Next-best field   
Field  Business Engineering Health Humanities Law Medicine Science Social sci. Teaching  Total 

Business   68 <40 289 <40 <5 48 289 <40  763 

Engineering  <40  <40 220 <40 <5 221 61 <40  615 

Health  77 74  326 <40 41 236 132 334  1,234 

Humanities  90 105 275  63 <40 190 802 254  1,785 

Law  511 51 62 373  <5 98 378 <40  1,504 

Medicine  64 150 275 124 94  605 72 <40  1,398 

Science  42 285 148 41 <40 47  <40 <40  624 

Social science  344 129 389 2,295 366 47 230  223  4,023 

Teaching  <40 <40 418 318 <5 <40 64 88   958 

Total  1,194 896 1,619 3,986 613 151 1,692 1,853 900  12,904 

 

Note. For confidentiality reasons we do not show the precise number of observations in cells with few observations; 

‘<5’ and ‘<40’ means that the number of observations in the cell is less than 5 and less than 40 (but at least 5), 

respectively. 

 

 

  



61 
 

Table VII 

2SLS estimates of the returns to admission to the preferred field instead of the next-best 13 years 

after the YOA (DKK 1,000) 

 Next-best field (k)  Mean 
Offered  

field (j) 

Business Engineering Health Humanities Law Science Social sci. Teaching   

Business  97 -109 80 355* 193* 86 150**  103** 

  (182) (149) (53) (205) (107) (80) (67)  (42) 

Engineering -74  23 37 -21 35 -45 31  18 
 (112)  (68) (35) (98) (37) (72) (69)  (21) 

Health -21 -141**  -8 -134 -9 -107** -29  -36*** 

 (66) (65)  (27) (115) (23) (48) (24)  (14) 
Humanities 28 35 -7  -19 -59 -56*** 7  -29** 

 (58) (64) (23)  (63) (37) (21) (28)  (13) 

Law 42 115 61 41  157*** -7 56  41** 
 (31) (74) (47) (29)  (55) (35) (74)  (16) 

Medicine 176* 109*** 102*** 111** 17 91*** 15 151  92*** 

 (96) (37) (36) (44) (71) (23) (67) (223)  (16) 
Science -52 44 64** -43 -192*  -27 82  29 

 (69) (30) (28) (71) (105)  (52) (93)  (18) 

Social science 3 35 24 13 -53 75**  39  13 
 (35) (40) (23) (11) (35) (37)  (28)  (8) 

Teaching -103 -155 -62* -24 187** -103 -368***   -66*** 
 (67) (99) (38) (35) (86) (96) (124)   (23) 

Average yk 478 413 341 352 505 389 458 338   

Observations 1,087 842 1,541 3,695 576 1,569 1,720 865   

Note. N=11,895. 2SLS estimates of the model (6)-(7), including preferred-by-next-best field fixed effects, where 𝑑𝑗𝑘 are 

dummies for being offered field j in the YOA and having field k as next-best. The last column shows the complier-

weighted average returns to being offered each field. It is the weighted average of estimates in each row, weighted 

according to the number of compliers in each cell. The overall weighted average of the returns to being admitted to the 

preferred instead of the next-best field in the YOA is DKK 16,000 (with SE 6,000). The last but one row shows the 

complier-weighted average of estimated earnings for compliers if they had been admitted to their next-best field (k). $1 

≈ DKK 6.5 (approx. the average exchange rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15. Standard errors 

clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table VIII  

2SLS estimates of the gain in probability of having completed the preferred field 13 years after the 

YOA when offered the preferred field instead of the next-best 

 Next-best field (k)  Mean 

Offered field 
(j) 

Business Engineering Health Humanities Law Science Social 
science 

Teaching   

Business  0.50** 0.01 -0.17* 0.61** -0.45 0.19* 0.57**  0.05 
  (0.23) (0.43) (0.10) (0.24) (0.29) (0.11) (0.28)  (0.07) 

Engineering 0.21  0.16 0.29*** 0.60*** -0.06 0.05 0.18  0.14** 

 (0.21)  (0.22) (0.10) (0.15) (0.11) (0.20) (0.23)  (0.06) 

Health 0.20 0.10  -0.00 0.10 0.02 0.28* 0.31***  0.14*** 

 (0.14) (0.15)  (0.09) (0.19) (0.08) (0.15) (0.09)  (0.04) 

Humanities 0.24** 0.20 0.08  0.33*** 0.30*** 0.14*** 0.28***  0.18*** 
 (0.11) (0.12) (0.06)  (0.12) (0.08) (0.04) (0.07)  (0.03) 

Law 0.38*** 0.69*** 0.32*** 0.36***  0.72*** 0.46*** 0.35**  0.43*** 

 (0.07) (0.10) (0.12) (0.06)  (0.10) (0.06) (0.17)  (0.03) 
Medicine 0.74*** 0.65*** 0.51*** 0.36*** 0.57*** 0.50*** 0.51*** 0.40  0.52*** 

 (0.13) (0.09) (0.08) (0.11) (0.12) (0.05) (0.13) (0.35)  (0.03) 

Science 0.47*** 0.56*** 0.24*** 0.54*** 0.12  0.17 0.75***  0.44*** 
 (0.16) (0.07) (0.08) (0.17) (0.19)  (0.22) (0.26)  (0.05) 

Social sci. 0.20*** 0.42*** 0.30*** 0.17*** 0.68*** 0.38***  0.49***  0.27*** 

 (0.07) (0.09) (0.07) (0.03) (0.07) (0.08)  (0.08)  (0.02) 
Teaching 0.24 0.32 0.19 0.13 0.77*** -0.34 0.96***   0.18** 

 (0.30) (0.27) (0.13) (0.12) (0.15) (0.35) (0.35)   (0.08) 

Average yk 0.26 0.15 0.26 0.30 0.07 0.25 0.17 0.17   

Observations 1,087 842 1,541 3,695 576 1,569 1,720 865   

Note. N=11,895. 2SLS estimates of the model (6)-(7), including preferred-by-next-best field fixed effects, where 𝑑𝑗𝑘 are 

dummies for being offered field j in the YOA and having field k as next-best, and the outcome variable (y) is a dummy 

which is 1 if the student had completed the preferred field within 13 years from the YOA. The last column shows the 

complier-weighted average gain in the probability of having completed the preferred field. It is the weighted average of 

estimates in each row, weighted according to the number of compliers in each cell. The overall weighted average of the 

gains in the probability of completing the preferred field when offered the preferred instead of the next-best field in the 

YOA is 28 percentage points (with SE 1.4 percentage points). The last but one row shows the complier-weighted 

average of the estimated probability of completing the preferred field for compliers if they had been admitted to their 

next-best field (k). Standard errors clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table IX 

2SLS estimates of the returns to admission to the preferred field instead of the next-best 8 years 

after the YOA (DKK 1,000) 

 Next-best field (k)  Mean 

Offered field 
(j) 

Business Engineering Health Humanities Law Science Social 
sci 

Teaching   

Business  256* -53 26 210* 217** 141*** 39  102*** 

  (151) (158) (38) (111) (101) (52) (41)  (29) 

Engineering -99  -24 65* -126* -5 14 -77  4 
 (84)  (66) (36) (70) (39) (60) (70)  (21) 

Health 14 -112**  19 -12 24 -11 -18  -2 

 (41) (55)  (26) (105) (25) (39) (24)  (12) 
Humanities -13 -83* -54**  -51 -38 -14 -52**  -34*** 

 (45) (46) (22)  (52) (30) (16) (25)  (10) 

Law 49** 14 28 57**  122*** 30 115**  50*** 
 (25) (63) (49) (24)  (43) (24) (55)  (13) 

Medicine 62 139*** 62* 159*** 142*** 40* 22 20  73*** 

 (76) (46) (34) (37) (54) (23) (55) (179)  (15) 
Science -107 53* 56** -79 -141*  22 3  26 

 (66) (28) (27) (63) (76)  (78) (92)  (17) 

Social sci. -10 48 11 36*** -13 35  -11  23*** 
 (27) (36) (20) (9) (30) (28)  (26)  (7) 

Teaching -115 -34 -23 39 213*** -129 81   -3 

 (71) (77) (39) (32) (61) (96) (122)   (22) 

Average yk 308 267 245 200 290 225 246 270   

Observations 1,120 861 1,553 3,740 587 1,601 1,750 867   

Note. N=12,079. 2SLS estimates of the model (6)-(7). The last column shows the complier-weighted average returns to 

admission to each field. It is the weighted average of estimates in each row, weighted according to the number of 

compliers in each cell. The overall weighted average of the returns to being offered the preferred instead of the next-

best field is DKK 23,000 (with SE 5,000). The last but one row shows the complier-weighted average of estimated 

earnings for compliers if they had been offered their next-best field (k). $1 ≈ DKK 6.5 (approx. the average exchange 

rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15. Standard errors clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table X 

Correlation between baseline estimates and estimates using alternative specifications 

  Baseline specification 

  (1)  (2)  (3) 

Alternative specification       

Second-order polynomial in GPA  0.997  0.998  0.999 

Separate slopes in GPA on each side of the threshold  0.983  0.980  0.979 

Separate second-order polynomials in GPA on each side of the threshold  0.980  0.966  0.977 

Bandwidth 15 grade points  0.988  0.994  0.997 

Bandwidth 12 grade points  0.974  0.982  0.989 

Note. The correlation is calculated using weights given by the inverse sum of the squared estimated standard errors. 

(1) field admission as treatment and control for preferred-by-next-best field fixed effects (Table VII). 

(2) field completion as treatment and control for preferred-by-next-best field fixed effects (estimates not shown). 

(3) field completion as treatment and control for preferred and next-best field fixed effects (Table A.11) 
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Figure I 

Admission to and completion of the preferred field by distance to the Quota 1 threshold – 

observations where the standby threshold is 2 grade points below the Quota 1 threshold 

 

Note. The figure shows rates of admission to and completion of the preferred field by the running variable (GPA minus 

Quota 1 threshold). The vertical lines mark the Quota 1 and standby admission thresholds (at 0 and -2). Admission is 

measured in the YOA and completion is measured 13 years after the YOA. The size of the symbols indicating data 

points is determined by frequency weights. The regression lines are linear fits for observations strictly below the 

standby threshold and strictly above the Quota 1 threshold, respectively. 
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Figure II 

Admission to and completion of the preferred field by distance to the Quota 1 threshold – 

observations where the standby threshold is 1 grade point below the Quota 1 threshold 

 

Note. The figure shows rates of admission to and completion of the preferred field by the running variable (GPA minus 

Quota 1 threshold). The vertical lines mark the Quota 1 and standby admission thresholds (at 0 and -1). Admission is 

measured in the YOA and completion is measured 13 years after the YOA. The size of the symbols indicating data 

points is determined by frequency weights. The lines are linear fits for observations strictly below the standby threshold 

and strictly above the Quota 1 threshold, respectively. 
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Figure III 

Average gain in employment probability 13 years after the YOA of being offered the preferred field 

instead of the next-best 

 

Note. The complier-weighted average gains in employment probability for each offered field. These average gains are 

estimated from the model (6)-(7) where y is a dummy for being employed 13 years after the YOA. The complier-

weighted average gains (across next-best fields) in employment probability shown in the figure are based on a matrix of 

gains for all combinations of preferred field j and next-best field k. Thus, they correspond to the last column of Table 

VII, but for a model where y is a dummy for being employed. 
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Figure IV 

Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 13 years after the YOA and 

field admission as treatment 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗) in Appendix Table A.8. 

Estimates for Medicine as preferred field are omitted because observations with Medicine as next-best field are not in 

the estimation sample.  
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Appendix 

Supplementary Tables and Figures 

 

Table A.1. The number of years to degree completion (given completion within 13 years from the 

YOA) by completed field 

Field completed Mean SD 

Business 7.2 2.3 

Engineering 6.9 2.3 

Health 5.7 2.2 

Humanities 8.1 2.1 

Law 7.2 1.7 

Medicine 7.7 1.8 

Science 7.3 1.9 

Social science 7.7 2.0 

Teaching 5.7 2.1 
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Table A.2. Test of zero coefficients on non-own instruments in first-stage regressions for the model 

with preferred-by-next-best field fixed effects 

Next-best field  Completion as treatment  Admission (offer) as treatment 

  χ2 test statistic df p-value  χ2 test statistic df p-value 

Business  3,191.2 203 <0.001  115.5 210 1.000 

Engineering  4,691.8 224 <0.001  123.3 224 1.000 

Health  21,357.8 217 <0.001  119.8 217 1.000 

Humanities  645.0 217 <0.001  137.2 217 1.000 

Law  5,675.0 182 <0.001  55.9 110 1.000 

Science  53,241.3 217 <0.001  106.2 217 1.000 

Social science  3,933.8 224 <0.001  145.9 224 1.000 

Teaching  24,816.1 203 <0.001  100.1 183 1.000 

Overall test  117,655.5 1,687 <0.001  908.6 1,602 1.000 
Note. For the subsample having a given field k as next-best, we test the significance of the coefficients of non-own 

instruments in 8 first-stage equations (one for each completed/offered field except the next-best) (see eqs. (5)). Thus, we 

test the hypothesis:  𝜋𝑚𝑗𝑘 = 0  ∀ 𝑚 ≠ 𝑗, 𝑚 ≠ 𝑘, 𝑗 ≠ 𝑘     where 𝜋𝑚𝑗𝑘 is the coefficient vector of the instruments for 

having field m as preferred and k as next-best in the equation for completed (offered) field j. The number of degrees of 

freedom of the test (df) has a maximum of 224 (=8×7×4) since we have 8 first-stage equations, 4 instruments for each 

combination of preferred and next-best field, and 7 sets of coefficients of non-own instruments in each equation. The 

number of instruments is reduced if there is no standby list or the standby threshold is equal to the Quota 1 threshold, or 

if no observations have a GPA exactly equal to the Quota 1 or standby threshold. In a few first-stage equations for 

admission (3 with Law as next-best field, and 1 with Teaching as next-best), the own instruments predict admission 

perfectly rendering the coefficients of all other instruments equal to zero. The restrictions associated with these first-

stage equations are omitted from the test. This explains the low number of df for Teaching and especially Law as next 

best for admission. When completion is treatment we condition on completion of one of the 9 fields within 13 years 

from the YOA, and therefore the sample is smaller than with admission as treatment. This explains why df is smaller for 

completion than admission when Business is next-best field. 

 

 

 

  



71 
 

Table A.3. Test of zero coefficients on non-own instruments in first-stage regressions for the model 

with preferred and next-best field fixed effects  

Next-best field  Completion as treatment  Admission (offer) as treatment 

  χ2 test statistic df p-value  χ2 test statistic df p-value 

Business  6,122.4 203 <0.001  154.2 210 0.999 

Engineering  4,449.8 224 <0.001  134.6 224 1.000 

Health  22,954.4 217 <0.001  363.1 217 <0.001 

Humanities  2,209.5 217 <0.001  365.5 217 <0.001 

Law  2,672.7 182 <0.001  65.5 110 1.000 

Science  73,883.3 217 <0.001  195.4 217 0.851 

Social science  7,038.0 224 <0.001  282.6 224 0.005 

Teaching  59,403.7 203 <0.001  156.0 183 0.927 
Note. Because of the restriction on field fixed effects the model is estimated simultaneously over all observations; see 

eqs. (7). Given next-best field k, we estimate 8 first-stage equations, one for each treatment variable defined by 

completion of (admission to) field m and having k as next-best. For these eight equations we test the significance of the 

coefficients of the non-own instruments where k is the next-best field. Thus, we test the hypothesis:  𝜋𝑚𝑞𝑗𝑘 = 0   ∀ 𝑚 ≠

𝑗, 𝑚 ≠ 𝑘, 𝑗 ≠ 𝑘, 𝑞 = 𝑘,   where 𝜋𝑚𝑞𝑗𝑘 is the coefficient vector of the instruments for having field m as preferred field 

and q as next-best in the (j,k) first-stage equation for completed (offered) field j and next-best field k. The number of 

degrees of freedom of the test (df) has a maximum of 224 (=8×7×4) since we have 8 first-stage equations, 4 instruments 

for each combination of preferred and next-best field, and 7 sets of coefficients of non-own instruments associated with 

k as next-best field in each equation. The number of instruments is reduced if there is no standby list or the standby 

threshold is equal to the Quota 1 threshold, or if no observations have a GPA exactly equal to the Quota 1 or standby 

threshold. In a few first-stage equations for admission (3 with Law as next-best field, and 1 with Teaching as next-best), 

the own instruments predict admission perfectly rendering the coefficients of all other instruments equal to zero. The 

restrictions associated with these first-stage equations are omitted from the test. This explains the low number of df for 

Teaching and especially Law as next best for admission. When completion is treatment we condition on completion of 

one of the 9 fields within 13 years from the YOA, and therefore the sample is smaller than with admission as treatment. 

This explains why df is smaller for completion than admission when Business is next-best field.   
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Table A.4. First-stage F statistics for the four own instruments in the model with admission as 

treatment and with control for preferred-by-next-best field fixed effects (Table VII) 

 Next-best field (k) 
Offered  

field (j) 

Business Engineering Health Humanities Law Science Social 
science 

Teaching 

Business  5.17 2.73 62.14 12.39 6,443.67 37.68  
Engineering 31.97  15.51 67.80  56.32 15,821.07 51.08 

Health 4,213.69 83.99  61.16 15,533.31 292.19 33.48 70.64 

Humanities 61.38 43.97 243.21  34,386.41 197.23 412.49 94.07 
Law 189.82 75,592.20 81.84 151.11  76.98 168.80 40.23 

Medicine 78.92 105.76 72.14 48.19 47.12 441.50 90.80 13.05 

Science 62.29 185.81 738.00 12.72   206,606.77 56,750.52 

Social sci. 161.58 275.98 240.42 1,842.30 284.55 143.16  354.53 

Teaching 7.64 9.78 38.74 47.14  6.89 93.15  

Obs. 1,087 842 1,541 3,695 576 1,569 1,720 865 

Note. N=11,895. In a few first-stage equations (3 with Law as next-best field, and 1 with Teaching as next-

best), the own instruments predict admission perfectly. In this case with very strong own instruments we 

cannot estimate an F statistic. 

 

 

Table A.5. First-stage coefficients to the main own instrument in the specification with admission as 

treatment and with control for preferred-by-next-best field fixed effects (Table VII) 

 Next-best field (k) 

Offered field (j) Business Engineering Health Humanities Law Science Social sci. Teaching 

Business  0.47 0.00 0.71 0.59 0.50 0.64 1.00 

Engineering 0.76  0.77 0.68 1.00 0.73 0.66 0.83 

Health 0.93 0.80  0.67 1.01 0.91 0.62 0.71 

Humanities 0.85 0.91 0.89  1.00 0.89 0.90 0.84 

Law 0.82 1.00 0.94 0.84  0.90 0.85 0.91 

Medicine 0.92 0.88 0.73 0.84 0.87 0.88 0.84 0.80 

Science 0.93 0.90 0.97 0.77 1.00  0.89 1.00 

Social science 0.83 0.95 0.88 0.93 0.93 0.87  0.92 

Teaching 0.61 0.68 0.42 0.54 1.00 0.38 0.21  

Observations 1,087 842 1,541 3,695 576 1,569 1,720 865 

Note. N=11,895. 
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Table A.6. 2SLS estimates of the returns to admission to the preferred field instead of the next-best 

13 years after the YOA excluding low-earnings observations (DKK 1,000) 

 Next-best field (k)  Mean 

Offered field 
(j) 

Business Enginee-
ring 

Health Huma-
nities 

Law Science Social 
science 

Teaching   

Business  -96 0 105** 325* 220* 25 154***  80* 

  (163) (87) (44) (194) (132) (94) (51)  (44) 

Engineering 9  -14 -2 48 41 -55 -67  10 
 (105)  (41) (33) (78) (28) (66) (56)  (24) 

Health -36 -72*  -36* -81 20 -101** -25  -29*** 

 (56) (43)  (18) (65) (18) (40) (16)  (10) 
Humanities 1 -56 -10  -26 -21 -64** -6  -38*** 

 (39) (45) (14)  (34) (30) (28) (12)  (15) 
Law 64*** 123*** 35 37*  178*** 4 27  51*** 

 (21) (47) (25) (22)  (48) (35) (37)  (13) 

Medicine 126 59** 81*** 81** 11 67*** 58 164  69*** 
 (87) (27) (30) (33) (56) (18) (50) (210)  (12) 

Science -31 10 58* 31 -46  19 112***  24 

 (52) (27) (30) (49) (72)  (56) (39)  (16) 
Social sci. -21 -8 19 -1 -64*** 46  13  -4 

 (21) (31) (16) (10) (22) (30)  (21)  (8) 

Teaching -66 -78 -65** -32 -52 -52 -285***   -61*** 
 (52) (75) (27) (24) (155) (72) (89)   (19) 

Average yk 508 486 395 427 542 438 519 399   

Observations 985 733 1,324 2,985 516 1,358 1,445 715   

Note. N=10,061. 2SLS estimates of the model (6)-(7). Observations with earnings below the full-year full-time 

minimum wage (DKK 200,000) are excluded. The last column shows the complier-weighted average returns to 

admission to each field. It is the weighted average of estimates in each row, weighted according to the number of 

compliers in each cell. The overall weighted average of the returns to being offered the preferred instead of the next-

best field is DKK 8,000 (with SE 7,000). The last but one row shows the complier-weighted average of estimated 

earnings for compliers if they had been offered their next-best field (k). $1 ≈ DKK 6.5 (approx. the average exchange 

rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15. Standard errors clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table A.7. 2SLS estimates of the returns to admission to the preferred field instead of the next-best 

8 years after the YOA excluding low-earnings observations (DKK 1,000) 

 Next-best field (k)  Mean 

Offered field 
(j) 

Business Engineering Health Humanities Law Science Social 
sci. 

Teaching   

Business  154 4 48 31 131* 48 53**  58** 

  (141) (80) (35) (50) (76) (57) (27)  (28) 

Engineering -113***  72** 23 -22 45 44 -42  18 
 (37)  (34) (28) (62) (35) (54) (54)  (20) 

Health -38 -51  -36*** 2 18 -11 -16  -17** 

 (24) (32)  (14) (74) (18) (17) (18)  (8) 
Humanities -34 -21 -20*  -55* -37 -36*** 0  -27*** 

 (33) (32) (12)  (28) (25) (12) (15)  (7) 

Law 21 50 40 26  68*** 1 10  22** 
 (20) (37) (29) (22)  (22) (16) (27)  (10) 

Medicine 81* 100** 52** 93** 63 69*** -24 146  66*** 

 (46) (45) (25) (43) (50) (23) (47) (146)  (14) 
Science -86* 33 72*** -41 -102**  -72*** -13  23* 

 (51) (21) (21) (40) (50)  (25) (37)  (12) 

SocialSci -18 -24 3 3 -34 27  -6  -4 
 (16) (26) (11) (6) (24) (25)  (16)  (4) 

Teaching -63 -66 -7 -42** -108 53 42   -22 

 (39) (52) (25) (18) (73) (65) (37)   (13) 

Average yk 408 385 343 349 390 358 394 338   

Observations 792 560 1,041 2,046 396 893 1,023 584   

Note. N=7,335. 2SLS estimates of the model (6)-(7). Observations with earnings below the full-year full-time minimum 

wage (DKK 200,000) are excluded. The last column shows the complier-weighted average returns to admission to each 

field. It is the weighted average of estimates in each row, weighted according to the number of compliers in each cell. 

The overall weighted average of the returns to being offered the preferred instead of the next-best field is DKK 8,000 

(with SE 3,000). The last but one row shows the complier-weighted average of estimated earnings for compliers if they 

had been offered their next-best field (k). $1 ≈ DKK 6.5 (approx. the average exchange rate over the years 2014-2016), 

i.e., DKK 1 ≈ $0.15. Standard errors clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table A.8. 2SLS estimates of returns to admission to the preferred field instead of the next-best 13 

years after the YOA using log earnings as outcome 

 Next-best field (k) 

Offered field 

(j) 

Business Engineering Health Humanities Law Science Social sci. Teaching 

Business  -0.15 -0.01 0.15* 0.40 0.37* 0.06 0.32** 

  (0.21) (0.21) (0.08) (0.25) (0.20) (0.11) (0.13) 

Engineering -0.08  -0.03 0.03 0.04 0.05 -0.10 -0.19 

 (0.17)  (0.10) (0.07) (0.15) (0.07) (0.14) (0.16) 

Health -0.09 -0.16*  -0.08 -0.24 0.01 -0.15* -0.07* 

 (0.12) (0.10)  (0.05) (0.21) (0.04) (0.08) (0.04) 

Humanities -0.02 -0.11 -0.00  -0.07 -0.03 -0.10*** -0.03 

 (0.10) (0.12) (0.04)  (0.11) (0.06) (0.03) (0.05) 

Law 0.09* 0.16 0.04 0.10**  0.33*** -0.01 0.04 

 (0.05) (0.11) (0.07) (0.05)  (0.08) (0.05) (0.09) 

Medicine 0.15 0.11* 0.20*** 0.19** 0.08 0.12*** 0.12 0.17 

 (0.12) (0.06) (0.07) (0.08) (0.10) (0.04) (0.11) (0.38) 

Science -0.05 0.02 0.15*** 0.05 -0.07  0.04 0.27*** 

 (0.12) (0.05) (0.05) (0.10) (0.14)  (0.12) (0.08) 

Social sci. -0.04 -0.03 0.05 0.01 -0.09* 0.10*  0.02 

 (0.06) (0.06) (0.04) (0.02) (0.05) (0.06)  (0.05) 

Teaching -0.13 -0.13 -0.16** -0.07 -0.12 -0.17 -0.48**  

 (0.15) (0.15) (0.08) (0.06) (0.21) (0.18) (0.23)  

Observations 985 733 1,324 2,985 516 1,358 1,445 715 

Note. N=10,061. 2SLS estimates of the model (6)-(7). Observations with earnings below the full-year full-time 

minimum wage (DKK 200,000) are excluded. Standard errors clustered on individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table A.9. First-stage F statistics for the four own instruments in the model for earnings 13 years 

after the YOA with field completion as treatment 

 Next-best field (k) 

Completed 

field (j) 

Business Engineering Health Humanities Law Science Social 

science 

Teaching 

Business  8.09 1.81 2.75 5.19 333.28 17.45 655.59 

Engineering 3.28  7.31 33.04 16.98 12.83 171.39 1,057.58 

Health 5.99 7.44  17.74 1.64 4.35 10.25 19.23 

Humanities 5.90 9.48 6.54  11.21 13.15 12.22 15.97 

Law 26.89 455.35 13.52 44.27  1,127.20 42.40 3.37 

Medicine 29.46 259.01 71.90 32.53 37.36 29.48 14.63 1,457.21 

Science 6.04 31.57 14.34 10.98 1.68  435.47 22,264.04 

Social sci. 11.80 11.62 12.78 10.36 36.69 22.73  13.54 

Teaching 450.12 514.41 20.52 24.76 183.58 273.35 50.17  

Observations 856 731 1,363 2,928 501 1,309 1,377 719 

Note. N=9,784. The restrictions (8) on field fixed effects are imposed. 

 

Table A.10. First-stage coefficients to the main own instrument for GPA above the Quota 1 

threshold (𝑧𝑗𝑘
1 ) in the model for earnings 13 years after the YOA with field completion as treatment  

 Next-best field (k) 

Completed field 

(j) 

Business Engineering Health Humanities Law Science Social 

science 

Teaching 

Business  0.47 0.26 0.16 0.61 0.26 0.31 0.98 

Engineering 0.35  0.68 0.57 0.59 0.43 0.50 0.35 

Health 0.56 0.32  0.38 0.20 0.18 0.39 0.47 

Humanities 0.44 0.45 0.29  0.56 0.45 0.25 0.32 

Law 0.47 0.75 0.57 0.55  0.75 0.58 0.49 

Medicine 0.86 0.65 0.54 0.68 0.78 0.44 0.62 0.97 

Science 0.51 0.54 0.45 0.75 0.34  0.46 0.49 

Social science 0.36 0.48 0.39 0.17 0.67 0.57  0.50 

Teaching 0.66 0.60 0.44 0.40 0.90 0.47 0.71  

Observations 856 731 1,363 2,928 501 1,309 1,377 719 

Note. N=9,784. The restrictions (8) on field fixed effects are imposed. 
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Table A.11. 2SLS estimates of the returns to completed field 13 years after the YOA (DKK 1,000) 

 Next-best field (k)   
Completed  

field (j) 

Business Engineering Health Humanities Law Science Social sci. Teaching  Mean 

Business  180 56 31 129 -19 5 98  58 

  (140) (135) (116) (130) (98) (101) (98)  (81) 

Engineering 215  109 66 -18 136* -75 160**  82* 
 (274)  (74) (57) (96) (73) (74) (74)  (45) 

Health -185* -219  -78 -220 -53 -201*** -47  -100*** 

 (110) (140)  (57) (140) (93) (65) (37)  (35) 
Humanities -156 -164* -13  -59 -116 -293*** -0  -149*** 

 (102) (86) (61)  (75) (79) (99) (49)  (46) 

Law 146 181* 231*** 147**  240*** 49 370***  138*** 

 (95) (96) (63) (60)  (66) (57) (107)  (45) 

Medicine 278** 131*** 218*** 120** 25 206*** 25 348*  168*** 

 (125) (49) (45) (58) (54) (51) (88) (192)  (29) 
Science -69 5 91* -14 -120  -113 59  12 

 (129) (46) (48) (70) (191)  (83) (137)  (34) 

Social sci. -6 -53 73 24 -71 81  56  12 
 (108) (70) (49) (53) (47) (62)  (45)  (25) 

Teaching -226** -196*** -61 -122** -186** -165** -304***   -132*** 

 (99) (71) (51) (62) (86) (68) (69)   (44) 

Average yk 479 471 328 394 528 410 555 327   
Obs. 856 731 1,363 2,928 501 1,309 1,377 719   

Note. N=9,784. 2SLS estimates of the model (6)-(7) imposing the restrictions (8). The last column shows the complier-

weighted average returns to completing each field. It is the weighted average of estimates in each row, weighted 

according to the number of compliers in each cell. The overall weighted average of the returns to completing the 

preferred instead of the next-best field is DKK 24,000 (with SE 19,000). The last but one row shows the complier-

weighted average of estimated earnings for compliers if they had completed their next-best field (k). $1 ≈ DKK 6.5 

(approx. the average exchange rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15.  Standard errors clustered on 

individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Table A.12. 2SLS estimates of the returns to completed field 8 years after the YOA (DKK 1,000) 

 Next-best field (k)  Mean 
Completed  

field (j) 

Business Engineering Health Humanities Law Science Social sci. Teaching   

Business  173* 89 212** 61 183 82 -41  123** 

  (100) (142) (97) (81) (149) (72) (83)  (62) 

Engineering 31  -19 159*** -210** 61 88 -32  82** 
 (101)  (71) (51) (95) (58) (62) (102)  (38) 

Health -72 34  130** -63 -31 47 -51*  14 

 (72) (65)  (53) (114) (79) (43) (31)  (29) 
Humanities -169** -26 -130*  -185*** -141** -157** -108*  -135*** 

 (70) (86) (71)  (54) (66) (73) (59)  (38) 

Law 39 138** 128*** 221***  85 147*** 129  123*** 

 (54) (63) (48) (50)  (52) (37) (100)  (30) 

Medicine 117 195*** 97*** 192*** 118*** 74* 66 200  113*** 

 (77) (49) (36) (49) (41) (40) (63) (129)  (23) 
Science -180** 33 32 -69 -117  26 -117  3 

 (83) (34) (46) (79) (81)  (83) (90)  (28) 

Social science -44 50 -1 139*** -25 -112*  17  30 
 (74) (62) (39) (46) (33) (63)  (37)  (20) 

Teaching -103* -75 -42 37 -65 -63 -6   -19 

 (59) (51) (41) (53) (61) (55) (39)   (35) 

Average yk 400 306 316 197 393 343 312 302   
Observations 729 601 1,183 2,184 385 967 1,031 617   

Note. N=7,697. 2SLS estimates of the model (6)-(7) imposing the restrictions (8). The last column shows the complier-

weighted average returns to completing each field. It is the weighted average of estimates in each row, weighted 

according to the number of compliers in each cell. The overall weighted average of the returns to completing the 

preferred instead of the next-best field is DKK 43,000 (with SE 15,000). The last but one row shows the complier-

weighted average of estimated earnings for compliers if they had completed their next-best field (k). $1 ≈ DKK 6.5 

(approx. the average exchange rate over the years 2014-2016), i.e., DKK 1 ≈ $0.15. Standard errors clustered on 

individuals in parentheses:  

* p<0.1, ** p<0.05, *** p<0.01 
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Figure A.1. Log density of the running variable (GPA minus Quota 1 threshold) 

 

Note. The size of the symbols indicating data points is determined by frequency weights. Lines are fractional-

polynomial fits on each side of the threshold. 
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Figure A.2. Balancing check of covariates using predicted earnings 8, 10 and 13 years after the 

YOA 

 

Note. Predictions of earnings 8, 10 and 13 years after the YOA based on OLS regressions of earnings on age and YOA 

fixed effects, gender, and GPA by distance to the Quota 1 threshold. Frequency weights determine the size of the 

symbols indicating predicted earnings at each value of the running variable. The lines are linear fits on each side of the 

threshold (excluding 0). 
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Figure A.3. Check for discontinuity in the probability of completing a degree in one of the 9 fields 

 

Note. The figure shows, by distance to the Quota 1 threshold, the shares of applicants who had completed a post-

secondary education (within one of the 9 fields) 8 and 13 years after the YOA, respectively, and who were living in 

Denmark in this year. The size of the symbols indicating data points is determined by frequency weights. The lines are 

linear fits on each side of the threshold (excluding 0). 
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Figure A.4. Check for discontinuity in the probability of completing a degree and having earnings 

above the full-year full-time minimum wage level.  

 

Note. The figure shows, by distance to the Quota 1 threshold, the shares of applicants who had completed a post-

secondary degree (within one of the 9 fields) 8 and 13 years after the YOA, respectively, and who had earnings above 

the full-year full-time minimum wage and were living in Denmark in this year. The size of the symbols indicating data 

points is determined by frequency weights. The lines are linear fits on each side of the threshold (excluding 0). 
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Figure A.5. Complier-weighted distribution of estimated returns to admission to the preferred 

instead of the next-best field 13 years after the YOA (DKK 1,000) 

 

Note. Complier weighted distribution of the estimates in Table VII. 

 

 

 

Figure A.6. Complier-weighted distribution of estimated returns to field of study 8 years after the 

YOA (DKK 1,000) 

 

Note. Complier-weighted distribution of the estimates in Table IX. 
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Figure A.7. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 13 years after 

the YOA and field admission as treatment – all observations with earnings above DKK 1,000 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  

 

 

Figure A.8. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 8 years after the 

YOA and field admission as treatment – all observations with earnings above DKK 1,000 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  
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Figure A.9. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 8 years after the 

YOA with field admission as treatment – observations with earnings above the full-year full-time 

minimum wage 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  
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Figure A.10. Complier-weighted distribution of estimated returns to completing the preferred field 

13 years after the YOA (DKK 1,000) 

 

 

 

Figure A.11. Complier-weighted distribution of estimated returns to completing the preferred field 8 

years after the YOA (DKK 1,000) 
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Figure A.12. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 13 years after 

the YOA with field completion as treatment – observations with earnings above the full-year full-

time minimum wage 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  

 

 

Figure A.13. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 13 years after 

the YOA with field completion as treatment – all observations with earnings above DKK 1,000 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  
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Figure A.15. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 8 years after 

the YOA with field completion as treatment – observations with earnings above the full-year full-

time minimum wage 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  

 

 

Figure A.15. Complier-weighted density of (𝛿𝑗𝑘 + 𝛿𝑘𝑗) in the model for log earnings 8 years after 

the YOA with field completion as treatment – all observations with earnings above DKK 1,000 

 

Note. Complier-weighted distribution of the sum of ‘symmetric’ estimates (�̂�𝑗𝑘 + �̂�𝑘𝑗). Estimates for Medicine as 

preferred field are omitted because observations with Medicine as next-best field are not in the estimation sample.  


